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Abstract

The emergence of large-scale brain data has expanded our capacity to investigate how the
brain represents perception across individuals. However, substantial inter-individual vari-
ability in the brain anatomy and function poses a major challenge for brain data analysis
and generalizing models across individuals. While anatomical alignment can mitigate the
individual difference in the brain anatomy, it is insufficient for addressing differences in
fine-grained functional topographies. Functional alignment aim to mitigate these variations
by aligning brain activity patterns across individuals, but they typically require paired brain
data or shared stimuli, which are often unavailable. This thesis mitigate this challenge by
proposing a neural code conversion method that overcomes this constraint by optimizing
conversion parameters based on the discrepancy between the stimulus contents represented
by original and converted brain activity patterns. This approach, combined with hierarchi-
cal features of deep neural networks (DNNs) as latent content representations, achieves
conversion accuracy comparable to methods using shared stimuli.

Using this method, we demonstrated that reliable inter-individual decoding and image
reconstruction of natural visual stimuli is feasible, even in the absence of shared stimuli. The
reconstruction quality is robust across various architectures of converters. An analysis of
converters trained using different levels of image representations as visual content supports
the notion that the use of multiple hierarchical visual features contributes to accurate neural
code conversion. Moreover, the converted brain activity could be decoded into the features of
another DNN model not used for converter training, to enable successful image reconstruction,
indicating that the converter captures generalizable representations beyond the specific
readout. Even with a limited amount of training data, images with recognizable object
silhouettes could be reconstructed from the converted brain activity.

We evaluated the broad applicability of our proposed method by testing it across di-
verse experimental conditions. First, we applied the neural code conversion approach to
datasets acquired from different sites with diverse scanning protocols, stimuli, and participant
populations. Despite these variations, the converted brain activity preserved fine-grained
information to support accurate decoding and image reconstruction. Furthermore, we in-

vestigated whether the method could generalize to internal, subjective visual experiences,



including visual illusions, attention, and mental imagery. Reconstructions from converted
brain activity successfully captured illusory contours, color spreading, attended objects, and
imagined shapes, indicating that some subjective perceptual content may share a representa-
tional structure across individuals. These results reveal the flexibility and scalability of the
proposed framework.

Finally, we explore the extension of neural code conversion beyond vision by applying
our method to auditory cortical response. We demonstrate that auditory content can also
be converted and reliably decoded across individuals using the same content loss-based
approach. The successful conversion of both visual and auditory cortical responses suggests
the potential versatility of our approach for studying neural representations across different
sensory and cognitive domains.

This thesis contributes a flexible method for functional alignment and inter-individual
brain decoding. By bridging the neural representations across individuals via deep neural
networks representations, this work advances our understanding of how object is represented
in the brain, and offers a promising framework for scalable neural data analysis and modeling

and a foundation for brain-to-brain communication.
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Chapter 1
Introduction

Neuroscience is being transformed by the growing availability of large-scale brain datasets
that span individuals, cognitive tasks, experimental contexts, and imaging technologies.
These data provide unprecedented opportunities for investigating the structure and functional
organization of the brain. On the one hand, extensive individual-level data enable the construc-
tion of models that capture fine-grained information in the brain. On the other hand, diverse
datasets across individuals help uncover general principles underlying human perception
and cognition. With increasing scale and diversity, the field is moving beyond small-sample
studies toward large-scale approaches aimed at identifying fine-grained information across
individuals.

This shift marks an important step toward a more comprehensive understanding of the
human brain at the population level. However, it also amplifies a central challenge: the
substantial variability between individual brains. Unlike many other forms of data, brain data
are inherently individual, shaped by each person’s unique combination of biology, experience,
and context. As a result, data from one brain may not easily generalize to others, making
it difficult to combine datasets, identify consistent patterns, or build models that perform
reliably across individuals. These individual differences limit the effectiveness of traditional
group-level analyses and underscore the need to develop models that can generalize robustly
across individuals, tasks, and datasets.

The central aim of this thesis is to understand and mitigate the impact of individual
differences in brain data analysis and in developing models that generalize across individ-
uals. By aligning brains while preserving fine-grained information, we can gain a deeper
understanding of both shared and individual-specific neural representations. This not only
advances fundamental neuroscience by revealing how the brain encodes fine-grained in-
formation across individuals, but also supports practical applications such as developing

brain-computer interfaces that generalize across individuals.



2 Introduction

In this chapter, we begin by introducing the key challenges posed by individual differences
in large-scale brain data and brain decoding models. We then explore the origins of these
differences in brain anatomy and functional organization. Next, we introduce brain alignment
methods as a promising approach to mitigating inter-individual difference by aligning brain
data across subjects at both anatomical and functional levels. We subsequently describe our
research objectives and methodological framework. Finally, we provide an overview of the

subsequent chapters to outline the overall structure of the thesis.

1.1 The challenge of individual differences

Neuroscience seeks to reveal how the brain encodes and processes information by identifying
common principles that emerge across individuals. This section introduces the challenges
posed by inter-individual differences in the brain big data and brain decoding.

1.1.1 Barrier to brain big data

The human brain, with its approximately 86 billion neurons and over 100 trillion synapses,
presents one of the most complex and data-rich systems. Recent advances in neuroimaging,
electrophysiology, and computational modeling have ushered in a new era characterized by
the exponential growth of neuroscientific data. This transformation has given rise to the
concept of "brain big data," referring to the massive, multimodal, and high-dimensional
datasets now available for analysis. The scale of brain big data is not defined solely by
volume, but also by how data are distributed along two essential dimensions: depth, which
reflects the amount and resolution of data collected per individual, and width, which reflects
the diversity and number of individuals studied. These dimensions fundamentally shape how
brain data are acquired, processed, and interpreted in modern neuroscience. However, brain
big data also present a fundamental challenge: significant differences between individual
brains can make it difficult to compare, integrate, and analyze data across individuals.

The pursuit of the depth of brain big data has been made possible by major advancements
in neuroimaging and electrophysiology technologies. Techniques such as electroencephalog-
raphy (EEG), magnetic resonance imaging (MRI), functional MRI (fMRI), positron emission
tomography (PET), and magnetoencephalography (MEG) have evolved rapidly since their
introduction in the 20th century. Modern fMRI, for instance, can now acquire multiple
whole-brain volumes per second, a significant improvement over the one-volume-every-four-
seconds standard in early studies. Similarly, diffusion imaging has progressed from basic

diffusion tensor imaging (DTI) to high-angular resolution diffusion imaging, allowing for
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detailed mapping of neural fiber pathways (Van Horn & Toga, 2014). In parallel, large-scale
electrophysiological tools such as Neuropixels probes enable the simultaneous recording of
thousands of neurons with single-spike precision over extended periods in animals (Steinmetz
et al., 2021) and humans (Paulk et al., 2022). Long-term two-photon imaging has made it
possible to monitor the activity of genetically labeled neurons in awake macaques and freely
moving mice with cellular and even dendritic resolution (Li et al., 2017; Zong et al., 2022).
These technologies bridge cellular and systems-level observations, dramatically increasing
the continuity, resolution, and volume of data obtained from an individual brain (Van Horn,
2021). However, while such depth enhances the ability to construct computational models
for individual brains, the substantial variability across individuals can make it difficult to
directly compare or analyze data at the group level.

On the other hand, expanding the width of brain big data has been a major focus of
neuroscience. Large-scale initiatives such as the Human Connectome Project (Benson et al.,
2018; Van Essen et al., 2012) and the UK Biobank (Alfaro-Almagro et al., 2018) have
collected multimodal brain imaging and behavioral data from thousands of participants.
These efforts enable researchers to explore inter-individual variability, identify population-
level biomarkers, and build generalizable machine learning models. To support these studies,
platforms such as NeuroData and brainlife.io provide scalable solutions for distributed
storage, standardized processing, and reproducible analysis across institutions (Hayashi et al.,
2024; Vogelstein et al., 2018). High-performance computing infrastructures further facilitate
the large-scale extraction of imaging-derived phenotypes, which serve as key features for
modeling brain-behavior relationships across diverse individuals (Chen et al., 2019; Gillis
et al., 2025). These advances supported the broad, population-level investigations. However,
the brain varies substantially across individuals, it is often difficult to directly integrate data
across individuals.

A fundamental trade-off in brain big data lies between collecting limited data from many
individuals (width) and collecting extensive data from a few individuals (depth). Naselaris
et al. (2021) propose a two-dimensional conceptual framework defined by two orthogonal
axes: the number of subjects (width) and the volume of data per subject (depth). Figure 1.1
illustrates how different experimental strategies distribute resources within this depth-width
space. Traditional fMRI studies are typically positioned in the upper-left region of this space,
characterized by large participant samples but limited data collected from each individual,
and are primarily designed to support group-level generalization. In contrast, emerging
datasets such as the Natural Scenes Dataset (NSD; Allen et al., 2022) are located in the
lower-right region, where extensive data are collected from a small number of individuals,

enabling the construction of complete computational models for single brains. They argue
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Fig. 1.1 Trade-off between number of subjects and amount of data per subject. In the context
of basic-science fMRI studies with publicly available data, a few representative publications,
biasing towards recent and/ or influential studies, were selected. For each publication, the
number of subjects scanned and the number of hours of task-based and resting-state fMRI
conducted for each subject (estimated based on information provided in the publication) are
plotted. The thick ’iso-hour’ lines indicate points that share the same number of total hours
of fMRI data. Adapted from the Madan (2022), used under CC BY 4.0 license.

that, under limited experimental resources, sampling many individuals provides relatively few
benefits, and intensive within-subject sampling of a limited number of subjects is often more
effective for uncovering general principles of brain function. Building on this foundation
of depth, expanding to include more diverse individuals becomes essential for developing
models. Ultimately, the ideal scenario involves extensive sampling from many individuals,
combining the advantages of depth and width to construct brain models that are robust and
scalable.
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1.1.2 Barrier to brain decoding

With extensive sampling of brain data within individuals, it becomes possible to build brain
decoding models that reveal fine-grained perceptual or cognitive contents in the brain. Brain
decoding involves classifying, identifying, or reconstructing what an individual perceives
based on brain activity patterns, such as those recorded via functional magnetic resonance
imaging (fMRI). The feasibility of decoding perceptual content from distributed brain
activity patterns was first convincingly demonstrated by Kamitani and Tong (2005), who
showed that simple visual features like grating orientation could be decoded from activity
in early visual areas (Figure 1.2). Visual image reconstruction has emerged as one of the
most technically demanding and conceptually important branches, aiming to reproduce
perceived or imagined visual content directly from brain signals. Early studies focused
on reconstructing simple stimuli such as binary patterns (Miyawaki et al., 2008). Since
then, decoding and reconstruction techniques have progressed rapidly, contributing to both
theoretical neuroscience and real-world applications. From a scientific perspective, they
provide insights into how sensory information is represented and processed in the brain.
From a practical perspective, they support technologies such as brain-computer interfaces.
Deep neural networks (DNNs), particularly convolutional neural networks (CNNs), have
become indispensable tools for brain decoding. Their hierarchical architecture allows them
to extract features ranging from low-level edges to high-level semantic categories, mirroring
the progression from early to higher-order visual areas in the human brain. Studies using rep-
resentational similarity analysis (RSA) have shown that early layers of deep neural networks
(DNNSs) align with activity in early visual areas such as V1 and V2, while deeper layers
correspond to higher-order regions like V4 and the inferior temporal cortex (Cichy et al.,
2016; Kriegeskorte, 2008). Similarly, Horikawa and Kamitani (2017) demonstrated that
DNN-derived features could be reliably predicted from brain activity across visual cortical
areas. Their results showed that early visual regions (e.g., V1/V2) achieved higher prediction
accuracy for lower-layer features, while higher-order areas (e.g., the lateral occipital complex)
better predicted higher-layer features associated with object-level representations. The hier-
archical correspondence reflects the similarity between the feature representations learned by
DNNs and the functional organization of the human visual system. These findings have laid
the foundation for using DNNs as computational proxies for visual representations in brain
decoding and reconstruction tasks. Moreover, by leveraging DNN-derived representations,
recent visual image reconstruction studies have made significant progress in decoding com-
plex visual experiences from brain activity. These include reconstructing externally presented
stimuli (Shen et al., 2019b, 2019a) and subjective experiences (Cheng et al., 2023; Horikawa
& Kamitani, 2022), and have achieved increasingly high levels of fidelity, demonstrating how
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Fig. 1.2 Decoding orientation from human brain activity. Adapted from Kamitani and Tong
(2005), copyright 2005 with permission from Springer.

deeply sampled brain data can reveal fine-grained neural representations. These decoding
and reconstruction studies will be further discussed in Chapter 4.

Despite these advances in decoding and reconstruction studies, a major barrier remains:
the substantial variability across individual brains. Unlike image or text data, which can
be freely aggregated from diverse sources, brain data cannot be directly pooled across
individuals due to individual differences. As a result, most existing models are trained and

evaluated within individuals, limiting their ability to generalize across brains.

1.2 The source of individual differences

Individual differences in the brain originate from two primary sources: anatomical structure
and functional organization. These foundational sources of variability not only distinguish
one brain from another but also influence how individuals perceive, think, and behave. By
reviewing how anatomy and functional organization vary across individuals, this section
highlights the implications of such variability for neuroscience. Recognizing and under-
standing these differences is critical for developing brain models and analytical methods that
reflect the both the commonalities and differences of each individual.
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1.2.1 Anatomy

The human brain is a remarkably complex network of neural connections that defines our
individuality and underlies higher-order functions such as cognition, language, memory, and
sensory processing. Among its components, the cerebrum is the largest and most intricate
part, divided into left and right hemispheres that are connected by the corpus callosum,
a dense bundle of nerve fibers enabling efficient communication and integration between
the two sides. While the hemispheres share a largely consistent structural organization,
certain functions exhibit lateralization. For example, language is typically processed in the
left hemisphere, while spatial awareness and face recognition are more associated with the
right. The degree of such lateralization, however, can vary across individuals due to factors
such as handedness and cultural background. Each hemisphere is further divided into four
primary lobes: the frontal lobe, responsible for decision-making, planning, and motor control;
the parietal lobe, which processes sensory input and spatial orientation; the temporal lobe,
involved in auditory processing and memory; and the occipital lobe, dedicated to visual
processing. Although the general structure of these lobes is similar across individuals, there
are substantial inter-individual variability in brain anatomy. These include differences in total
brain volume, as well as regional variations in the volume of gray matter, which contains
neuronal cell bodies, and white matter, which contains axonal tracts (Alexander-Bloch et al.,
2013; Llera et al., 2019). The thickness of the cerebral cortex, the outer layer involved in
many higher cognitive functions, also varies among individuals (Riccelli et al., 2017). These
anatomical differences may lead to the wide variability in human cognition and behavior,
influencing how each individual perceives and engages with the world.

One important finding is the large variation in the surface area of early visual cortices
among individuals. Recent high-resolution mapping studies have shown that the functionally-
defined size of areas V1, V2, and V3 can differ by more than a factor of three between
healthy adults (Benson et al., 2022), consistent with earlier findings (Andrews et al., 1997).
This threefold difference in V1 surface area persists even after normalizing for overall brain
or cortical size, indicating genuine variability in visual cortex morphology. Figure 1.3
in Himmelberg et al. (2022) shows polar angle and eccentricity maps on the inflated left
hemisphere of the brain for two individuals: one with the largest and one with the smallest V1
surface areas. Both shows have complete representations of the right visual hemifield within
their V1. This indicates that individual variability in V1 size does not reflect mapping errors,
but rather a true anatomical difference in how much cortical surface is allocated for visual
processing. These anatomical differences tend to be coordinated across the visual pathway.
For example, a brain with an unusually large V1 often also has a larger lateral geniculate
nucleus and optic tract, whereas a small V1 comes with smaller subcortical structures. Such
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Fig. 1.3 The individual variability in V1 on the inflated left hemisphere of the brain for two
individuals. Adapted from Himmelberg et al. (2022), used under CC BY 4.0 license.

differences suggest interdependent development of visual structures and imply that variability
in anatomy may lead to meaningful differences in visual capabilities (Andrews et al., 1997).

Variability in cortical folding and microstructural features further underscores individual
differences. The calcarine sulcus, which contains most of V1, varies in depth and extent
across individuals, leading to differences in the precise shape and boundaries of V1. Similarly,
the cortical magnification factor (defined as the amount of cortical area devoted to a given
portion of the visual field) shows considerable inter-individual variability. In some individuals,
a greater proportion of cortical area is devoted to central (foveal) vision, while in others,
more is allocated to the periphery, with the proportion for central vision differing by over a
factor of two between individuals (Benson et al., 2022). Genetic and developmental factors
have been shown to contribute to these structural differences. For instance, twin studies have
reported high intra-pair correlations in the surface areas of visual regions, consistent with a
heritable component for the surface area of V1 through V3 (Benson et al., 2022). Overall,
while the anatomical organization of the visual system is consistent, the precise morphometry
of the visual cortex (including area size, cortical thickness, folding patterns, and internal
microarchitecture) is unique to each individual.

Such anatomical differences in the visual cortex have been consistently linked to vari-
ations in visual perception and behavior. For instance, research indicates that individuals
with larger primary visual cortex (V1) areas typically exhibit enhanced visual acuity and
increased sensitivity in specific visual tasks. Recent empirical evidence has demonstrated that
both the overall size of V1 and the cortical magnification factor within this region correlate

positively with individual differences in visual contrast sensitivity (Himmelberg et al., 2022).
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Specifically, individuals possessing larger V1 cortical areas, characterized by more detailed
cortical mappings, demonstrate superior detection abilities for low-contrast visual stimuli
compared to those with smaller V1 areas. These findings highlight the functional implications
of anatomical variability, reinforcing those differences in cortical morphology, including
surface area and folding patterns, directly influence how effectively visual information is
processed and ultimately perceived by individuals.

Like the visual system, the human auditory system has a broadly consistent anatomical
organization across individuals, especially at the macroscopic level of primary sensory areas.
The primary auditory cortex is located on the transverse temporal gyrus, also known as
Heschl’s gyrus, on the superior surface of the temporal lobe in each hemisphere. This area,
often referred to as the core auditory cortex and including fields such as Al, is tonotopically
organized in all typical brains, meaning that neurons are arranged according to the frequency
of sound they respond to, forming a gradient from low to high pitch. Surrounding the
core are belt and parabelt regions that contribute to higher-level auditory processing, and
beyond these lie multimodal association areas such as the superior temporal gyrus and the
planum temporale, which are involved in integrating sound with language, music, or spatial
information. However, there are significant individual differences in auditory cortex. One
example is the variation in the morphology of Heschl’s gyrus. While some individuals have a
single gyrus in each hemisphere, others show a duplicated or segmented form, a common
anatomical variant observed in up to 50 percent of healthy individuals (Takahashi et al.,
2022). This variation has been linked to auditory abilities such as musical aptitude and
language acquisition. Similarly, the surface area and volume of auditory cortex can differ
substantially between individuals. Individuals with absolute pitch, for example, tend to have
larger and more specialized auditory cortical regions (Leipold et al., 2019). The planum
temporale also varies markedly across individuals, often showing asymmetry between the left
and right hemispheres. These findings mirror those seen in the visual system and highlight

the anatomical difference in the brain.

1.2.2 Function

The human brain supports high-level functions such as perception, memory, language, and
thinking. The functional topography of the brain refers to the spatial mapping of these
specialized functions onto distinct cortical areas. Among them, the visual system plays
a central role in perceiving the external world. Its functional organization is hierarchical
and broadly consistent across individuals, progressing from low-level feature encoding in
early visual cortex to complex object and scene representations in higher-level areas. Visual
input begins in the retina, is transmitted through the lateral geniculate nucleus (LGN) of
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the thalamus, and reaches the primary visual cortex (V1) in the occipital lobe. V1 neurons
respond to basic visual features such as edges, orientation, and contrast. From V1, visual
information splits into two parallel processing streams: the ventral stream, also known as
the “what” pathway, and the dorsal stream, also known as the “where” pathway. The ventral
stream projects through V2 and V4 toward the inferior temporal (IT) cortex, including PIT
and AIT, and is specialized for recognizing objects and visual form. The dorsal stream passes
from V1 through V2 and MT (V5), continuing to MST, LIP, and VIP, and ultimately reaches
the posterior parietal cortex (PP), supporting motion analysis, spatial awareness, and visually
guided action (Felleman & Van Essen, 1991; Kruger et al., 2013; Mishkin et al., 1983).

Within the hierarchical architecture, different cortical areas are functionally specialized,
each contributing uniquely to the processing of visual information. Across these levels, neu-
ronal selectivity becomes progressively more complex. Neurons in V1 are most responsive
to basic features such as edge orientation and spatial frequency (Kruger et al., 2013). V2
encodes more integrated properties, including illusory contours and texture-defined bound-
aries (Hegdé & Van Essen, 2000). V4 is involved in processing surface attributes, curvature,
and color, and plays a central role in texture perception (Ungerleider & G., 2000). At the
top of the ventral stream, the IT cortex integrates complex visual features and responds
selectively to object identity and category (Kanwisher et al., 1997; Kourtzi & Kanwisher,
2000; Kruger et al., 2013). Texture, as a mid-level feature, is constructed through integration
across multiple regions including V1, V2, and V4. Object recognition is further supported
by a distributed set of high-level regions: the lateral occipital complex (LOC) is involved
in general shape processing; the fusiform face area (FFA) is selectively engaged in face
recognition; the parahippocampal place area (PPA) processes scenes and environmental
layouts (Epstein & Kanwisher, 1998; Kanwisher et al., 1997).

This principle of hierarchical organization and functional topography is not unique to
the visual system, and similar patterns are observed in other sensory modalities, such as
audition. Sound enters through the ears and is relayed via subcortical structures to the
primary auditory cortex (A1) on Heschl’s gyrus, where neurons are organized tonotopically
and respond to specific frequencies (Formisano et al., 2003). Surrounding areas in the
superior temporal plane and superior temporal gyrus integrate these elementary features
into more complex auditory representations, such as speech, music, and spatial location.
For example, the planum temporale contributes to sound localization through interaural
cue processing (Griffiths & Warren, 2002), while anterior temporal areas are involved in
pitch and timbre analysis (Zatorre et al., 2002), and dorsal pathways support auditory-motor
interactions such as speech production (Hickok & Poeppel, 2007).
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Fig. 1.4 The individual difference in the functional topography. Adapted from Haxby et al.
(2020), used under CC BY 4.0 license.

Although the human brain exhibits a broadly similar functional organization across
individuals, considerable variability exists in the location of functional areas. Even within
anatomically comparable cortical regions, the precise position, size, and boundaries of
functionally defined areas can differ from person to person. For instance, the positioning of
the visual motion area (known as area V5 or MT) can differ as much as approximately 20 mm
across different individuals, even when anatomical alignment is taken into account (Watson
et al., 1993). Likewise, the fusiform face area (FFA) exhibits considerable inter-individual
variability in both its spatial extent and anatomical location (Figure 1.4). While FFA is
typically localized to the lateral fusiform gyrus, its precise position can vary by over 10-15
mm across individuals, even when aligned by anatomical landmarks such as the mid-fusiform
sulcus (Kanwisher et al., 1997; Weiner et al., 2014). These findings indicate that anatomical
landmarks, such as sulci or gyri, do not consistently predict functional boundaries, making it
difficult to define functional regions solely based on anatomical coordinates.

In addition to differences in the spatial location of functional areas, individuals also
exhibit variability in the neural activity patterns. Even when performing the same task
or viewing the same stimulus, such as a picture of a cat, the specific pattern of neural
activity within functionally similar regions, such as the visual cortex, can differ significantly
across individuals. These individualized activation patterns, sometimes referred to as “neural
fingerprints,” reflect idiosyncratic neural coding. However, while absolute activation patterns
vary, the relative structure of representations (e.g., distinctions between categories like
faces and places) often remains consistent across individuals. This points to a shared
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representational geometry that is preserved despite inter-individual variability. In the case of
fMRI, these patterns are reflected in voxel-wise activation maps that capture how different
brain regions respond to specific tasks or stimuli. The observed variability underscores the
importance of considering individual differences and presents challenges for analyzing brain
activity patterns at the group level and developing decoding models that perform reliably

across individuals.

1.3 Brain alignment

Brain alignment provides a potential solution to mitigating substantial differences in brain
anatomy and function across individuals by mapping individual brain data into a common
space. This section introduces two main approaches: anatomical alignment and functional
alignment. It explains how each method helps reduce individual variability, allowing for

more reliable cross-subject analyses and more generalizable neuroscience models.

1.3.1 Anatomical alignment

Anatomical alignment, also referred to as anatomical normalization or structural registration,
is a fundamental preprocessing step in neuroimaging designed to reduce inter-individual
variability in brain anatomy. The primary goal is to transform individual brain scans into a
common coordinate system, thereby enabling meaningful cross-subject comparisons in group-
level analyses. Several approaches have been developed to achieve anatomical alignment,
including landmark-based, volume-based, and surface-based registration techniques.

One of the earliest methods, landmark-based registration, was introduced by Talairach
and Tournoux (1988). It relies on the manual identification of a small set of anatomical
landmarks, including the anterior and posterior commissures, the midsagittal plane, and
the outer boundary of the brain. These landmarks are used to perform piecewise affine
transformations that align an individual brain to a standard coordinate space. While this
approach provided a standardized spatial framework enriched with histological annotations
such as Brodmann areas (Strotzer, 2009), it was based on a single postmortem brain and
therefore introduced substantial uncertainty when used as a stereotaxic reference for broader
populations. In addition, its reliance on manually localized anatomical features introduced
subjectivity and limited both spatial accuracy and reproducibility.

To address these limitations, modern neuroimaging has adopted template-based nor-
malization using population-derived brain templates. Among these, the MNI152 template

(Mazziotta et al., 2001), constructed by averaging T1-weighted MRI scans from 152 individ-
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uals, is the most widely used. Compared to the Talairach atlas, it provides greater anatomical
representativeness and reflects population-level structural variability more accurately. Never-
theless, substantial variability in cortical folding patterns remains, particularly in association
cortices, and a single standard template cannot fully capture this diversity. For example,
Heschl’s gyrus, a key structure in the auditory cortex, exhibits duplicated or variable folding
patterns in a substantial portion of the population (Marie et al., 2015), complicating one-to-
one correspondence in anatomical alignment. To improve anatomical alignment under such
variability, researchers have developed population-specific templates tailored to different age
groups (Fonov et al., 2011), cultural or ethnic backgrounds (Liang et al., 2015), and clinical
populations. Many of these resources are now accessible through centralized platforms such
as TemplateFlow (Ciric et al., 2022), which facilitates standardized and reproducible template
selection.

Once a template is selected, anatomical alignment is performed using either volume-based
or surface-based registration techniques, depending on the data representation. In volume-
based registration, alignment is performed directly on 3D anatomical images by comparing
voxel intensity distributions. The process typically involves an initial affine transformation
followed by nonlinear warping. Several widely used algorithms have been developed,
including SyN in ANTSs (Avants et al., 2008), which uses symmetric diffeomorphic mapping,
discrete cosine transforms in SPMS5 (Penny et al., 2011), and cubic B-spline interpolation
in FSL’s FNIRT (Andersson et al., 2007). A variety of similarity metrics can be used to
guide registration, such as least squares, normalized correlation, correlation ratio and mutual
information (Poldrack et al., 2011).

In contrast, surface-based registration aligns brains based on cortical surface geometry,
focusing on features such as sulcal depth and gyral curvature. This approach requires recon-
structing the cortical sheet from structural scans, a process widely automated in software like
FreeSurfer (Dale et al., 1999). The surface is then projected onto a spherical representation,
and alignment is achieved by minimizing geometric feature differences across subjects (Fis-
chl et al., 1999). The fsaverage template, generated from 40 individual scans, is commonly
used as a reference for this method. More advanced strategies, such as MSM-AII (Glasser
et al., 2016), integrate both anatomical and functional features to improve inter-individual
correspondence.

While anatomical alignment focuses on normalizing structural images across individuals,
anatomical-functional coregistration is typically performed beforehand when processing
functional data, to align functional volumes to the subject’s anatomical scan. This process
aligns a subject’s functional image, typically acquired using echo planar imaging (EPI), to

their high-resolution anatomical scan, establishing a voxel-wise mapping between functional
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activity and structural landmarks (Dohmatob et al., 2018). Accurate coregistration is critical
for later transforming the functional data into standard space via the anatomical alignment.
However, functional images often suffer from susceptibility-induced distortions, particularly
in orbitofrontal and anterior temporal regions, due to magnetic field inhomogeneities at
air-tissue interfaces. To address this issue, distortion correction techniques such as fieldmap-
based unwarping are commonly applied prior to coregistration (Hutton et al., 2002).

Among the various alignment algorithms, boundary-based registration (Greve & Fischl,
2009) has become one of the most widely adopted methods, especially in software packages
such as FSL and FreeSurfer. It uses tissue boundaries extracted from anatomical images to
guide cross-modal alignment with functional volumes. In addition, nonlinear approaches such
as the symmetric diffeomorphic transformation (Avants et al., 2008) have gained popularity,
particularly in cases where fieldmap information is unavailable. Despite their effectiveness,
these methods remain sensitive to image quality and require careful visual inspection to avoid
misregistration artifacts. While anatomical-functional coregistration ensures that functional
data are aligned to each subject’s anatomy, it does not resolve inter-individual variability in
functional topography. This motivates the development of functional alignment techniques,
which aim to align functional responses directly across individuals.

1.3.2 Functional alignment

While anatomical alignment standardizes brain structure across individuals, it does not
account for inter-individual variability in functional organization. In typical preprocessing
pipelines, functional data are first coregistered to each subject’s anatomical scan, and then
indirectly transformed into standard space using the anatomical alignment. However, this
indirect way assumes that functional regions are reliably positioned relative to anatomical
landmarks, which is often not the case. This limitation is particularly problematic in higher-
order association cortices, where the location, shape, and size of functional regions can
vary substantially across individuals, even when their anatomy appears well aligned (Frost
& Goebel, 2012; Sabuncu et al., 2010). As a result, spatial normalization based solely
on anatomy may misalign functionally homologous regions, reducing the sensitivity and
interpretability of group-level analyses.

This challenge has led to the development of functional alignment methods, which aim to
directly align functional data across individuals by matching patterns of brain activity instead
of anatomical features. This approach is based on the assumption that cognitive representa-
tions are reflected in distributed neural activity that systematically maps stimulus features to
brain responses. These representations are often studied using decoding approaches (Cheng
et al., 2023; Kamitani & Tong, 2005; Miyawaki et al., 2008; Shen et al., 2019b), which rely
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on multivariate patterns of activity across voxels to distinguish between different stimulus
conditions. However, because of differences in cortical folding and the way voxels sample
neural populations, anatomical alignment alone cannot guarantee that corresponding vox-
els reflect the same functional signal across individuals. As a result, group analyses may
miss shared representations if they rely solely on anatomical correspondence. Functional
alignment addresses this challenge by learning transformations that bring individual-specific
activity patterns into a shared representation space.

This idea, that distributed activation patterns represent meaningful cognitive content and
can be compared across individuals, has its origins in connectionist models of representation.
To address the challenge of comparing functionally distributed representations across different
neural architectures, Paul Churchland proposed a view known as state-space semantics
(Laakso & Cottrell, 2005). Within this framework, neural representations are conceptualized
as points in a high-dimensional activation space, where each dimension corresponds to the
activity of a specific unit or neuron. An activation pattern across three units can be interpreted
as a histogram of activation values, a vector in a three-dimensional space, or a single point
within that space. Even when the physical arrangement of neurons differs between brains,
the relative similarity among representations may still be preserved (Churchland, 1998).
For example, activation patterns evoked by the concepts “tiger” and “cat” may be closer
to each other than to the pattern evoked by “tree.” Functional alignment techniques aim to
identify transformations between individual activation spaces that maintain this underlying
representational structure, thereby allowing for direct comparison of cognitive content across
individuals.

Several methods have been developed to implement functional alignment. Hyperalign-
ment (Haxby et al., 2011, 2020) estimates subject-specific linear transformations that project
individual voxelwise response patterns into a shared high-dimensional representational space.
This method preserves fine-grained topographic information and has demonstrated strong
performance in decoding accuracy and cross-subject classification. In contrast, the neural
code converter (Ho et al., 2023; Yamada et al., 2015) directly learns pairwise transformations
between brain activity patterns from different individuals. Rather than aligning all subjects
into a single common space, it learns direct transformations between individual brains, which
helps preserve fine-grained visual information useful for tasks like inter-individual decoding
and image reconstruction. A more detailed comparison of these methods, their extensions,
and other functional alignment approaches will be presented in Chapter 3. When aligning
neural representations, many of these methods often require participants to view the same

stimulus to obtain paired data for training the functional alignment model. This require-
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ment limits the scalability of such methods for large-scale or varied datasets and practical

applications.

1.4 Proposed approach

While recent decoding and visual reconstruction studies have successfully revealed fine-
grained information in the brain through deep (extensive) collection of individual data, these
approaches are typically limited to the specific individuals. In this thesis, we aim to extend
these deep approaches across individuals. Our central question is: how to align brains while
preserving fine-grained information?

Although these functional alignment techniques have shown promising results in aligning
fine-grained information across individuals, these methods often depend on paired brain
data collected while subjects view the same stimuli. This requirement poses a significant
limitation for applying these methods to increasingly diverse and large-scale datasets, where
stimuli, recording conditions, and experimental protocols often differ across subjects. In
such datasets, although brain responses are available, the lack of shared stimuli or paired
brain responses makes it difficult to train conventional alignment models.

While shared stimuli in functional alignment ensure that brain activity patterns across
subjects reflect the same stimulus content, the content can be more flexibly represented by
a combination of elemental, latent features, such as image bases or deep neural network
(DNN) features (Krizhevsky et al., 2012; Radford et al., 2021; Simonyan & Zisserman,
2014). By decomposing a single stimulus into these elemental features, functional alignment
may encompass a broader range of stimuli beyond those that are explicitly shared. Recent
advancements in brain decoding research have revealed that the contrasts of local image
bases and the latent features from DNNs can be decoded from the brain activity patterns
measured by fMRI (Horikawa & Kamitani, 2017; Miyawaki et al., 2008). Furthermore,
these decoded features can be transformed into images by linear or deep generative networks
(Cheng et al., 2023; Miyawaki et al., 2008; Shen et al., 2019b, 2019a), reconstructing
perceptual experiences. These results pave the way for using latent features instead of shared
stimuli to ensure content similarity in functional alignment.

In this thesis, we propose a functional alignment framework that leverages latent represen-
tations derived from DNNSs to investigate how brain activity can be aligned while preserving
fine-grained information (Figure 1.5). In our approach, we used latent representations derived
from DNNs serve as proxies for perceptual content to perform functional alignment. Since
these content representations can be inferred from individual’s brain activity or predicted

brain activity, they enable content-based functional alignment even without the need for
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paired brain data, offering a more flexible alternative to traditional alignment methods. We
use brain decoding and visual image reconstruction to evaluate this framework by examining
whether fine-grained information is preserved after functional alignment. In addition, we
assess the generalizability of the approach across individuals, datasets, cognitive tasks, and

sensory modalities to investigate its potential for scalable applications in neuroscience.

1.5 The thesis organization

This thesis is organized into 11 chapters, each focusing on a specific aspect of our investiga-
tion into individual differences and the proposed functional alignment framework.

Chapter 1 provides a general introduction to the concept of individual differences. It
outlines the challenges these differences pose to brain big data and decoding, explores their
anatomical and functional sources, and introduces common strategies for addressing them. It
also outlines our proposed approach, which bridges the neural representations across subjects
via DNN representations.

Chapter 2 introduces the functional neuroimaging data used in this thesis. It describes the
methods of data acquisition, including the visual stimuli employed, the selection of regions
of interest, experimental procedures, and data preprocessing. Several representative datasets
are introduced, as well as their roles in the thesis.

Chapter 3 focuses on functional alignment methods designed to mitigate individual
differences in functional topography. It reviews previous approaches, discusses their strengths
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and limitations, and provides context for the methodological improvements proposed in this
thesis.

Chapter 4 presents methods for examining neural representations and externalizing indi-
vidual differences. It introduces within-subject brain decoding and reconstruction techniques,
which serve as baseline models in subsequent analyses, and explains the rationale for using
reconstruction as a tool to probe neural representational across individuals.

Chapter 5 details the neural code conversion method proposed in this thesis. This chapter
introduces a flexible training framework based on DNN latent representations, which removes
the need for identical stimuli across individuals. This chapter also evaluates the conversion
performance and explores the hierarchical correspondence of neural representations across
subjects.

Chapter 6 investigates whether fine-grained visual information is preserved after func-
tional alignment. By applying decoding and reconstruction methods to converted brain
activity, the extent to which the fine-grained representation is preserved across individuals is
reflected.

Chapter 7 examines how hierarchical features from DNNs influence the performance of
neural code conversion models trained using our content loss-based approach.

Chapter 8 explores the generalizability of content loss-based neural code converters. It
assesses whether the converted activity retains meaningful information that can be decoded
by different schemes, even with limited training data.

Chapter 9 extends the scope of analysis to inter-site neural code conversion. It evaluates
the feasibility of performing neural code conversion across different datasets, demonstrating
the broader utility of the proposed approach.

Chapter 10 investigates the feasibility of converting neural representations of subjective
visual experiences across individuals. It examines visual illusions, selective attention, and
visual imagery to assess whether internally driven perceptual content can be aligned and
reconstructed across different individuals.

Chapter 11 presents a preliminary extension of the proposed method to the auditory
domain. By using auditory latent DNN representations for neural code conversion, this
chapter demonstrates the potential application of the proposed method beyond visual domain.

Chapter 12 concludes the thesis by revisiting and discussing the proposed methods. It

outlines potential implications, current limitations, and suggests future research directions.
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Functional brain activity data

2.1 Introduction

Understanding how the brain enables complex cognitive functions hinges on the availabil-
ity of accurate and reliable brain activity data. Neuroimaging technologies have played
an important role in this pursuit, providing powerful tools to visualize and quantify brain
activity. Over the past decades, a broad range of functional brain imaging modalities has been
developed, including Positron Emission Tomography (PET), functional Magnetic Resonance
Imaging (fMRI), Near-Infrared Spectroscopy (NIRS), Diffuse Optical Imaging (DOI), Elec-
troencephalography (EEG), Stereo electroencephalography (sEEG), Electrocorticography
(ECoG), and Magnetoencephalography (MEG). The rapid advancement of these technologies
has significantly deepened our understanding of the human brain and its function.

Among these modalities, EEG, MEG, and fMRI have been particularly influential in
the study of stimulus-evoked brain activity data. EEG, with its millisecond-level temporal
resolution, enables researchers to capture the brain’s electrical responses to external stimuli.
By recording voltage fluctuations on the scalp generated by neuronal firing, EEG provides
detailed temporal information, offering valuable insights into the timing of cognitive pro-
cesses. Its relatively low cost, portability, and ease of use make EEG a widely adopted tool
in both basic and clinical research. However, due to the distortion of electrical signals as
they pass through the skull and scalp, EEG has limited spatial resolution. MEG measures
the magnetic fields produced by neural activity, offering temporal resolution comparable
to EEG but with improved spatial precision. Because magnetic fields are less affected by
the skull and surrounding tissues, MEG is more effective at localizing the sources of brain
activity. This makes it useful for studying rapid cognitive processes such as auditory and
visual perception, as well as language processing. However, MEG systems are expensive,

non-portable, and require highly controlled environments for accurate data acquisition.
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In contrast to EEG and MEG, which directly record neural activity through electrical or
magnetic signals, fMRI provides an indirect measure of neural response. While standard
MRI generates static images of brain anatomy, fMRI captures dynamic fluctuations in brain
activity over time with relatively high spatial resolution, allowing researchers to examine how
different brain regions respond to and interact during specific cognitive or sensory events. It
enables the investigation of neural responses or representations during task-based paradigms,
such as viewing images or movies, or listening to sounds, as well as during resting-state
conditions. The fMRI data collected under these conditions offer critical insights into how
the brain processes a wide range of external stimuli, forming the foundation of the present
thesis.

This chapter provides an overview of functional brain activity data, with a particular
focus on fMRI. It begins by introducing the fundamental principles of fMRI, followed by a
discussion of the criteria for selecting appropriate fMRI datasets. It then presents a review of
several widely used datasets involving visual or auditory stimuli. Finally, it explains how

these datasets are used for the analyses conducted in the subsequent chapters of this thesis.

2.2 Fundamentals of fMRI

Magnetic Resonance Imaging (MRI) is a widely used non-invasive imaging technique that
provides high-resolution structural images of the brain. It is based on the physical principles
of nuclear magnetic resonance, which exploits the magnetic properties of certain atomic
nuclei, particularly hydrogen protons. These protons are abundant in biological tissues due
to the high water content in the human body.

In an MRI scanner, the subject is placed within a strong static magnetic field (typically
ranging from 1.5 to 7 Tesla), which causes the magnetic moments of hydrogen protons to
align with the external field. A brief radiofrequency (RF) pulse is then applied to disrupt
this alignment, tipping the protons away from equilibrium. Once the RF pulse is turned
off, the protons relax back to their original state, emitting RF signals in the process. These
emitted signals are detected by receiver coils and processed to generate detailed images of
internal tissue structures. The signal intensity in MRI is influenced by factors such as proton
density and the tissue-specific relaxation times known as T1 (longitudinal relaxation) and
T2 (transverse relaxation). By adjusting imaging parameters like repetition time (TR) and
echo time (TE), different tissue contrasts can be emphasized, resulting in T1-weighted or
T2-weighted images. These contrast variations enable researchers to visualize anatomical
structures with high precision. Structural MRI typically provides submillimeter spatial
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resolution, making it essential for analyzing brain morphology, measuring cortical thickness,
detecting lesions, and serving as an anatomical reference for functional imaging studies.

fMRI extends the capabilities of structural MRI, enabling the measurement of brain
activity by detecting changes in blood flow (Belliveau et al., 1991). The core principle
behind fMRI is that neural activity is coupled with local changes in cerebral blood flow
and oxygenation. When a brain region becomes more active, it consumes more oxygen,
prompting an increase in blood flow to replenish the oxygen supply. This results in a localized
increase in oxygenated hemoglobin and a decrease in deoxyhemoglobin.

The signal measured by fMRI is the Blood-Oxygen-Level-Dependent (BOLD) signal.
Deoxyhemoglobin is paramagnetic and distorts the surrounding magnetic field, whereas
oxygenated hemoglobin is diamagnetic and has a much weaker effect (Ogawa et al., 1990).
Increased levels of oxygenated hemoglobin in active brain areas lead to a more uniform
magnetic field, producing a stronger MRI signal. This contrast in signal intensity between
regions with varying levels of oxygenated hemoglobin forms the basis of the BOLD signal
used to capture brain activity.

It is important to note that the BOLD signal is an indirect measure of neural activity.
It reflects the hemodynamic response that follows neural activation, typically delayed by
several seconds. The relationship between the BOLD signal and the underlying neuronal
firing is complex and remains an active area of research. The hemodynamic response involves
a dynamic interplay between neurons, glial cells, and local vasculature. Following neural
activity, a characteristic temporal profile known as the Hemodynamic Response Function
(HRF) occurs. The BOLD signal typically begins to rise approximately 1-2 seconds after
neural activity occurs, reaches its peak around 4—6 seconds, and returns to baseline over the
following several seconds. Understanding these characteristics of the BOLD signal is crucial
for accurately interpreting fMRI data and designing effective experimental paradigms.

Building upon these physiological foundations, fMRI has emerged as a powerful tool
for investigating human brain function in a wide range of cognitive and clinical contexts.
fMRI offers several advantages over other neuroimaging techniques. As a non-invasive and
safe method, it does not require the use of radioactive tracers or contrast agents, relying
instead on natural changes in blood oxygenation. By tracking changes in BOLD signals
over time, researchers can infer which brain regions are engaged during specific tasks,
sensory experiences, or mental states. This characteristic makes fMRI suitable for repeated
use and applicable across diverse populations, including children and clinical patients.
Furthermore, fMRI provides high spatial resolution, typically in the range of millimeters,
which enables precise localization of brain activity within specific cortical and subcortical

regions. Unlike surface-based techniques such as EEG, fMRI can capture functional signals
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from the entire brain. Another important advantage is its flexibility in experimental design,
allowing researchers to tailor scanning parameters and employ various task paradigms, such
as block designs and event-related designs, to suit specific research questions. In addition,
the stability and reproducibility of fMRI measurements make it particularly well-suited for
longitudinal studies, such as tracking brain development, cognitive aging, or responses to
therapeutic interventions.

Despite its strengths, fMRI also has several limitations. One of the primary drawbacks is
its low temporal resolution. The BOLD signal reflects changes in blood flow and oxygenation
that occur several seconds after neural activity, with a peak typically observed around 4-6
seconds post-stimulus. This delay limits the technique’s ability to capture fast, transient
neural events, making it less suitable for studies requiring precise timing, such as those
investigating sensory processing or rapid decision-making. Another limitation lies in the
fact that the BOLD signal is an indirect measure of neural activity, as it is modulated by
vascular and metabolic factors that can vary across individuals and brain regions. fMRI
is also highly susceptible to motion artifacts; even small head movements can degrade
data quality and complicate interpretation, particularly in studies involving young children,
elderly participants, or patients with neurological conditions. Additionally, fMRI systems are
expensive to acquire and maintain, and the operational costs are high. Finally, the analysis
of fMRI data is complex and computationally intensive, requiring advanced preprocessing

pipelines and statistical modeling techniques.

2.3 fMRI datasets

Grounded in the foundational principles and advantages of fMRI, an increasing number of
publicly available datasets have been developed to support the investigation of brain function
across diverse tasks and experimental conditions. These datasets have become essential
resources for neuroscience studies.

To ensure that the datasets used in this thesis are suitable for studying neural represen-
tations, several key criteria were considered. First, datasets with naturalistic stimuli were
preferred, as they evoke brain responses that more closely reflect real-world perception and
behavior. It was also important that each participant was exposed to a large and varied set of
stimuli, which allows for more accurate estimation of stimulus-response relationships. In
addition, datasets with larger participant samples were favored, as they enable more reliable
evaluation of whether the neural representations are shared across individuals. Datasets
acquired with high-field MRI scanners (such as 3T or 7T) were selected due to their higher
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signal-to-noise ratio, which enables improved resolution. Finally, all chosen datasets are
publicly available, ensuring transparency and reproducibility.

The following sections describe several fMRI datasets selected based on the above criteria.
These datasets are closely relevant to the goal of this thesis and provide reliable data for

studying visual and auditory brain responses.

2.3.1 Deeprecon dataset

The Deeprecon dataset (Figure 2.1) is a 3T visual fMRI dataset developed for brain decoding
and visual image reconstruction studies. It was first introduced by Shen et al. (2019b) and
later expanded in subsequent studies (Ho et al., 2023; Horikawa & Kamitani, 2022). The
dataset includes fMRI recordings from five healthy subjects during image viewing and visual
imagery involving natural and artificial stimuli, with a particular focus on decoding visual
neural representation in the brain. The training and test stimulus sessions do not share any
overlapping categories of images. This design provides a standard paradigm for studying
neural representation and assessing the generalization performance of brain decoding models.

Subjects. Five healthy subjects (four males and one female, aged 25-36 years) with
normal or corrected-to-normal vision participated in the experiment. Subjects 1-3 were
originally included in the study by Shen et al. (2019b), while Subjects 4 and 5 were sourced
from Horikawa and Kamitani (2022) and Ho et al. (2023).

Stimuli. The image stimuli consisted of both natural and artificial images. The natural
images were selected from 200 representative categories in the ImageNet dataset (2011 fall
release; Deng et al., 2009). The training set included 1,200 images from 150 categories, and
the test set contained 50 images from the remaining 50 categories. In addition, artificial
images were constructed by combining five basic shapes (square, small frame, large frame,
plus sign, cross sign) with eight colors (red, green, blue, cyan, magenta, yellow, white, black),
resulting in 40 distinct stimuli. For the imagery task, 15 artificial shapes from the artificial
test images and 10 natural images from natural test images were used as target images.

Experimental paradigm and data acquisition. In the image viewing task, subjects were
instructed to fixate on a central point on the screen and respond with a button press when
they saw the same image appear in two consecutive blocks. Each image was presented for
8 seconds in a stimulus block. In the imagery task, subjects imagined the 25 target images,
guided by a word cue that had been associated with each image prior to the experiment. Each
trial consisted of a 4-second cue period, followed by an 8-second imagery period, a 3-second
evaluation period, and a 1-second rest period. Over the course of 15 to 20 scanning sessions,

each subject viewed a total of 1,290 images and imagined 25 images across approximately
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Fig. 2.1 Deeprecon dataset. (A) The colored natural image stimuli. (B) Schematics of
image presentation experiment. Each image display lasted for 8 seconds in a stimulus block.
Subjects were instructed to fixate on a central point on the screen and respond with a button
press when they saw the same image appear in two consecutive blocks.

8,000 trials. Functional brain activity was recorded using a 3T MRI scanner, with a resolution
of 2 mm isotropic voxels and a repetition time (TR) of 2 seconds.

MRI data preprocessing. The fMRI data was preprocessed with the fMRIPrep pipeline
(Esteban et al., 2019). The BOLD time series were temporally shifted by 4 s to account
for hemodynamic delays and then regressed for nuisance variables. The data samples were
finally despiked to reduce extreme values (beyond +3 SD for each run) in the time series
and averaged within each 8-s trial (four volumes). The brain regions V1, V2, V3, and V4
were demarcated using a standard retinotopy experiment (Engel et al., 1994; Sereno et al.,
1995) in each subject’s native brain space. The higher visual cortex (HVC) was defined
by conventional functional localizers (Epstein & Kanwisher, 1998; Kanwisher et al., 1997;
Kourtzi & Kanwisher, 2000). The whole visual cortex (VC) was defined as the combination
of the regions V1, V2, V3, V4, and HVC.

2.3.2 THINGS dataset

The THINGS dataset (Figure 2.2; Hebart et al., 2023) used in this thesis refers to the
fMRI component of the THINGS-data collection, which is a large-scale, multimodal dataset
designed to investigate object representations in the human brain and behavior. The fMRI data
were collected using a 3T scanner while three participants viewed thousands of naturalistic
object images drawn from the THINGS database (Hebart et al., 2019). The large-scale object
stimulus set makes it valuable for studying neural representations of objects.

Subjects. Three healthy subjects (one male and two females; mean age: 25.33 years)
with normal or corrected-to-normal vision participated in the experiment.

Stimuli. The image stimuli were taken from the THINGS object concept and image
database (Hebart et al., 2019). The training images were 8,640 images taken from 720
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Fig. 2.2 THINGS fMRI dataset. (A) THINGS fMRI data comprises fMRI responses to large
samples of object images taken from the THINGS database. (B) In the fMRI experiment,

participants viewed object images while performing an oddball detection task (synthetic
image). Adapted from Hebart et al. (2023), used under CC BY 4.0 license.

representative object concepts, with the first 12 examples per concept, and the test images
were 100 separate images taken from the remaining THINGS images.

Experimental paradigm and data acquisition. The subjects were asked to keep their
eyes on the fixation spot of the screen and report the presence of a catch image with a button
press on a fiber-optic diamond-shaped button box. Each image was presented for 0.5 ms,
followed by 4 s of eye fixation without image stimuli. A 3T scanner was used to collect
whole-brain functional MRI data with 2-mm isotropic resolution and 1.5-s repetition time.
fMRI signals were measured while subjects each viewed 8,740 unique visual images (11,040
trials) over the course of 15-16 scan sessions.

MRI data preprocessing. The fMRI data were preprocessed using fMRIPrep (Esteban et
al., 2019), including slice timing correction, head motion correction, susceptibility distortion
correction, alignment to T1-weighted images, tissue segmentation, and cortical surface
reconstruction. Independent component analysis (ICA)-based denoising was performed to
identify and regress out noise components (Hebart et al., 2023). Then, fMRI single-trial
responses were estimated by fitting a general linear model (GLM) on the preprocessed fMRI
time series. The region of interest (ROI) was defined based on retinotopic mapping (Engel
et al., 1994; Sereno et al., 1995) and functional localizer experiments (Epstein & Kanwisher,
1998; Kanwisher et al., 1997; Kourtzi & Kanwisher, 2000), with VC as the combination of
all visual areas.

2.3.3 Natural Scenes Dataset

The Natural Scenes Dataset (NSD; Figure 2.3; Allen et al., 2022) is one of the most extensive
and high-resolution fMRI resources available for investigating visual perception. It includes
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Fig. 2.3 Natural Scenes Dataset. (A) The large-scale colored natural image stimuli. (B)
Schematics of image presentation experiment. While maintaining central fixation, partici-
pants viewed sequences of color natural scenes and judged whether each image had been
previously shown at any point in the past. Adapted from Allen et al. (2021), used under CC
BY 4.0 license.

ultra-high-field (7T) fMRI recordings from eight participants, each of whom viewed approxi-
mately 10,000 natural images across multiple sessions. With high signal-to-noise ratio (SNR)
and extensive sampling of stimuli and neural responses, NSD enables detailed analysis of
visual representations in the brain. Its scale, data quality, and experimental design make it a
valuable benchmark for research at the intersection of cognitive neuroscience and artificial
intelligence.

Subjects. Eight healthy subjects (two males and six females; age range, 19-32 years) with
normal or corrected-to-normal vision took part in the experiment. Among them, Subjects 1,
2,5, and 7 completed all scanning sessions.

Stimuli. The image stimuli were selected from the Microsoft Common Objects in Context
(COCO) dataset (Lin et al., 2014). Each of the eight subjects viewed about 10,000 distinct
natural images, comprising around 9,000 unique images per participant and a shared set
of 1,000 images across all participants, resulting in a total of around 73,000 image stimuli.
Within the shared set, a special subset of 100 images was selected to maximally span the
semantic space. This sampling strategy was designed to maximize the number of distinct
images in the dataset and enable cross-subject analyses of brain representations.

Experimental paradigm and data acquisition. Subjects fixated centrally and performed
a long-term continuous recognition task on the images. Images were presented for 3 s with
1-s gaps in between images. Scanning was conducted at 7T using whole-brain gradient-echo
EPI at 1.8-mm resolution and 1.6-s repetition time. fMRI signals were measured while



2.3 fMRI datasets 27

subjects each viewed 9,000-10,000 distinct natural scenes (22,000-30,000 trials) over the
course of 30-40 scan sessions.

MRI data preprocessing. The fMRI data were pre-processed by performing one tem-
poral interpolation (to correct for slice time differences) and one spatial interpolation (to
correct for head motion). A general linear model was then used to estimate single-trial beta
weights. Cortical surface reconstructions were generated using FreeSurfer, and both volume-
and surface-based versions of the beta weights were created. The surface-derived ROIs and
volume-derived ROIs are provided with the data. The VC used in this thesis was defined
by the Human Connectome Project (HCP) multi-modal cortical parcellation (Glasser et al.,
2016).

2.3.4 Illusion dataset

The Illusion dataset (Cheng et al., 2023) is a 3T visual fMRI dataset designed to investigate
neural representations of subjective visual perception under visual illusions. It includes brain
responses from seven subjects while viewing a natural images and illusory stimuli, such as
illusory lines and neon color spreading patterns. The dataset enables the study of how illusory
content is represented in the brain, distinct from the physical properties of the stimuli.

Subjects. Seven healthy subjects (four males and three females; age range, 25-36 years)
with normal or corrected-to-normal vision participated in the experiment. Four subjects
(Subjects 1-4) who were the same as those in previous studies (Horikawa & Kamitani, 2022;
Shen et al., 2019b).

Stimuli. The natural image stimuli include a total of 3,200 images selected from multiple
publicly available image databases. This includes 1,200 object images from 150 represen-
tative categories in ImageNet (Deng et al., 2009), with eight images per category, 1,000
material images from the Flickr Material Database (FMD; Sharan et al., 2014), and 1,000
object or scene images from the COCO dataset (Lin et al., 2014).

For illusory line images, six images were created using offset gratings to induce illusory
lines. Each image was defined by three parameters: the orientation of the illusory line (0°,
45°,90°, or 135°), the orientation of the inducer lines (0° or 90°), and the number of inducer
lines (fixed at 19 for illusion images). Illusions occurred only when inducer and illusory
orientations differed. Four additional control images were generated by reducing the number
of inducer lines (to 9 or 3), which weakened or eliminated the illusion. Ten positive control
images were also included, in which real lines were drawn at the perceived illusory locations.

For neon color spreading images, two classic configurations were used: Ehrenstein and
Varin. For Ehrenstein, twelve images were prepared by varying line number (2 or 4) and disk

size (small or large). Illusion strength was modulated via line width, and control images were
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generated by thinning the black lines to disrupt contour continuity. For Varin, six images
were created using four circular inducers with colored sectors and black Pacmans. Control
images were made by removing the black inducers or altering disk composition. In both
types, red was used for the colored components.

Experimental paradigm and data acquisition. The subjects fixated on a central fixation
point while viewing each stimulus for 8 seconds as in the Deeprecon dataset Functional
brain activity was recorded using a 3T MRI scanner while each subject viewed 3200 training
images, about 38 test images across approximately 8000-17000 trials.

MRI data preprocessing. The illusion fMRI data were preprocessed in the same way as

in Deeprecon. The ROIs were defined following the same procedure used in Deeprecon.

2.3.5 Attention dataset

The Attention dataset (Horikawa & Kamitani, 2022) is a 3T visual fMRI dataset developed to
study the neural mechanisms underlying selective attention in visual scenes. It contains brain
responses from seven subjects who were instructed to attend to one of two superimposed
images. Combined with standard image viewing trials, this dataset allows for the analysis of
attention-modulated neural representations during overlapping visual input.

Subjects. Seven healthy subjects (four males and three females; age range, 25-36 years)
with normal or corrected-to-normal vision participated in the experiment. Five subjects
(Subjects 1-5) who were the same as those in previous studies (Ho et al., 2023; Horikawa &
Kamitani, 2022; Shen et al., 2019b).

Stimuli. The training image stimuli consist of 1,200 natural images from 150 represen-
tative categories in ImageNet (2011 fall release; Deng et al., 2009), with eight images per
category. These images were the same as those in the Deeprecon dataset. For the attention
task, ten natural images that were not included in the training stimuli were used to construct
the test stimuli. From these ten images, 45 unique superimposed image pairs were generated
by spatially overlaying two different images at a time (excluding reversed combinations).
Each of the ten images was also presented individually as single image viewing trials for
baseline comparison.

Experimental paradigm and data acquisition. The training sessions are the same as
the those in the Deeprecon dataset. For the test sessions, in each attention trial, subjects
were presented with a sequence of images, each of which consisted of two successive cue
images (2 s, 1 s for each cue) and spatially superimposed images of the two cue images (6
s), and were asked to attend to one image of a superposition of two images while ignoring
the other. In each single-image trial, images were presented in the same way as the training
session. Functional brain activity was recorded using a 3T MRI scanner while each subject
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viewed 1,200 training images, 90 superimposed test images, and 10 single test images across
approximately 7000 trials.

MRI data preprocessing. The attention fMRI data were preprocessed in the same way
as in Deeprecon. The ROIs were defined following the same procedure used in Deeprecon.

2.3.6 DeepSoundRecon dataset

The DeepSoundRecon dataset (Figure 2.4; Park et al., 2023) is a 3T auditory fMRI dataset
developed for studying auditory neural representations and sound reconstruction. It includes
fMRI recordings from four healthy subjects when they listened to a wide range of naturalistic
sound stimuli. The training and test stimuli were designed with distinct category structures,
with mixed-category clips in training and clearly defined single-category clips in testing.
This dataset offers a valuable resource for studying auditory neural representations.

Subjects. Five healthy subjects (four males and one female; mean age: 27.6 years) with
normal hearing abilities participated in the experiment.

Stimuli. The sound stimuli were selected from the VGGsound test dataset (Chen et al.,
2020). The training stimuli consisted of 1,200 audio clips, each containing multiple sound
categories, while the test stimuli comprised 50 audio clips, each containing a representative
sound category.

Experimental paradigm and data acquisition. The subjects were asked to listen to
auditory stimuli and to click a button when two sequential blocks presented the same sound.
Each sound stimulus was presented for 8 s within a stimulus block. Whole-brain functional
MRI data were collected using a 3T scanner with 2-mm isotropic resolution and a repetition
time of 2 seconds. fMRI signals were measured while subjects each listened to 1,250 sound
stimuli (5,200 trials) over the course of 13-17 scan sessions.

MRI data preprocessing. The fMRI data was preprocessed with the fMRIPrep pipeline
(Esteban et al., 2019). The preprocessed functional data were adjusted by shifting them
forward 2 s to account for the hemodynamic delay. To increase the number of available data
samples, a 4 s time window was slid across the original 8 s stimulus at 2 s intervals. For each
of these 4 s sound stimuli, an fMRI sample was created by averaging the three consecutive
functional volumes following the stimulus onset. The auditory ROIs was defined by the
HCP multi-modal cortical parcellation (Glasser et al., 2016). There are thirteen anatomical
ROIs identified in the early auditory cortex (A1, LBelt, MBelt, PBelt, RI) and auditory
association cortex (A4, A5, TA2, STGa, STSd anterior, STSv anterior, STSd posterior, and
STSv posterior). The whole Auditory cortex (AC) was defined as the combination of the
early auditory cortex and auditory association cortex.
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Fig. 2.4 DeepSoundRecon dataset. (A) Sound stimuli. The training dataset consisted of
1,200 clips (left panel), each containing a mixture of different sound categories that represent
a wide array of natural auditory scenes. The test dataset consisted of 50 audio clips (right
panel), each of which contained only one specific sound category. These test categories
included human speech, animal sounds, musical instruments, and environmental sounds. (B)
Schematic of the experimental design for the natural sound listening condition. Participants
were continuously presented with 8-second sound stimuli without any intervening silent
periods. To ensure participants’ attention was uniformly distributed across all stimuli, they
were instructed to perform a one-back repetition detection task. Participants were required to
press a button whenever they detected consecutive trials featuring the same sound. Adapted
from Park et al. (2023), used under CC BY 4.0 license.
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2.3.7 Data availability

The above datasets are available publicly (Deeprecon dataset: https://doi.org/10.6084/m9.
figshare.17985578.v1; THINGS dataset: https://doi.org/10.18112/openneuro.ds004192.v1.0.
5; Natural Scene Dataset: https://naturalscenesdataset.org; DeepSoundRecon dataset: https:
//doi.org/10.6084/m9.figshare.23633751.v9; Illusion dataset: https://doi.org/10.6084/m9.
figshare.23590302.v2; Attention dataset: https://openneuro.org/datasets/ds004192/versions/
1.0.5).

2.4 Data for analysis

The fMRI datasets, including Deeprecon, NSD, THINGS, Illusion, Attention, and Deep-
SoundRecon, were subjected to analysis in the subsequent chapters. All available training
samples from each subject were used for analysis, except where explicitly noted.

The primary analysis was performed using the Deeprecon dataset (Ho et al., 2023;
Horikawa & Kamitani, 2022; Shen et al., 2019b). This dataset comprises five subjects, each
with 6,000 training samples (1,200 natural images with five repetitions), 1,200 test samples
(50 natural images with 24 repetitions), and an additional 800 test samples for generalization
evaluation (40 artificial images with 20 repetitions).

The NSD and THINGS datasets were analyzed in Chapter 6. For the NSD, four subjects
who completed all experimental sessions (Subjects 1, 2, 5, and 7) were included. Each
subject was provided with 24,980 training samples (approximately 9,000 natural images
with three repetitions) and 300 test samples (100 natural images with three repetitions). For
the THINGS dataset, three subjects were included, each with 8,640 training samples (8,640
natural images with one repetition) and 1,200 test samples (100 natural images with 12
repetitions).

The Illusion and Attention datasets, along with the imagery data of the Deeprecon dataset,
were analyzed in Chapter 10. For the Illusion dataset, four subjects (Subjects 1-4) who
participated in previous studies (Horikawa & Kamitani, 2022; Shen et al., 2019b) and
completed all experimental sessions were selected. Each subject had 16,000 training samples
(3,200 natural images with 5 repetitions) and approximately 760 test samples, including 10
illusory line images, 10 real line images, 12 Ehrenstein images, and 6 Varin images, each
repeated 20 times. For the Attention dataset, five subjects (Subjects 1-5) from previous
studies (Ho et al., 2023; Horikawa & Kamitani, 2022; Shen et al., 2019b) were included.
Each subject had 6,000 training samples (1,200 natural images with 5 repetitions) and 880
test samples, consisting of 10 natural images presented 16 times and 90 superimposed image

pairs presented 8 times. For the imagery data, four subjects (Subjects 1, 2, 4, and 5) who
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completed all imagery sessions were analyzed (Ho et al., 2023; Horikawa & Kamitani, 2022;
Shen et al., 2019b). Each subject had 6,000 training samples (1,200 natural images with 5
repetitions) and 500 test samples, including 15 imagined artificial images and 10 imagined
natural images, each presented 20 times.

The DeepSoundRecon dataset was used for the auditory analyses presented in Chapter
11. Four subjects (Subjects 2-5) were included, while Subject 1 (S1) was excluded due to
the exploratory nature of their data (Park et al., 2023). Each subject was provided with
1,200 training audio stimuli and 50 test audio stimuli, with corresponding fMRI responses
(four repetitions for each training clip and eight repetitions for each test clip), resulting 4800

training samples and 400 test samples.



Chapter 3

Functional alignment methods

3.1 Introduction

Revealing similarity and dissimilarity in brain data across individuals has long been a critical
challenge in cognitive neuroscience. However, individual variability in the human brain
poses a major challenge for comparing brain data across individuals. These differences
are evident not only in brain anatomy but also in how functional regions are organized and
activated (Cox & Savoy, 2003; Fischl et al., 2008; Guntupalli et al., 2016; Haxby et al., 2011;
Van Essen, 2005, 2004). While anatomical alignment can mitigate anatomical difference,
it cannot effectively handle fine-grained variability in functional topographies. Even when
presented with identical stimuli, different individuals can exhibit significantly different brain
activity patterns, severely hindering the identification of generalizable functional patterns at
the group level.

To mitigate this individual difference, functional alignment (Chen et al., 2015; Guntupalli
et al., 2016; Haxby et al., 2011, 2020; Ho et al., 2023; Yamada et al., 2015) methods have been
proposed based on functional rather than structural information. These approaches directly
align brain activity patterns or the neural representations they represent. For example, neural
code converters (Ho et al., 2023; Yamada et al., 2015) learn subject-specific transformations
that map brain activity from one individual to another, enabling the prediction of neural
responses in the target brain. Hyperalignment (Chen et al., 2015; Guntupalli et al., 2016;
Haxby et al., 2011, 2020) constructs a shared high-dimensional representational space in
which individual brain activity patterns are projected, thus maximizing cross-individual
similarity in representational geometry. These approaches offer effective tools for comparing
neural representations across individuals.

This chapter introduces and discusses functional alignment methods, including hyper-

alignment, neural code converters, their variants, and latent space-based approaches. It aims
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to provide a basic understanding of the principles of these methods and how they contribute

to exploring neural representations across individuals and brain decoding models.

3.2 Hyperalignment

Hyperalignment is one of the classic models for functional alignment, introduced by Haxby et
al. (2011, 2020). It estimates a shared representational space across individuals, allowing for
comparison of brain activity patterns. A foundational assumption underlying hyperalignment
is that the brain’s response to a stimulus can be represented as a vector corresponding to
the specific location in a high-dimensional space, with each dimension reflecting a local
measurement or element of the brain response pattern (Haxby et al., 2014). When multiple
stimuli are involved, these patterns form matrices that capture the brain’s response to each
stimulus as a geometric structure in the high-dimensional space. Each row of the matrices
corresponds to the brain’s response to a specific stimulus, and each column reflects activity
in a specific brain region (such as an fMRI voxel). The geometric structure of these response
patterns has been shown to be highly similar across individuals (Connolly et al., 2016,
2012b, 2012a; Diedrichsen & Kriegeskorte, 2017; Guntupalli et al., 2016; Kriegeskorte &
Kievit, 2013). Prior to hyperalignment, these functional pattern vectors are instantiated in the
spatially organized cortical topography of a given individual. Hyperalignment uses the inter-
individual similarity in vector geometry to align brain activity patterns across subjects into a
shared representational space, minimizing differences between corresponding vectors while
preserving the geometric structure that reflects underlying neural representations (Figure 3.1).
Hyperalignment algorithm begins by selecting one subject as the initial reference template
and aligning another subject’s brain activity to this template using Procrustes transformation
(Schonemann, 1966). After this alignment, the reference template is updated by averaging
the aligned brain activity with the current template. This process continues iteratively: each
subsequent subject’s brain activity is aligned to the most recently updated template, and the
template is further refined by incorporating the aligned brain activity of the new subjects.
In the second step, each subject’s original brain activity is aligned to the refined template
(obtained after the first step). The aligned activity in this template space is averaged to create
the finalized shared template. Finally, in the third step, each subject’s brain activity is aligned
to the final template, and an orthogonal transformation matrix is derived for each subject.
While the study of Haxby et al. (2011) is originally used to align brain data in the human
ventral temporal (VT) cortex, hyperalignment has been extended to the whole cortex. This
extension brings substantial computational challenges due to the drastically increased data

dimensionality compared to region-specific alignment. There are two primary strategies to
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Fig. 3.1 Hyperalignment. The cortical responses of two subjects are in the high-dimensional
individual brain spaces. Hyperalignment transforms cortical response vectors into a shared
model space where patterns for the same brain state (corresponding to a given stimulus,
condition, or task) are aligned across subjects.

perform functional alignment on the whole cortex: the searchlight (Guntupalli et al., 2016;
Kriegeskorte et al., 2006) and the piecewise aggregation strategy (Bazeille et al., 2021). Both
frameworks rely on first learning local functional transformation relationships within different
small regions of the brain, and then integrating these local transformations into a large-scale
alignment scheme that covers the whole cortex (Figure 3.2). The searchlight alignment
strategy draws on an idea similar to that of a “sliding window,” where a large number of small,
overlapping spherical regions with a fixed radius are defined in the cortex. The advantage of
this approach is that the researcher does not have to rely on any prior functional or anatomical
boundaries (e.g., such as those derived from parcellation atlases) and is able to explore in a
data-driven manner. Within each spherical region, the hyperalignment algorithm is performed,
and it learns a localized functional transformation. The final alignment is obtained by pooling
the transformation results from all overlapping regions. A limitation of this approach is
that the aggregated transformation may lose the properties (e.g., orthogonality, isometry)
preserved in the local transformations. The aggregated transformation is also confined by
searchlight size. Larger searchlight size enables accommodating more variation in individual
topographies but reduces spatial specificity. The optimal searchlight size likely varies across
brain regions and tasks, yet this remains underexplored.

The piecewise alignment strategy (Bazeille et al., 2019) is another way to align brain
data across the whole cortex, which can also be regarded as a variant of hyperalignment. It
divides the cortex into a set of non-overlapping regions or parcels. These parcels can be
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Fig. 3.2 Piecewise and searchlight alignment. Transformations are computed separately for
the red, blue, and green regions. The green region appears only in the searchlight method,
where it overlaps both red and blue areas. In the piecewise approach, the green region
is not included because it corresponds to a searchlight overlapping both the red and blue
areas. Piecewise transformations from non-overlapping parcels can be combined into a larger
orthogonal matrix. In contrast, searchlight transformations are averaged in overlapping areas,
resulting in a final transformation that is no longer strictly orthogonal. Adopted from Bazeille
et al. (2019), used under CC BY 4.0 license.
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delineated based on a priori anatomical or functional information, or they can be learned
directly from the dataset using data-driven techniques like k-means clustering. Then, local
functional transformation is calculated for each separate parcel. Finally, all individual parcel-
specific transformations are concatenated to form a single transformation matrix covering
the whole cortex. In contrast to the searchlight method, the aggregated transformation
generated via this piecewise approach can preserve the desired mathematical regularities that
were imposed locally. However, this approach relies on these partition boundaries (whether
predefined or learned). This dependence can potentially introduce artificial discontinuities,
sometimes referred to as “staircase effects,” or other functionally irrelevant changes into the
final transformation, particularly at the borders between adjacent parcels.

In summary, hyperalignment methods offer powerful tools for neuroimaging research
by addressing inter-individual variability in functional brain organization. They enable
more precise investigations of shared neural representations at the group level. However,
applying hyperalignment at the whole-brain (whole-cortex) level requires processing large-
scale neural response matrices, resulting in significant computational demands. To manage
these challenges across larger brain regions, approaches such as searchlight alignment and
piecewise alignment have been developed. The searchlight method offers flexibility, but
this may not guarantee the regularity of the final transformation. In contrast, the piecewise
approach preserves the mathematical structure but may introduce artifacts related to the
imposed parcel boundaries. The choice between these strategies should be guided by the
specific research question, the nature of the data, and the trade-off between preserving

transform properties and avoiding artificial discontinuities.

3.3 Neural code converter

A neural code converter is another functional alignment method, introduced by Yamada
et al. (2015). The core idea of this method is to learn the statistical relationships between
brain activity patterns evoked by pairs of subjects when presented with identical stimuli
(Figure 3.3). Unlike hyperalignment, which estimates a shared representational space, the
neural code converter is a pairwise alignment method that directly transforms brain activity
patterns from one subject to another. This direct mapping enables seamless integration with
downstream models trained on the target subject, providing greater flexibility.

In this pairwise alignment approach, both subjects are presented with an identical set
of visual stimuli, which typically consists of random-patterned images in their study. The
fMRI responses evoked in each subject by the same stimuli are then paired and used to train

a series of linear regression models. Each model predicts the fMRI signal of a specific voxel
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Fig. 3.3 Neural code converter. (A) A pair of subjects is presented with an identical (or
shared) set of stimuli. A neural code converter model is then trained to predict the brain
activity patterns of the target subject based on those of the source subject. (B) When a
novel stimulus is presented to the source subject, the trained neural code converter predicts
the corresponding brain activity pattern in the target subject, representing the same content.
Adapted from Yamada et al. (2015), copyright 2015 with permission from Elsevier.

in the target subject, using the corresponding brain activity pattern from the source subject.
Together, these linear regression models are the neural code converter. In the testing phase,
the converter is applied to brain activity patterns evoked by new visual stimuli that were not
used during training. This allows the brain activity of the source subject to be transformed
into a predicted pattern for the target subject, representing the same content.

Although the original neural code converter relied on a specific linear regression model,
its framework can accommodate other regression architectures as well. In the original study,
Yamada et al. (2015) focus on the early visual area (V1), and the sample size of fMRI data
used to train the model is often smaller than the number of voxels within that ROI, which
tends to lead to overfitting problems. To mitigate this issue, they use sparse regression
methods based on automatic relevance determination (ARD) a priori, which automatically
selects a small number of voxels relevant to the prediction. This approach constrains the
complexity of the model and improves the generalization ability of the model. Ho et al. (2023)
extended the neural code converter method to the broader region (whole visual cortex), using
a ridge regression model as the architecture. In contrast to ARD, which promotes sparsity by
selecting only a subset of relevant voxels, ridge regression employs an L2 regularization that

shrinks all coefficients but retains all features, making it more suitable when one assumes
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most voxels contribute weakly to the prediction. Similar ridge regression-based approaches
are also used in the cross-individual visual decoding analysis Ferrante et al., 2024 and
language decoding analysis (Tang & Huth, 2025). Beyond linear models, researchers have
also explored nonlinear architectures for neural code conversion, particularly in scenarios
where the underlying relationships between brain activity and cognitive states are highly
complex or noisy. For instance, Lu and Golomb (2023) introduced a U-Net-based nonlinear
model for EEG signal conversion. Given the inherently low signal-to-noise ratio of EEG
data, the U-Net’s hierarchical feature extraction and skip connections allow it to capture
intricate nonlinear mappings across individuals. Their results demonstrate the effectiveness
of nonlinear architectures in improving conversion performance for EEG signals. These
approaches reflect the broader idea of the neural code converter framework. The notion of a
neural code converter encompasses any model capable of capturing the statistical mapping of
brain activity patterns across individuals, regardless of the specific architecture used.

3.4 Other alignment methods

While many functional alignment methods operate directly in the original brain activity space,
such as classical hyperalignment and neural code converters, a growing number of derived
approaches perform alignment through a latent space. These methods project individual brain
data into shared latent spaces to reduce variability and enable cross-individual comparison.
Although they differ in implementation, their core principle is consistent: aligning neural
representations in a common representational space across individuals.

The SVD-Hyperalignment algorithm proposed by Chen et al. (2014), applies a joint
Singular Value Decomposition (SVD) to response matrices across subjects in order to reduce
the dimensionality of fMRI data prior to alignment. In this framework, dimensionality
reduction and functional alignment are treated as two separate, sequential steps: the joint
SVD extracts a shared low-dimensional feature space, and hyperalignment is subsequently
performed within this reduced space. This approach improves computational efficiency
and can enhance alignment robustness by focusing on the most informative components of
brain activity. Further, the Shared Response Model (SRM; Chen et al., 2015) introduces a
popular approach by combining dimensionality reduction and functional alignment into a
joint optimization framework. SRM assumes that, during shared stimuli presentation, each
subject’s brain activity is generated from a common set of latent variables via subject-specific
linear projections. By jointly optimizing the shared latent response and subject-specific
projection matrices, SRM effectively reduces the dimensionality of voxel-wise data while

preserving shared stimulus-driven dynamics. Richard et al. (2019) similarly introduced the
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fast version of SRM algorithm based on an intermediate atlas-based representation. There
methods are particularly well-suited for tasks involving group-level representation learning,
such as inter-individual decoding or functional clustering.

Gradient Hyperalignment (GHA; Xu et al., 2018) addresses both functional alignment
and high-dimensionality in multi-subject fMRI data by combining Independent Component
Analysis with stochastic gradient ascent. Unlike traditional approaches relying on closed-
form transformations (e.g., Procrustes analysis), GHA learns subject-specific linear mappings
that maximize statistical independence, iteratively updating a shared template based on
the average of projected data. This enables scalable, dynamic alignment suited for large
datasets. Regularized Canonical Correlation Analysis (rCCA; Bilenko and Gallant, 2016),
offers an alternative by maximizing shared variance across subjects in a common low-
dimensional space. It extends classical CCA with L2 regularization and supports both linear
and nonlinear mappings, achieving robust alignment without requiring anatomical templates,
and has been validated on tasks such as time-segment matching and movie classification.
Manifold alignment methods (Gao et al., 2021; Nenning et al., 2015) assume individual
brain activity lies on subject-specific low-dimensional manifolds and seek to align these for
better cross-individual comparison. Gao et al. (2021) showed that nonlinear techniques like
Diffusion Maps can reveal shared brain dynamics, while Nenning et al. (2015) proposed
a two-step method using manifold alignment followed by coupled joint diagonalization to
refine functional correspondence. These approaches are particularly powerful for capturing
complex, nonlinear patterns in brain function that traditional linear methods may overlook.

Recently, deep learning-based methods have been proposed to model complex, nonlinear
mappings of neural representations across subjects. Chen et al. (2016) introduced a Convo-
lutional Autoencoder (CAE) for whole-brain functional alignment, treating fMRI volumes
as 3D spatial data and using convolutional layers to learn hierarchical features that preserve
local spatial structure. By minimizing reconstruction error, CAE captures shared functional
patterns in a compact latent space while reducing subject-specific noise, without requiring
anatomical normalization. Similarly, Deep Hyperalignment (DHA; Yousefnezhad and Zhang,
2017) extends the hyperalignment framework using subject-specific neural networks to learn
nonlinear transformations into a common space. Combining stochastic gradient descent with
rank-reduced SVD, DHA achieves scalable, subject-independent alignment and outperforms
classical hyperalignment methods, especially on high-dimensional datasets.

Moving beyond alignment alone, recent approaches have explored multi-subject brain
decoding by integrating functional alignment into representation learning, enabling more
robust generalization across individuals. Chen et al. (2023a) introduced MinD-Vis, which

implicitly aligns subject data by learning a shared sparse-coded latent space through self-
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supervised masked modeling. They proposed Sparse-Coded Masked Brain Modeling (SC-
MBM), a voxel-masking strategy inspired by masked autoencoders (MAE; He et al., 2021)
and sparse coding, to extract context-aware fMRI features that guide a latent diffusion model
for image reconstruction. Similarly, fMRI-PTE (Qian et al., 2023) pretrains a large-scale
transformer encoder on surface-based fMRI using a reconstruction objective, then transfers it
to downstream tasks such as semantic classification or brain-to-text/image mapping. While
MinD-Vis focuses on image generation, fMRI-PTE builds a general-purpose encoder for
flexible decoding. Related strategies are also used in MinD-Video (Chen et al., 2023b)
to reconstruct videos from brain activity. By learning shared latent representations from
large-scale data, these approaches reduce inter-subject variability and enable more robust,
scalable multi-subject brain decoding.

As alignment strategies shift from unsupervised pretraining to brain decoding task-driven
supervision, Zhou et al. (2024) introduced CLIP-MUSED, which integrates representation
alignment and decoding in a unified model. The model introduces learnable subject-specific
tokens into a Transformer encoder to disentangle individual variability while learning shared
global representations. To encourage cross-individual consistency, it employs CLIP-derived
representational similarity analysis (Kriegeskorte, 2008) as a regularization signal, aligning
neural responses based on the topology of visual embeddings from the CLIP model (Radford
et al., 2021). In parallel, the model is trained to predict semantic categories through a
supervised classification loss applied to the shared representations. This joint optimization
enables CLIP-MUSED to effectively align multi-subject data while preserving task-relevant
information for downstream decoding. MindEye2 (Scotti et al., 2024) adopts a similar
strategy by first using subject-specific ridge regression to project individual fMRI responses
into a shared latent space (Figure 3.4). These aligned representations are then mapped to CLIP
image embeddings through a unified deep network, which conditions a generative diffusion
model for image reconstruction. Similar to CLIP-MUSED, the training process combines
alignment with downstream supervision, optimizing both representational consistency and
reconstruction quality across subjects. This design enables MindEye?2 to achieve high-fidelity
reconstruction using only limited fMRI data per subject, while supporting generalization
to new individuals and stimuli. Similar strategies have been used in other multi-subject
reconstruction methods (Bao et al., 2024; Gong et al., 2024; Quan et al., 2024).

Classical functional alignment methods, such as hyperalignment (Haxby et al., 2020)
and neural code converters (Ho et al., 2023; Yamada et al., 2015), typically require shared
stimuli across subjects to establish voxel- or pattern-level correspondence in representational
space. This dependence on time-locked or stimulus-matched data poses challenges for

broader applications, particularly in large-scale datasets across collection cites where such
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Fig. 3.4 The overview of the MindEye2. The model first projects individual fMRI responses
into a shared latent space using subject-specific ridge regression. These aligned representa-
tions are then transformed into CLIP image embeddings, which subsequently guide image
reconstruction via a generative diffusion model. Adopted from Scotti et al. (2024), used
under CC BY 4.0 license.

requirement is often unavailable. Recent deep learning-based approaches have partially
alleviated this constraint by performing alignment implicitly within decoding frameworks
(Bao et al., 2024; Gong et al., 2024; Quan et al., 2024; Scotti et al., 2024; Zhou et al.,
2024), where cross-individual correspondence emerges through task supervision such as
classification or reconstruction. However, in these models, alignment is not treated as an
explicit objective, and the structure of the resulting shared representational space remains
underexplored.

3.5 Application of functional alignment

Understanding whether and how neural representations of visual information are shared
across individuals is a fundamental goal in cognitive neuroscience. Despite significant
anatomical and functional variability between brains, humans often perceive and interpret
similar stimuli in highly consistent ways. Functional alignment techniques offer a powerful
framework to investigate this shared mechanism by transforming individual brain activity
patterns into a common representational space. This shared space enables researchers to
examine the generalizability of neural representations across subjects, providing insight

into population-level mechanisms of human perception. The central idea is to first train an
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Fig. 3.5 The inter-individual reconstructed artificial images from the V1 area. Adopted from
Yamada et al. (2015), copyright 2015 with permission from Elsevier.

encoding or decoding model using brain data from one subject in a shared space (which can
be the subject’s native brain space), and then apply it to another subject whose brain data
have been aligned to the same space. If the model still has good performance on the new
subject, this suggests that the neural representations it captures are, to some extent, shared
across individuals.

Several studies have provided empirical support for this framework by demonstrating
that visual features can be shared across individuals after functional alignment. The human
brain encodes fundamental image properties such as contrast and spatial layout at the early
stages of visual processing. Research on inter-individual visual image reconstruction has
shown that these low-level features are decodable not only within individuals but also across
individuals when their brain activity is appropriately aligned. For example, Miyawaki et al.
(2008) first used local decoders to reconstruct contrast patterns from fMRI signals in V1,
providing a tool to visualize the perceptual experience. Extending this work, Yamada et al.
(2015) trained neural code converters using brain responses to random patches from two
different subjects. They used neural code converters to align brain activity across subjects
and found that image reconstructions based on converted brain activity closely resembled
those based on the measured activity of the target subject (Figure 3.5). These findings suggest
that contrast-related neural representations are, to some extent, shared across individuals.

The visual system is organized hierarchically, beginning with the processing of basic
visual features in early areas such as the retina and primary visual cortex (V1), and progress-
ing to higher-order regions that handle complex tasks like object recognition and spatial
perception. This layered structure allows the brain to construct a coherent understanding
of the visual world from simple sensory inputs, and has inspired the design of artificial
vision systems. At higher levels of this hierarchy, the brain encodes increasingly abstract
visual information, including object categories and identities. Haxby et al. (2011) applied

hyperalignment to fMRI data collected while participants viewed a movie, enabling the
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construction of a shared representational space across subjects. They aligned brain data
of different subjects into this shared space, and trained object classifiers on aligned data
from one participant and tested them on others. The classifiers achieved similar accuracy in
within-subject and between-subject scenarios. This result demonstrates that representations
of object identity, including human faces, animal faces, houses, and other objects, can be
preserved across individuals after alignment. These findings support the view that high-level
categorical representations are organized in a consistent manner across individual brains, par-
ticularly within regions such as the fusiform face area (FFA), lateral occipital cortex (LOC),
and parahippocampal place area (PPA), which are known for their selectivity to specific
object categories as shown in previous studies (Epstein & Kanwisher, 1998; Kanwisher et al.,
1997; Kourtzi & Kanwisher, 2000).

A recent study by Ho et al. (2023) provides further evidence that hierarchical visual
representations can also be shared across individuals using functional alignment. Following
Yamada et al. (2015), they trained a neural code converter between pairs of subjects using
fMRI activity patterns from the whole visual cortex, recorded while participants viewed
the same natural image stimuli. They performed ablation analysis by excluding individual
source visual areas from the converter model to assess their impact on prediction accuracy.
The largest performance drops typically occurred when the excluded area matched the
target region, showing a hierarchical correspondence. This result suggests that the model
automatically learns to align brain patterns in a way that respects the hierarchical structure of
the visual system without anatomical guidance. They also studied decoded DNN features
from converted brain activity and identified the brain region that best predicted each DNN
unit, as Nonaka et al. (2021) did. The distribution of top visual areas across DNN layers
showed a hierarchical correspondence, where lower-level brain regions best predicted features
from early DNN layers, while higher-level regions were more strongly associated with high-
level layers. Image reconstructions using DNN features decoded from the converted brain
activity also capture the main features of the natural image stimuli, including shapes and
colors (Figure 3.6). These results support that the hierarchical visual representations can also
be shared across individuals after neural code conversion.

In addition to hierarchical visual representations, the extent to which retinotopic organi-
zation is preserved after functional alignment has attracted considerable interest. Retinotopy
refers to the orderly mapping of visual information from the retina onto the visual cortex,
where neighboring points in the visual field correspond to neighboring regions in the brain.
This organization, as detailed by Engel et al. (1994), is most clearly observed in the primary
visual cortex (V1). Yamada et al. (2015) showed that neural code converters preserved both

eccentricity and polar angle information when converting brain activities from one individual
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Fig. 3.6 The inter-individual reconstructed natural images from the whole visual cortex.
Adopted from Ho et al. (2023), used under CC BY 4.0 license.

to another. They found that the transformation matrix gave higher weights to source voxels
with similar eccentricity and polar angle as the target voxel. This indicates that when a stimu-
lus moves across the source subject’s visual field, the converted activity in the target brain
reflects the expected retinotopic pattern at the corresponding cortical location. Subsequent
studies by Bilenko and Gallant (2016) and Guntupalli et al. (2016) further demonstrated that
retinotopic structure can be maintained across individuals after functional alignment beyond
the primary visual cortex (V1). Feilong et al. (2023) also used the Individualized Neural
Tuning (INT) model to examine whether visual field encoding, specifically eccentricity and
polar angle, is consistent across individuals. They trained the INT model using brain activity
collected during naturalistic movie viewing and used it to predict retinotopic maps based on
leave-one-subject-out cross-validation. Predicted eccentricity and polar angle maps were
compared to actual maps obtained from the experiment. The predicted maps closely matched
the measured ones, with higher correlations than those between separate runs of the localizer.
This suggests that the model preserved detailed spatial organization in early visual areas.
These results suggest that not only the representational content of visual information but also
its retinotopic organization are preserved after functional alignment.

While object recognition has been a central focus in visual neuroscience, real-world per-
ception often involves understanding complex natural scenes filled with actions, relationships,
and contextual cues. Natural scenes contain a wide range of semantic information that goes
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beyond simply identifying objects. Understanding such scenes involves interpreting actions,
relationships, and the broader context in which events occur. For instance, perceiving a
classroom scene includes identifying students and desks, but also understanding the ongoing
activity, the teacher-student interaction, and the educational setting implied by the environ-
ment. These types of semantic information are represented not in a single brain region, but
across widespread neural systems, reflecting how the brain integrates different elements to
form a coherent understanding of complex situations (Huth et al., 2016). Van Uden et al.
(2018) investigated how to build semantic encoding models that generalize across individuals.
Participants watched a natural movie while each time point was labeled with word embed-
dings describing semantic content. They trained three types of models: individual-specific
models, between-subject models using anatomical alignment, and between-subject models
using hyperalignment. To assess performance, they predicted brain activity for held-out
movie segments and calculated the correlation between predicted and actual voxel responses.
Anatomical alignment led to lower prediction accuracy and more spatially diffuse tuning, with
broad regions showing similar semantic selectivity, making it hard to tell which voxels were
selective for specific semantic information. In contrast, hyperalignment produced sharper,
more localized tuning maps that closely resembled the within-subject models. Moreover,
models using hyperalignment achieved higher voxel-wise prediction scores across most of
the cortex, particularly in temporal and parietal regions, indicating better preservation of
individual semantic encoding patterns across brains. Their study demonstrated that functional
alignment enables semantic models to generalize across subjects while preserving semantic
representations.

Semantic information is represented not only in visual processing but also in language
comprehension. Semantic representations reflect the abstract concepts and relationships
that underlie both what we see and what we hear. These representations are not limited
to a single sensory modality and are distributed across higher-level brain regions. Recent
studies have shown that semantic information can be decoded from both visual and auditory
inputs, including spoken stories, silent videos, and even imagined language. Tang et al.
(2023) developed a method to reconstruct continuous, semantic language from fMRI data.
Their approach combined an encoding model that mapped semantic features to brain activity
with a decoding strategy that selected language sequences consistent with observed neural
signals. The reconstructed texts closely matched the semantic information of the original
stimulus, and the method generalized to imagined speech and nonverbal stimuli. However,
decoding models were highly participant-specific and failed to generalize across individuals
directly, highlighting the need for individualized training. Based on this language decoding

work, Tang and Huth (2025) further investigated whether semantic decoders trained on
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one individual could be transferred to another using functional alignment, and whether this
alignment could be achieved through nonverbal stimuli, such as silent movies. Using a
two-step process, they first trained linear neural code converters to project brain activity
from a target subject into the space of a reference subject, based on paired brain responses
to either shared spoken stories or shared silent films. A semantic decoder trained on the
reference brain was then applied to the aligned activity patterns of the target subject. Their
results demonstrated that cross-individual decoder transfer was feasible. Decoders trained
on one subject could reconstruct semantic word sequences from another’s brain activity,
with semantic similarity scores significantly above baseline. In addition, converters trained
on silent movies performed as well as those trained on language input, suggesting that
nonverbal stimuli can provide a sufficient basis for semantic alignment. Moreover, the
approach remained robust across cortical regions and even under simulated cortical lesions.
Cross-individual decoders also outperformed within-subject decoders when training data for
the target participant was limited. These findings show that semantic representations are not

only stable across modalities but also widely shared across individuals.

3.6 Summary

This chapter reviewed a range of functional alignment methods aimed at addressing individual
variability in brain function by transforming brain activity into a shared representational space.
These approaches allow researchers to compare neural representations across individuals and
support generalizable brain models.

Classical models such as hyperalignment and neural code converters offer foundational
methods for aligning brain activity, either by preserving geometric relationships in represen-
tational space or directly mapping activity between subjects. Both have been extended from
early visual areas to the whole brain, demonstrating reliable alignment of object categories,
image features, and spatial layouts. Other alignment methods adopt a common strategy of
projecting individual brain activity into a shared latent space, using techniques such as dimen-
sionality reduction or deep representation learning. These approaches reduce inter-subject
variability and support flexible alignment, often integrated with downstream tasks such as
decoding or reconstruction.

Empirical applications across vision and language have illustrated the use of functional
alignment in capturing shared neural representations. Not only low-level visual features
(e.g., contrast and retinotopy) but also high-level semantic content can be preserved and
decoded across individuals after alignment. Moreover, semantic language alignment can

be achieved even using nonverbal stimuli, such as silent movies. These results suggest that
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functional alignment helps reveal shared neural representation and provides practical tools
for enhancing the generalizability of brain decoding models.

While these methods have shown promising results, they may also have limitations.
Classical alignment methods, such as hyperalignment and neural code converters, provide
interpretable frameworks for aligning brain activity but typically rely on shared stimuli,
limiting their use in naturalistic or clinical settings where shared stimuli is often unavailable.
In contrast, recent deep learning approaches embed alignment within decoding models,
enabling subject data to be aligned without shared stimuli. However, the alignment is often
not an explicit objective in these models, and the resulting shared spaces tend to be less
interpretable. Future research should integrate the strengths of both paradigms: combining
the interpretability of classical methods with the flexibility of deep learning may yield more

robust and generalizable alignment models that support scalable brain decoding.



Chapter 4

Within-individual brain decoding

4.1 Introduction

Decoding perceptual and cognitive states from brain activity is an important goal in cognitive
neuroscience and brain-machine interface research. A standard approach is within-individual
brain decoding, which aims to infer mental representations by building models based solely
on data from the same individual. Unlike across-individual decoding methods that require
normalization or alignment to address inter-individual variability in brain structure and
function, within-individual decoding directly uses data from the same individual, leveraging
functional architecture that is stable within the individual but idiosyncratic across individuals.
This approach usually enables more accurate and personalized inference, providing insights
into how perceptual experiences are represented in the brain at the individual level.

Recent advances in deep neural networks (DNNs) have further enhanced the within-
individual brain decoding approach. DNNs trained on large-scale visual datasets extract
hierarchical feature representations that closely resemble the organization of the human
visual cortex, making them effective intermediaries between stimulus features and brain
activation patterns. Integrating these powerful representations into brain decoding enables
not only the decoding of object information but also the reconstruction of visual images from
brain activity.

This chapter reviews DNN representations and within-individual brain decoding. Section
4.2 introduces the DNN architectures used as feature extractors, highlighting their hierarchical
structure and relevance to visual processing. Section 4.3 reviews brain decoding and visual
image reconstruction methods. Section 4.4 outlines our within-individual decoding setup,
detailing the selection of DNNs, decoding models, and reconstruction pipelines. These

components establish a framework for decoding within-individual visual experiences and
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provide a methodological foundation for extending decoding analyses across individuals in

the following chapters.

4.2 DNN architectures and content representations

Deep neural networks have transformed artificial intelligence by enabling effective extraction
of meaningful representations from complex data. Their architectural design plays a central
role in shaping the scale, abstraction level, and richness of learned features. In this subsection,
we provide an overview of representative DNN architectures and discuss the key principles
underlying their design and the resulting content representations.

DNNs are inspired by the structure and function of biological neural systems. Early
models such as the Perceptron, proposed by Rosenblatt (1958), laid the theoretical foundation
for neural network research. Progress slowed during the 1970s and 1980s, despite important
developments like the Neocognitron (Fukushima, 1980) and LeNet (LeCun et al., 1989, 1998),
which introduced key ideas later used in convolutional neural networks. The resurgence of
interest in the 2010s was driven by the availability of large-scale labeled datasets, increased
computational power, and advances in training algorithms. A major turning point came with
the success of AlexNet (Krizhevsky et al., 2012) in the 2012 ImageNet challenge, which
demonstrated the practical potential of deep convolutional networks for image recognition
and accelerated progress in deep learning research.

Following the success of AlexNet, convolutional neural networks (CNNs) have emerged
as the dominant architecture for image representation and analysis. A typical CNN con-
sists of an input layer for receiving image data, multiple hidden layers for hierarchical
feature extraction, and an output layer for classification or prediction. The hidden layers are
composed of several essential components, including convolutional layers, pooling layers,
fully connected layers, and activation functions. Convolutional layers form the backbone
of CNN:gs, responsible for detecting local patterns in the input image. These layers apply a
set of learnable filters (also known as kernels) that slide across the input image, performing
convolution operations to detect local patterns such as edges, textures, and shapes in the lower
layers, and more complex, abstract features in the deeper layers. Pooling layers, such as
max pooling and average pooling, follow convolutional layers to downsample feature maps,
reducing spatial dimensions and computational costs while imparting translation invariance.
Finally, fully connected layers are usually placed at the end of the network, where each unit
connects to all activations from the previous layer. They learn high-level abstract features
and produce the final feature vector for the input image, which can be used to classify it.

These foundational principles established a solid basis for subsequent advancements, driving
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researchers to investigate deeper, wider, and more efficient CNN architectures for enhanced
feature learning and representation.

One major direction of architectural advancements focused on increasing network depth to
improve representation capacity and model performance. VGGNet (Simonyan & Zisserman,
2014) demonstrated this approach, particularly through its variants VGG-16 and VGG-19
(with 16 and 19 layers, respectively). By systematically stacking multiple 3 x 3 convolutional
filters within a highly uniform and straightforward architecture, VGG demonstrated that
increasing network depth could significantly enhance feature extraction capabilities and
classification accuracy. However, the network’s heavy reliance on large fully connected
layers resulted in a substantial number of parameters, leading to increased computational
and memory demands. ResNet (He et al., 2016) addressed the difficulty of training very
deep networks by introducing residual blocks and skip connections. These designs allowed
networks to learn identity mappings more easily, enabling effective training of extremely
deep models without degradation in performance. ResNet variants, such as ResNet-50 (50
layers), ResNet-101 (101 layers), and ResNet-152 (152 layers), successfully pushed the
boundaries of network depth.

While VGGNet and ResNet primarily focused on exploring greater depth, GoogLeNet
(Szegedy et al., 2014), also known as Inception, increased both the depth and width of
convolutional networks, with a particular emphasis on multi-scale feature extraction through
a widened architecture. GoogLeNet exemplified this approach by introducing the Inception
module, which performs parallel convolutional operations with different filter sizes (1 x 1,
3 x 3, and 5 x 5) within the same layer. This design enabled the network to capture features
at multiple scales while maintaining computational efficiency. To further control model
complexity, 1x1 convolutions were heavily utilized for dimension reduction, allowing a
significant expansion in width without incurring prohibitive computational costs. With its
22 parameterized layers, GoogleNet achieved state-of-the-art performance in the ImageNet
2014 competition while using substantially fewer parameters than previous deep architectures.

Another important direction focused on improving the efficiency of convolutional net-
works. DenseNet (Huang et al., 2018)) embodied this idea by introducing dense connectivity,
where each layer receives the feature maps of all preceding layers as input. This design pro-
motes feature reuse, strengthens gradient propagation, and alleviates the vanishing gradient
problem, allowing DenseNet to achieve high parameter efficiency and competitive accuracy
with fewer parameters compared to traditional deep networks. EfficientNet (Tan & Le, 2020)
proposed a systematic model scaling approach that simultaneously balances network depth,
width, and input resolution through a compound scaling method to uniformly scale all three

dimensions with a set of fixed coefficients. It is built upon a baseline network designed by
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neural architecture search and achieves significantly higher computational and parameter
efficiency compared to previous architectures. These networks reflect a broader shift toward
holistic network design strategies, moving beyond simply making models deeper or wider.

To achieve more scalable and flexible representations, Transformer-based architectures
have been introduced into vision tasks, replacing the traditional convolutional paradigm.
Vision Transformer (ViT; Dosovitskiy et al., 2021) introduced a novel approach by applying
Transformer models, initially developed for natural language processing, directly to image
analysis. In ViT, an input image is divided into fixed-size patches, which are treated as
tokens and processed through a standard Transformer encoder. This design leverages self-
attention mechanisms to capture global dependencies across the entire image, replacing
the local receptive fields of convolutional layers. With sufficient data and computational
resources, ViT demonstrated that Transformer-based models could surpass traditional CNN's
in image classification performance. Following this, Contrastive Language-Image Pretraining
(CLIP; Radford et al., 2021) extended the Transformer framework into a multi-modal setting.
CLIP jointly trains an image encoder and a text encoder to map images and natural language
descriptions into a shared embedding space using a contrastive learning objective. This design
enables zero-shot transfer to a wide range of vision tasks without task-specific fine-tuning,
representing a significant step toward more generalized and scalable visual understanding
systems.

Similar to vision tasks, early neural network models for audio processing largely drew
inspiration from convolutional architectures originally developed for images. Convolutional
neural networks were successfully adapted to handle time-frequency representations such
as spectrograms, treating them as two-dimensional inputs analogous to images. Several key
models include SoundNet (Aytar et al., 2016), which transferred visual representations to
the audio domain, and VGGish (Hershey et al., 2017) and VGGish-ish (Iashin & Rahtu,
2021), both of which are VGG-style networks adapted for large-scale audio classification
tasks. To further capture the temporal dynamics inherent to audio signals, Recurrent Neural
Networks (RNNs) (Rumelhart et al., 1986) and Long Short-Term Memory (LSTM) networks
(Hochreiter & Schmidhuber, 1997) were incorporated alongside CNNs in hybrid architectures.
More recently, Transformer-based models such as the Audio Spectrogram Transformer (Gong
etal., 2021) have been introduced, applying self-attention mechanisms to spectrogram patches
in a manner similar to Vision Transformers, leading to improved performance across a range
of audio recognition tasks.

Motivated by their strong representational capabilities, DNNs have attracted increasing
interest as models for biological visual processing. In particular, CNNs have been proposed

to capture key organizational principles of the primate ventral visual stream. Classic architec-
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tures such as AlexNet (Krizhevsky et al., 2012), VGGNet (Simonyan & Zisserman, 2014),
and ResNet (He et al., 2016) implement a hierarchical, layer-by-layer feature extraction
process that mirrors the progression from early visual areas (e.g., V1, V2, V4) to high-level
regions such as the inferior temporal (IT) cortex (Figure 4.1). In this hierarchy, early CNN
layers detect simple features like edges and colors, similar to V1 neurons, while deeper
layers encode increasingly complex patterns and semantic representations, resembling those
observed in higher visual areas.

Motivated by their strong representational capabilities, DNNs have attracted increasing
interest as models for biological visual processing. In particular, CNNs have been proposed
to capture key organizational principles of the primate visual cortex. Classic architectures
such as AlexNet (Krizhevsky et al., 2012), VGGNet (Simonyan & Zisserman, 2014), and
ResNet (He et al., 2016) use a hierarchical, layer-by-layer feature extraction process inspired
by the structure of the ventral visual stream, progressing from early visual areas like V1
to V2 and V4, and finally to high-level regions such as the inferior temporal (IT) cortex
(Figure 4.1). In CNNgs, early layers detect simple features (e.g., edges, colors), analogous to
V1 neurons, while deeper layers progressively capture more complex patterns and semantic
structures, resembling representations found in higher visual areas.

Human neuroimaging studies have revealed a striking parallel between the hierarchical
processing in CNNs and the human visual system. Activation patterns in early CNN layers
show strong correspondence with activity in early visual areas, such as V1 and V2, while
activations in deeper layers align with higher-level ventral stream regions, including the lateral
occipital cortex (LOC) and inferior temporal (IT) cortex. Using representational similarity
analysis (RSA) (Kriegeskorte, 2008), Khaligh-Razavi and Kriegeskorte (2014) and Cichy
et al. (2016) demonstrated that the representational geometry learned by deep supervised
CNNss closely matches the structure of human fMRI activity patterns, with predictive power
approaching the estimated noise ceiling in certain visual areas. Encoding model approaches
(Gii¢lii & Van Gerven, 2015) have similarly revealed hierarchical correspondences between
CNN activations and human cortical responses. Furthermore, decoding studies have provided
additional evidence for this hierarchical relationship. Horikawa and Kamitani (2017) showed
that features extracted from different CNN layers contributed differentially to decoding
performance across brain areas, with lower CNN layers better aligning with early visual
areas and higher CNN layers corresponding to higher-order regions such as the LOC.

Beyond human neuroimaging findings, similar correspondences have been observed at
the single-neuron level in non-human primates. Neurophysiological studies have shown
that units in CNNs optimized for object recognition account for a significant portion of the

explainable variance in mid-level (V4) and high-level (IT) neuronal responses (Cadieu et al.,



4.3 Brain decoding and visual image reconstruction 5§

2014; Yamins et al., 2014), with performance-optimized CNNs predicting approximately
50-60% of the variance. Although early computational models captured relatively little
neural variance, these findings suggest that deep CNNs represent a significant advance in
building biologically relevant models of visual processing.

In our study, we use the hierarchical feature representations learned by DNNs to decode
perceptual experiences from brain activity patterns. We select DNN architectures that have
demonstrated a strong correspondence to brain representations in the visual cortex, such as
VGGNet (Simonyan & Zisserman, 2014), VGGish-ish (Iashin & Rahtu, 2021), and AlexNet
(Krizhevsky et al., 2012). In addition, we include features extracted from CLIP (Radford
et al., 2021), a model based on a fundamentally different architecture, for supplementary
analysis. By using content representations from these neural networks, we aim to capture the

neural representations that underlie perceptual experiences across individuals.

4.3 Brain decoding and visual image reconstruction

Brain decoding refers to the process of inferring a person’s perceptions or thoughts from
measurements of their brain activity, offering a valuable approach for investigating the
neural representations underlying cognition and perception. Within-individual decoding
involves training and testing models on data collected from the same individual, using the
consistency of that person’s brain responses to infer perceptual or cognitive states. This
approach leverages subject-specific functional organization, thereby avoiding the anatomical
and functional variability that typically arises across different individuals. As a result,
within-individual decoders generally achieve higher accuracy compared to across-individual
decoders, which must contend with variations in cortical folding, voxel correspondence,
and neural tuning. This subsection reviews key methods for within-individual decoding and

stimulus reconstruction from brain activity patterns.

4.3.1 Brain decoding

The success of brain decoding critically depends on the analytical techniques used to interpret
brain signals. Traditional univariate analyses of brain imaging data focus on identifying
localized changes in activation across individual voxels, which have proven valuable for
mapping functional regions. However, these methods often overlook the rich, distributed
patterns of activity that encode complex cognitive and perceptual states (Norman et al.,
2006). To address this limitation, multi-voxel pattern analysis (MVPA) was introduced,
offering a framework for detecting spatially distributed information in brain signals (Haxby
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et al., 2001). Haxby et al. (2001) demonstrated that object categories such as faces and
houses evoke overlapping but distinguishable activation patterns in the ventral temporal
cortex. Even after removing voxels with maximal selectivity for a category, the remaining
distributed pattern still enabled accurate classification of the viewed object. MVPA represents
a critical foundation for modern brain decoding approaches, enabling researchers to infer
perceptual, cognitive, or emotional states from brain activity with higher sensitivity (Haynes
& Rees, 2006). Building on MVPA principles, more sophisticated decoding models have been
developed, ranging from simple classifiers to advanced stimulus reconstruction techniques
(Horikawa & Kamitani, 2017; Kamitani & Tong, 2005; Shen et al., 2019b).

An early demonstration of brain decoding using MVPA was presented by Kamitani and
Tong (2005), who showed that fine-grained visual information, such as the orientation of a
grating stimulus, could be reliably decoded from fMRI activity patterns in early visual areas.
They trained a linear support vector machine as a classifier on brain activity patterns and
found that ensemble patterns across voxels in areas V1-V4 contained sufficient information to
accurately predict the specific orientation being viewed by the subject. Their study introduced
the concept of “ensemble feature selectivity,” highlighting that weak biases in individual
voxels could be pooled together to extract meaningful feature information. Furthermore, they
demonstrated that attention could modulate these patterns: when subjects attended to one
of two overlapping gratings, the ensemble activity shifted to reflect the attended orientation,
allowing for successful “mind-reading” of subjective perceptual states. This work provided
critical empirical evidence that MVPA can uncover fine-scale feature representations and
subjective experiences from non-invasive brain imaging data, establishing a foundation for
modern decoding and stimulus reconstruction studies.

Building on this foundation, decoding techniques rapidly progressed from simple fea-
ture discrimination to the identification of complex naturalistic stimuli. Kay et al. (2008)
introduced a decoding framework that predicted voxel responses to visual stimuli using quan-
titative receptive-field models. By training voxel-wise models on responses to natural images
and matching predicted patterns to measured brain activity, they successfully identified which
novel natural image subjects had seen from a large candidate set. This approach demonstrated
that fine-grained tuning to spatial position, orientation, and spatial frequency in early visual
areas carries sufficient information to decode complex visual experiences, moving beyond
simple category-level decoding and towards the identification of rich, naturalistic percepts.

Beyond decoding externally presented stimuli, researchers have increasingly explored the
possibility of inferring internal cognitive states from brain activity. Harrison and Tong (2009)
demonstrated that the contents of visual working memory could be reliably decoded from

early visual areas, including V1 through V4. Using pattern classification techniques on fMRI
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data collected during delay periods, they showed that even when overall activation levels
dropped to near baseline, the specific orientation held in memory could be predicted with high
accuracy. This finding challenged the traditional view that early visual areas only process
incoming sensory information, suggesting instead that these regions can also maintain fine-
grained feature representations over extended periods to support higher cognitive functions.

Haynes et al. (2007) provided direct empirical evidence that hidden intentions could be
decoded from distributed activation patterns in medial and lateral prefrontal cortex. Using a
delayed intention task combined with multivariate pattern classification, they demonstrated
that participants’ freely chosen intentions to perform addition or subtraction could be pre-
dicted with above-chance accuracy during the preparatory delay period. This study revealed
that prospective goals are spatially encoded in the prefrontal cortex and laid foundational
work for decoding high-level cognitive states beyond simple perceptual experiences. Soon et
al. (2008) extended this line of research by showing that free decisions can be predicted from
brain activity several seconds before reaching conscious awareness. Using a free-choice task
combined with multi-voxel pattern analysis of fMRI data, they demonstrated that patterns in
the frontopolar cortex and precuneus encoded upcoming left or right button choices up to ten
seconds in advance. Their findings suggest that unconscious processes in high-level control
regions shape volitional decisions long before they enter subjective experience.

Beyond cognitive states such as memory contents, intentions, and free choices, Horikawa
et al. (2013) achieved decoding of internally generated visual imagery during sleep. By
training classifiers on brain activity evoked by visual stimuli during wakefulness and applying
these decoders to fMRI patterns preceding awakening, they accurately predicted the visual
content reported by participants from their dreams. Their findings provided compelling
evidence that dream imagery shares neural representations with visual perception and demon-
strated that even spontaneous mental content during sleep can be objectively decoded using
multi-voxel brain patterns.

Motivated by advances in DNN representations, Horikawa and Kamitani (2017) devel-
oped a generic decoding approach capable of identifying arbitrary seen and imagined object
categories from brain activity (Figure 4.2). Leveraging hierarchical visual features extracted
from deep convolutional neural networks, they trained decoders to predict visual representa-
tions for presented images from brain activity patterns. This enabled accurate identification
of both seen and imagined object categories, including categories not encountered during
training, thus achieving a major step towards generalized brain decoding. Their results
also revealed a close correspondence between the hierarchical structure of visual feature

representations in artificial neural networks and the organization of human visual cortex,
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Fig. 4.2 The schematic of generic object decoding using DNN representations. Adapted from
Horikawa and Kamitani (2017), used under CC BY 4.0 license.

highlighting the potential of DNN feature-based methods for advancing brain decoding
technologies.

4.3.2 Visual image reconstruction

Reconstruction of visual images from brain activity constitutes a major milestone in brain
decoding research. It seeks to reproduce the visual experiences of individuals using only
their brain activity patterns. Early attempts at image reconstruction used relatively simple
techniques and stimuli. For example, Miyawaki et al. (2008) showed subjects random
binary patterns and trained a linear model to reconstruct those 10 x 10 pixel patterns from
fMRI signals in the visual cortex (Figure 4.3). In their approach, the visual images were
decomposed into multiple local elements at different spatial scales (1 x 1, 1 x2, 2 x 1,
and 2 x 2 patches). For each local patch, a dedicated decoder was trained using sparse
multinomial logistic regression, automatically selecting the most informative voxels from
early visual areas (V1 and V2) without relying on explicit retinotopic mapping. By optimally
combining the outputs of all local decoders, they successfully reconstructed the full image
from brain activity. Their method allowed accurate reconstruction of both random patterns
and novel structured shapes, such as geometric figures and alphabet letters, even though these
structured images were never used during training. This study provided strong evidence that
complex visual information is distributed across multi-voxel patterns in the brain and that
multiscale representations are crucial for achieving visual image reconstruction.

Extending from simple stimuli to complex natural images, Naselaris et al. (2009) devel-
oped a Bayesian reconstruction framework that integrated multiple sources of information

about brain responses and image structure. Their approach first involved building two sepa-
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rate encoding models: a structural model, which predicted voxel responses based on low-level
Gabor-like features extracted from the image, and a semantic model, which predicted voxel
responses based on the presence of object categories and high-level semantic attributes. In the
reconstruction phase, they applied Bayes’ rule to invert these encoding models, combining
the likelihood of the observed fMRI signals with a strong natural image prior that constrained
the solution space to visually plausible images. Using this hybrid method, they successfully
reconstructed natural scenes that preserved both low-level spatial structure and high-level
semantic content, demonstrating that accurate image reconstruction requires the integration
of hierarchical brain representations and external priors derived from natural image statistics.
Further, Nishimoto et al. (2011) extended static visual image to dynamic visual experiences.
They recorded fMRI responses while subjects watched natural movie clips and developed a
motion-energy encoding model, which separately captured fast visual motion features and
slow hemodynamic dynamics. Using a Bayesian decoding framework and a large prior of
sampled movies, they successfully reconstructed coarse but recognizable dynamic visual
scenes from brain activity, preserving motion trajectories and basic spatial layouts. This
study demonstrated the feasibility of decoding continuous visual experiences from brain
activity under naturalistic conditions.

Recent advances in deep learning have significantly accelerated the progress of visual
image reconstruction from brain activity. Deep neural networks provide powerful feature
representation capabilities, capturing hierarchical and abstract patterns from visual data, while
deep generative models, such as generative adversarial networks (GANSs) and variational
autoencoders (VAEs), offer strong tools for synthesizing realistic images. These advances
have enabled the high-fidelity reconstruction of images from brain activity using deep
generative models.

Seeliger et al. (2018) reconstructed natural images from fMRI activity by training a
linear mapping from brain signals into the latent space of a pre-trained deep convolutional
GAN (DCGAN). This approach enabled the generation of plausible visual reconstructions
corresponding to the perceived stimuli. Giigliitiirk et al. (2017) developed the deep adver-
sarial neural decoding model, combining variational inference with adversarial training to
map brain activity into a GAN latent space optimized for faces, achieving high-fidelity face
reconstructions. VanRullen and Reddy (2019) reconstructed face images from fMRI data
by first training a VAE-GAN on a large face dataset to define a 1024-dimensional latent
space, and then learning a linear mapping from brain activity to this space. The decoded
latent vectors were fed into the generator to synthesize photorealistic faces, enabling accu-
rate reconstruction of gender and identity. Shen et al. (2019a) advanced this direction by

proposing an end-to-end image reconstruction framework, directly mapping fMRI activity to
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reconstructed images. Furthermore, Ren et al. (2021) proposed a Dual-VAE/GAN framework
that introduced a visually guided cognitive latent space, improving the semantic consistency
and perceptual quality of reconstructed images, especially for unseen categories. Gaziv
et al. (2022) developed a self-supervised approach for reconstructing natural images and
decoding semantic categories without relying on extensive paired datasets, by training dual
neural networks to enforce cycle consistency between images and brain activity and applying
high-level perceptual similarity constraints.

Beyond reconstructing externally presented stimuli, recent studies have extended brain
decoding to reconstruct subjective visual experiences, such as mental imagery, attention-
modulated perception, and visual illusions. Based on hierarchical features extracted from
DNNS, Shen et al. (2019b) proposed a powerful reconstruction method that integrates fMRI
decoding with feature inversion to reconstruct both perceived and imagined images. Their
approach involves decoding brain activity into hierarchical DNN features and then optimizing
pixel values so that a generated image matches these decoded features. They incorporated a
deep generator network as a natural image prior to enhance the realism of the reconstructions.
This method produced recognizable images not only for viewed natural and artificial stimuli
but also for imagery task (Figure 4.4A and 4.4B), marking a significant advancement in
reconstructing subjective visual content from brain activity. Using the same reconstruction
framework, Horikawa and Kamitani (2022) showed that top-down attention modulates neural
representations. When participants focused on one of two superimposed images, only the
attended stimulus appeared in the reconstruction (Figure 4.4C), revealing the influence of
selective attention on decoded perception. Cheng et al. (2023) further reconstructed illusory
experiences from brain activity. They mapped brain activity to the DNN features and then
used a GAN-based image generator to reconstruct visual illusions such as illusory lines and
neon color spreading (Figure 4.4D). Their results demonstrated that brain activity associated
with illusions could be translated into perceptual feature representations and visualized as
reconstructed images, revealing that early and higher visual areas differentially contribute to
the representation of illusory percepts.

Recently, diffusion models have emerged as a powerful alternative for image synthesis,
offering superior generation quality and robustness. These models gradually denoise a
random distribution to produce coherent visual outputs and have been increasingly applied
to brain decoding tasks, enabling more accurate and high-resolution image reconstruction.
Takagi and Nishimoto (2023) pioneered this direction by employing a latent diffusion model
conditioned on hierarchical visual features decoded from fMRI. Their model produced
high-resolution reconstructions of perceived natural images, leveraging Stable Diffusion to

generate realistic outputs while enabling interpretability of internal processes through layer-
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wise analyses. Scotti et al. (2023) proposed MindEye, a dual-path framework combining
contrastive learning and a diffusion prior to bridge brain and image embeddings in CLIP
space. By aligning fMRI-derived embeddings with CLIP image space, and feeding them
into Versatile Diffusion, MindEye achieved good reconstruction and retrieval performance.
Chen et al. (2023a) introduced MinD-Vis, which integrates sparse masked modeling of fMRI
with a double-conditioned latent diffusion model. This architecture allowed for high-quality
image generation from limited paired data, surpassing previous methods in semantic fidelity
and perceptual quality. Similar diffusion-based methods (Bao et al., 2024; Gong et al., 2024;
Quan et al., 2024; Scotti et al., 2024) have contributed to the semantic fidelity of visual
image reconstructions. However, when using diffusion models for brain decoding, it is
important to consider the limited diversity of stimuli in the dataset, as overlap of semantic
and visual contents between training and test sets may pose a risk of spurious reconstructions
(Shirakawa et al., 2024).

4.4 Setup of within-individual brain decoding

Building on the theoretical and empirical foundations laid out in the previous subsections,
we now define the methodological setup for within-individual brain decoding used in the

subsequent chapters of this thesis. We adopt a within-individual decoding framework in which
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Fig. 4.5 The schematic of within-individual decoding and image reconstruction. When a
stimulus is presented to a subject, the resulting brain activity patterns are decoded into DNN
features using a decoder trained exclusively on data from the same subject. These decoded
DNN features are then fed into a generator to reconstruct the image as perceived by the
subject.

DNN features are predicted from brain activity patterns using decoders trained exclusively on
data from the same subject, and these features are subsequently used for image reconstruction
(Figure 4.5). This within-individual decoding and visual image reconstruction approach will

serve as the comparison method in our cross-individual analysis in the subsequent chapters.

Selection of DNN architecture

We selected three convolutional neural network models: VGG19 (Simonyan & Zisserman,
2014), AlexNet (Krizhevsky et al., 2012), and VGGish-ish (Iashin & Rahtu, 2021) as sources
of hierarchical feature representations, given their strong correspondence with human visual
cortical hierarchies. Both VGG19 and AlexNet have demonstrated strong representational
similarity with human visual cortical hierarchies, particularly in early and intermediate
visual areas. Their well-characterized architecture and widespread use in previous decoding
studies (Horikawa & Kamitani, 2022, 2017; Shen et al., 2019b) make them reliable feature
extractors for perceptual content. VGGish-ish (Iashin & Rahtu, 2021), a modified VGG-style
model designed for large-scale audio classification, was included to extract features from
audio clips and to explore potential extensions to auditory decoding tasks. In addition, we
incorporated features from CLIP, which provides a fundamentally different architecture and
learning objective, offering a complementary perspective on perceptual representations and
supporting flexible, high-level semantic decoding. These architectures allow us to extract a
range of features spanning from low-level visual features to high-level semantic information,

providing a rich representational basis for decoding.
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Selection of brain decoding method

For brain decoding, we adopt the generic decoding framework developed by Horikawa
and Kamitani (2017), which maps fMRI activity to DNN feature representations. Unlike
categorical classifiers, this approach preserves rich representational information across
multiple levels of visual processing, enabling the decoding of both seen and imagined
objects within individuals. This approach serves as a robust foundation for linking stimulus
representation with neural representation. Following Horikawa and Kamitani (2017), we use
a linear decoder combined with voxel selection to predict DNN features from brain activity.
Linear regression provides a computationally efficient and interpretable method for modeling
the relationship between fMRI signals and high-dimensional feature spaces. Despite its
simplicity, previous studies have shown that linear models can capture much of the relevant
information contained in distributed voxel activity (Cheng et al., 2023; Horikawa & Kamitani,
2017). To further improve prediction accuracy and avoid overfitting, we apply voxel selection
using sparse linear regression, which identifies a subset of informative voxels with non-zero
weights for each feature unit. This strategy not only enhances decoding performance but
also reveals meaningful spatial correspondences between cortical areas and the hierarchical

structure of DNN representations (Horikawa & Kamitani, 2017).

Selection of reconstruction method

To reconstruct images from the decoded DNN features, we primarily adopted the method
proposed by Shen et al. (2019b). This approach performs image reconstruction through
feature inversion by iteratively optimizing the input image so that its DNN features, extracted
by a fixed pretrained network, match the decoded features obtained from brain activity.
We applied the same natural image prior and extended the loss function by adding a Deep
Image Structure and Texture Similarity (DISTS) loss component (Muraki, 2024), which
leverages the spatial characteristics of feature maps to enhance reconstruction detail. Unlike
methods that rely solely on low-level feature inversion or pixel-wise similarity, this approach
aligns brain-decoded features with DNN representations across multiple hierarchical layers,
enabling the capture of both fine-grained visual details and abstract semantic structure. It
generalizes well across diverse image types, even when trained only on natural images.
The method has also proven effective for reconstructing not only externally viewed stimuli
but also subjective visual content, such as mental imagery and attentionally modulated
perception. In our within-individual reconstruction, for reconstructing illusion experiences,
we additionally adopted the GAN-based generator introduced by Cheng et al. (2023).
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4.5 Summary

In this chapter, we introduced within-individual decoding and reconstruction approaches.
We began by reviewing the hierarchical feature representations extracted by deep neural
networks. Then, we reviewed the evolution of decoding and reconstruction methods, which
serve as tools for investigating and externalizing the neural representations of stimuli. Finally,
we described the setup of within-individual decoding and image reconstruction used in this
thesis, including the selection of DNN representations (VGG19, AlexNet, VGGish-ish, and
CLIP), the DNN feature decoding approach, and visual image reconstruction methods. These
elements lay the foundation for the decoding and reconstruction analysis presented in the
subsequent chapters.

While the within-individual decoding framework offers reliable decoding and reconstruc-
tion performance, it typically requires large amounts of fMRI data from each individual
to train the models. Given the practical difficulty of collecting such brain data, especially
across a large variety of stimuli, this limitation highlights the need for more scalable and
generalizable across-individual decoding strategies, which will be further explored in the

subsequent chapters.






Chapter 5

Neural code conversion using content
representations

5.1 Introduction

Individual differences in brain organization are observed at different scales, from macroscopic
anatomy to fine-grained functional topography (Cox & Savoy, 2003; Fischl et al., 2008;
Guntupalli et al., 2016; Haxby et al., 2011; Van Essen, 2005, 2004). These individual
differences may complicate and confound group-level analyses, and make it challenging to
generalize individual-specific models to other individuals. While anatomical alignment can
help mitigate anatomical differences (Fischl et al., 2008; Van Essen, 2005, 2004), it does not
fully account for the variability in functional topography across individuals, likely due to
idiosyncratic neural representations at finer-grained scales (Cox & Savoy, 2003; Guntupalli
et al., 2016; Haxby et al., 2011). Functional alignment can mitigate individual differences in
functional topography. However, it generally requires presenting identical (shared) stimuli to
different individuals to obtain paired brain activity data for model training, which is often
unavailable and thus limits its broader application (Bazeille et al., 2021; Chen et al., 2015;
Guntupalli et al., 2016; Haxby et al., 2011, 2020; Ho et al., 2023; Yamada et al., 2015).

In this chapter, we introduce a flexible pairwise functional alignment model using content
loss-based optimization, which relies on the latent feature representation of stimulus content
and does not require subjects to be exposed to shared stimuli. For each pair of subjects, we
designate one as the target subject and the other as the source subject. First, we pre-train
decoders to predict the latent features of stimuli perceived by the target subject based on their
measured brain activity (Horikawa & Kamitani, 2017). Then, a neural code converter model
is optimized to minimize the content loss between the latent features of the stimulus and
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Fig. 5.1 The schematic of the content-loss-based neural code converter. The target subject’s
training data is used to pre-train the target decoder, whereas the source subject’s training
data is used for the converter training. The converter is optimized so that the converted brain
activity is decoded into content representations that closely resemble that of the stimulus
given to the source subject. During the training stage, there was no need for paired brain data
or shared stimuli between the source and the target.

those decoded from the converted brain activity patterns of the target subject (Figure 5.1).
This training approach for the converter does not rely on paired brain activity (shared stimuli).
To evaluate the method’s ability to convert brain activity patterns between subjects, we
compared the proposed converters optimized with visual content with converters optimized
with paired brain activity in terms of pattern correlation and profile correlation. We also
conducted a sub-wise conversion analysis by training separate converters for each pair of
ROIs between source and target subjects, in order to assess whether our method can capture
hierarchical neural representations. We then examine whether the method remains effective
without shared stimuli, by evaluating conversion performance with both overlapping and

non-overlapping stimuli between converter and decoder trainings.

5.2 Methods

5.2.1 Content loss-based neural code converter

The content loss-based neural code converter for each pair of subjects uses a nonlinear
Multi-Layer Perceptron (MLP) to predict the brain activity patterns of one subject (target)



5.2 Methods 69

from the brain activity patterns of another subject (source). It has two hidden layers with
instance normalization and ReLU functions, and the number of units in each hidden layer is
half that of the input layer. The converter ® takes a source subject’s brain activity pattern
x; € R™ consisting of m voxels’ values, and predicts the target subject’s brain activity pattern
as @(x;) € R", consisting of n voxels’” values. Then, a pre-trained target decoder takes the
converted brain activity pattern ®(x;) and predicts the decoded feature pattern of the image
stimulus as d;; = W;P(x;) +b;, where d;; € R% is the decoded feature pattern consisting of d;
units’ values in the I-th DNN layer for the i-th image stimulus. W; € R%*" and b; € R are
the decoding matrix and bias vector, respectively, of the pre-trained decoder. The converter
is optimized to make decoded features from the converted brain activity similar to the true

features of the source subject’s stimulus. It is trained to minimize the objective function
N L )
ZZZTUHVZZ— WZCI)(X,)—Fbl)H 5.1
i1

where v;; € R% represents true units’ values in the [-th DNN layer for the i-th image stimulus,
N is the number of training samples, and L is the number of DNN layers. 1); is the parameter
that weighs the contribution of the /-th layer, which is set to be 1/||v;||>.

The converter was trained through an iterative process, where each iteration applied a
stochastic decoding strategy across all layers of the VGG19 model (Simonyan & Zisserman,
2014), which comprises 16 convolutional layers and 3 fully connected layers. The number of
units in each layer is as follows: convl_1 and convl_2, 3,211,264; conv2_1 and conv2_2,
1,605,632; conv3_1, conv3_2, conv3_3, and conv3_4, 802,816; conv4 1, conv4 2, conv4 3,
and conv4_4, 401,408; conv5_1, conv5_2, conv5_3, and conv5_4, 100,352; fc6 and fc7,
4,096; and fc8, 1,000. During each iteration, within each convolutional layer, a feature map
was chosen at random, and all its units were subjected to the decoding process. Due to the
much fewer units in the fully connected layers, all units from these layers were decoded in
each iteration. 1,024 iterations were used to ensure the comprehensive involvement of all

DNN units from every layer of the image stimulus during the training stage.

5.2.2 Brain loss-based neural code converter

The brain loss-based neural code converter consists of a set of regularized linear regression
models (Ho et al., 2023). It takes a source subject’s brain activity pattern x; € R” consisting
of m voxels’ values, and predicts the target brain activity pattern as y; = MXx; + ¢, consisting

of n voxels’ values. M € R**™ is the conversion matrix, and ¢ € R” is the bias vector. The
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Fig. 5.2 The comparison of converter training using content loss-based optimization and
brain loss-based optimization. (A) Hierarchical DNN features as visual content. (B) The
content loss-based optimization minimizes the loss between the DNN features decoded from
the converted target activity and those extracted from the corresponding stimulus. The brain
loss-based optimization minimizes the loss between the converted target activity and the
measured target activity.

converter is trained to minimize the objective function
- 2 2
ZM,c) =) [lyi — (Mx;+¢)[[* +A|IM]|z, (5.2)
i

where y; is the measured target subject’s brain activity pattern for the i-th sample, N is the
number of training samples, A is the regularization parameter that is set as described in Ho
et al. (2023), and || - || represents the Frobenius norm.

Different from the content loss-based optimization, which minimizes the loss between
the DNN features decoded from the converted target activity and those extracted from the
corresponding stimulus, the brain loss-based optimization minimizes the loss between the

converted target activity and the measured target activity (Figure 5.2).

5.2.3 Other brain loss-based functional alignment methods

While our analysis primarily focuses on content loss-based neural code converters and their
comparison with brain loss-based converters, we also included other functional alignment
methods based on brain loss for additional comparison, such as pairwise Procrustes trans-
formation and template-mediated Procrustes transformation (hyperalignment; Haxby et al.,
2011).
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Procrustes transformation

The Procrustes transformation is originally introduced by Haxby et al. (2011) for hyper-
alignment analysis. This transformation estimates an orthogonal matrix M € R"*” that
minimizes the discrepancy between the source subject’s brain activity pattern x; € R™ and
target subject’s brain activity pattern y; € R”, under the constraint M' M = I, where I denotes
the identity matrix. The orthogonal matrix M is optimized by minimizing the objective

function

N
L) =Y [lyi — (Mxy)|?, (5.3)

where N is the number of training samples.

Template-mediated Procrustes transformation

The hyperalignment (Haxby et al., 2011) is a template-based alignment method for estimating
a shared representational space across subjects. We also performed pairwise alignment via
hyperalignment, conducting analyses similar to those in the neural code converter. This
template-mediated pairwise alignment first estimates a shared template across subjects using
hyperalignment. Then, it constructs a pairwise Procrustes transformation by first mapping a
source subject’s brain activity onto the template, followed by an inverse mapping from the
template to a target subject’s brain space.

Hyperalignment algorithm begins by selecting one subject as the initial reference template
and aligning another subject’s brain activity to this template using Procrustes transformation.
After this alignment, the reference template is updated by averaging the aligned brain activity
with the current template. This process continues iteratively: each subsequent subject’s brain
activity is aligned to the most recently updated template, and the template is further refined
by incorporating the aligned brain activity of the new subjects. In the second step, each
subject’s original brain activity is aligned to the refined template (obtained after the first step).
The aligned activity in this template space is averaged to create the finalized shared template.
Finally, in the third step, each subject’s brain activity is aligned to the final template, and an

orthogonal transformation matrix is derived for each subject.

5.2.4 Conversion accuracy

We evaluated the conversion accuracy using two metrics: pattern correlation and profile
correlation. Pattern correlation is the Pearson correlation coefficient between the converted
and measured voxel patterns for a test stimulus (Figure 5.3A). Profile correlation, which cal-

culates the Pearson correlation coefficient between the sequences of converted and measured
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Fig. 5.3 Evaluation of conversion accuracy. (A) Pattern correlation. Pearson correlation
coefficient between the converted and measured voxel patterns for a test stimulus was
calculated for pattern correlation. (B) Profile correlation. Pearson correlation coefficient
between the sequences of converted and measured responses of a single voxel to the 50
natural test stimuli was calculated for profile correlation.

responses of a single voxel to the 50 natural test stimuli (Figure 5.3B). Repeated measures of
the brain responses to an identical stimulus in fMRI data are subject to measurement noise,
which impacts the evaluation of conversion accuracy. To address this issue, we performed the
noise ceiling estimation (Hsu et al., 2004; Lescroart & Gallant, 2019). The noise ceiling is
calculated by averaging the correlation coefficients between repeated responses to identical
stimuli, which reflects the maximum performance that the converter model can achieve given
measurement noise in fMRI data. We excluded samples or voxels if their noise ceilings fell
below a specified threshold (the 99th percentile of the distribution from random pairs). The
obtained correlation coefficients were then normalized by dividing the raw values by their
respective noise ceilings. For each individual pair and each ROI, the normalized pattern
correlation coefficients for all test stimuli were averaged to calculate the mean conversion
accuracy (pattern), while the normalized profile correlation coefficients for all voxels were

averaged to calculate the mean conversion accuracy (profile).

5.2.5 Visual subarea-wise conversion

Our main conversion analysis used visual cortex (VC) activity patterns from a source subject
to estimate voxel responses in a target subject. This method, referred to as whole VC
conversion, does not distinguish between functional subareas within the cortex. In contrast,
we also introduce another conversion strategy that aligns the brain activity patterns between
subareas of the source and target subjects, which is subarea-wise conversion (Figure 5.4).
In the whole VC approach, the converter was trained to predict activity patterns in the
target VC using the whole VC of the source subject, with conversion accuracy evaluated
separately for each ROL. In the subarea-wise approach, separate converters were trained
for each ROI to predict activity patterns in target subareas using only the corresponding
source subareas, with accuracy calculated for each ROI individually. We compared these
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Fig. 5.4 The schematic of subarea-wise conversion. The converters are trained for each
combination of subareas between source and target subjects.

two approaches to evaluate the impact of integrating prior anatomical information into the
conversion framework.

To further investigate whether the conversion reflects the hierarchy of visual subareas, we
extended our analysis to all combinations of subareas between source and target subjects.
Unlike the subarea-wise conversion within corresponding ROIs, this analysis involved
predicting activity patterns in a target subarea using different source subareas (e.g., using
source V1, V2, V3, V4, or HVC individually to predict target V1). Similarly, we calculated

conversion accuracy for each combination of subareas individually.

5.2.6 Conversion without shared stimuli

We investigated whether we could perform neural code conversion without shared stimuli. To
examine this, we randomly divided the training samples from the Deeprecon dataset into two
distinct halves based on the categories of stimuli. The source subject was provided with 3000
training samples (600 images from 75 randomly selected categories out of 150 categories,
with five repetitions of each image), and the target subject were given a different set of 3000
training samples (the remaining 600 images with five repetitions each), a condition we refer
to as “Non-overlapping” (Figure 5.5). This strategy was designed to prevent any pairing
in their brain activity patterns. We then trained neural code converters for each individual
pair under this condition and evaluated their conversion accuracy. For comparison, we also
performed the same analysis under an “Overlapping” condition, where the target subject used
training samples the same as the source subject, resulting in overlapping stimuli between the

converter and decoder trainings.
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Fig. 5.5 Non-overlapping stimuli for source and target subjects. The Deeprecon training
samples were randomly split into two distinct halves. Source and target subjects were
allocated different halves of training samples, ensuring no overlap in image stimuli between
the source and target subjects.

5.2.7 Group statistics

We performed group-level statistical inference by showing the group means and confidence
intervals for conversion accuracy. Each data point represents the mean conversion accuracy
corresponding to a unique pair of subjects. Due to potential correlations between pairs
involving the same subject (dyadic dependency), we applied bootstrapping to these dyadic
data points to calculate the group mean and 95% confidence interval. We performed bootstrap
sampling separately on the source and target IDs, obtaining data points of the original sample
size while ensuring that pairs where the source and target IDs were the same were excluded.
The obtained data points were then used to calculate the mean. This process was repeated
1000 times to generate bootstrap replicates, from which we calculated the 95% confidence
interval.

In the comparison of the content loss-based converter with the brain loss-based converter,
we performed post hoc statistical analyses to evaluate the differences. For conversion
accuracy within each ROI, we used Levene’s test to assess the homogeneity of variance of the
two methods, where Levene’s statistic and p-values were computed using mean conversion

accuracies from 20 individual pairs as data points.



5.3 Results 75

A> B>~
0 T 1.00- 05 1.00
E,q\") o o Q 8 SQ)
3%075 : ¢ : : g 8ot 82075
7541 8 8|8 3 o2 o 2 8 © 0.754 ., ., S g9 o
S E gugggﬁggsf’;;g S E ?égégﬁﬁigggg
c Qo504 ¢ ° 40 TV AT 4 8 c 60504 T4+ |vg T+ 41 5
S £ gli: iz ez ttz:; S8 TRt Tt
N = ° 5 o ° 88 o ¢ n - 3 S o o 8§ o ¢ ° .
© 025 ¢ ¢ T g o024 ¢ " o . °F
>9 > 5
e c 9o
80_0-00 T T T T T T 8&0-00 T T T T T T
~ vC V1 V2 V3 V4 HVC vC V1 V2 V3 V4 HVC
ROI Brain loss Content loss ROI

Fig. 5.6 Conversion accuracy. (A) Conversion accuracies measured by pattern correlation.
Distributions of the pattern correlation coefficients of 20 pairs are shown for the VC and visual
subareas. The horizontal bars represent the mean accuracies across the 20 pairs, with vertical
bars representing the 95% C.1I., and each dot indicates an individual pair’s mean correlation
coefficient over stimuli. (B) Conversion accuracies measured by profile correlation. The two
converters are compared as in (B) but with profile correlation coefficients.

5.3 Results

5.3.1 Visual neural code conversion

We first investigated whether brain activity patterns could be reliably aligned across subjects
using a content loss-based converter within the Deeprecon dataset. The whole VC conversion
was performed, and conversion accuracy was evaluated by two metrics: (a) pattern correlation,
which is the Pearson correlation coefficient between the converted and measured voxel
patterns for a test stimulus(Figure 5.2C), and (b) profile correlation, which is the Pearson
correlation coefficient between the sequences of converted and measured responses of a
single voxel to the 50 natural test stimuli (Figure 5.2D). The correlation coefficients obtained
were normalized against their noise ceilings to account for the noise present in fMRI brain
responses across repeated measurements using the same stimulus (Hsu et al., 2004; Lescroart
and Gallant, 2019; see Subsection 5.2.4). To summarize the results, we averaged the pattern
correlation coefficients across all stimuli and profile correlation coefficients across all voxels
within each individual pair and each ROI. For comparison, we also evaluated the brain
loss-based neural code converter (Ho et al., 2023; Yamada et al., 2015; Figure 5.2B; see
Subsection 5.2.2).

Figure 5.6A and 5.6B present the distributions of pattern correlation coefficients and
profile correlation coefficients across all conversion pairs for different ROIs in the target
brain space. Each data point in the Figures corresponds to an individual pair. The mean
pattern correlation for the whole VC using content loss-based neural code converter was
0.62 £ 0.08 (mean with 95% confidence interval) for 20 individual pairs (Figure 5.6A for
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Fig. 5.7 Conversion accuracies of individual pairs. (A) Pattern correlation. The pattern
correlation coefficients for 50 visual stimuli were used to calculate the mean conversion
accuracy (pattern) and the 95% confidence (error bar) in each pair of subjects. (B) Profile
correlation. The profile correlation coefficients for individual voxels were used to calculate
the mean conversion accuracy (profile) and the 95% confidence interval (error bar) in each
pair of subjects.

group results; Figure 5.7A for individual pairs), whereas the mean profile correlation for
the VC was 0.51 £ 0.05 for 20 individual pairs (Figure 5.6B for group results; Figure 5.7B
right for individual pairs). The accuracy of the brain loss-based converter aligned with the
results reported by Yamada et al. (2015) and Ho et al. (2023). While the content loss-based
converter was not explicitly trained to align brain activity patterns, its performance measured
by correlations between converted and measured brain activity patterns was comparable
to, or only slightly lower than, the brain loss-based method across all examined visual
subareas. Although some differences in variance are observed between the two methods,
they were not statistically significant (post-hoc Levene’s test, pattern correlation: p > 0.05
for all ROIs except V2, where p = 0.039; profile correlation: p > 0.05 for all ROIs).
Both methods demonstrated relatively consistent alignment, with individual pairs showing
correlated performance between the two methods (Figure 5.8). We also tested other standard
methods for functional alignment (Haxby et al., 2011; see Subsection 5.2.3), showing similar

conversion accuracies (Figure 5.9).

5.3.2 Hierarchical correspondence of neural representations

We extended our analysis to different selections of visual ROIs. We performed subarea-wise

conversion analyses by training separate converters for paired ROIs between source and target
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Fig. 5.8 Correlation in conversion accuracy between brain loss and content loss. (A) Scatter
plots comparing conversion accuracies quantified using pattern correlations across different
ROIs. The vertical axis shows accuracies obtained using brain loss, while the horizontal axis
represents accuracies obtained using content loss. Each data point represents an individual
subject pair, with a total of 20 pairs. A diagonal reference line indicates where accuracies
from both methods would be equal, allowing direct comparison of their performance. Pearson
correlation coefficients (r) are displayed for each ROI to quantify the relationship between
the two methods. (B) Scatter plots comparing conversion accuracies quantified using profile
correlations across different ROIs. The axes and reference lines follow the same conventions
as in (A), with correlation coefficients (r) shown for each ROI.
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Fig. 5.9 Comparison of conversion accuracies across functional alignment methods (A)
Conversion accuracies quantified using pattern correlations for four different alignment
methods in the VC and visual subareas. Correlation coefficients are shown for 20 subject pairs,
where each dot represents a pair’s mean correlation coefficient across stimuli. Bars indicate
mean accuracies across all pairs (error bars, 95% confidence intervals). The comparison
includes the brain loss-based and content loss-based converters, along with two established
methods: the pairwise Procrustes transformation and the template-mediated Procrustes
transformation. (B) Conversion accuracies quantified using profile correlations. The analysis
follows the same methodology as in (A), comparing all four alignment methods.
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Fig. 5.10 Comparison of conversion accuracies between whole VC and subarea-wise ap-
proaches. (A) Conversion accuracies quantified using pattern correlations across different
ROIs. The horizontal bars represent the mean accuracies across the 20 pairs, with vertical
bars representing the 95% C.1., and each dot indicates an individual pair’s mean correlation
coefficient over stimuli. (B) Conversion accuracies quantified using profile correlations
across different ROIs. The analysis follows the same methodology as in (A), comparing
whole VC and subarea-wise approaches.

subjects (Ho et al., 2023). When using corresponding ROIs, both methods achieve similar
levels of performance, while in HVC, the subarea-wise method shows poorer performance
(Figure 5.10). There were no significant differences in variance between the two methods
across ROIs (Levene’s test, pattern, p > 0.05 for all ROIs; profile, p > 0.05 for all ROIs). The
results indicate that incorporating anatomical constraints provides no substantial benefit and
suggest that the flexible mapping afforded by the whole VC method may be advantageous.
When predicting target ROI activity from different source ROIs, in most subareas, the highest
conversion accuracy is achieved using the corresponding source subareas (Figure 5.11),
suggesting that neural code conversion accuracy can potentially serve as a quantitative
measure of homology between brain areas. These results indicate that the content loss-
based approach can effectively convert brain activity patterns across subjects, preserving

hierarchical neural representations.

5.3.3 Conversion without shared stimuli

We have shown the conversion results when the training of the converter and decoder involves
overlapping (shared) stimuli. However, it remains unclear whether we can perform neural
code conversion without shared stimuli. To examine this, we randomly divided the training
samples from the Deeprecon dataset into two distinct halves based on the categories of

stimuli.
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Fig. 5.11 Conversion performance between different visual subareas. (A) Conversion accura-
cies quantified using pattern correlations for all combinations of subareas between source
and target subjects. Unlike the subarea-wise conversion within corresponding ROIs shown
in Figure 5.10, this analysis involved predicting activity patterns in a target subarea using
different source subareas (e.g., using source V1, V2, V3, V4, or HVC individually to predict
target V1). The results from a representative subject are shown. (B) Conversion accuracies
quantified using profile correlations. The analysis follows the same methodology as in (A).
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Fig. 5.12 The effect of overlapping (shared) stimuli between converter and decoder trainings.
(A) Conversion accuracy measured by pattern correlation. Distributions of the pattern
coefficients of 20 pairs are shown for the VC and visual subareas. The horizontal bars
represent the mean accuracies across the 20 pairs, with vertical bars representing the 95%
C.L., and each dot indicates an individual pair’s mean correlation coefficient over stimuli. (B)
Conversion accuracy measured by profile correlation. The two conditions are compared as in
b but with profile correlation coefficients.

Figure 5.12 presents the conversion accuracy for the whole VC and visual subareas
under two analytical conditions for all individual pairs. The mean pattern correlation for the
whole VC under the Non-overlapping condition was 0.56 + 0.06 (mean with 95% confidence
interval) for 20 individual pairs, whereas the mean profile correlation was 0.41 + 0.05 for
20 individual pairs. For pattern correlation, the content loss-based converter demonstrates
comparable performance under both conditions across ROIs. There were no significant
differences in variance between the two conditions in most ROIs (Levene’s test, pattern
correlation: p > 0.05 for all ROIs except V4, where p = 0.035). Similar results was observed
in profile correlation. There were no significant differences in variance between the two
conditions across ROIs (Levene’s test, p > 0.05 for all ROIs). These results demonstrated that
the content loss-based converters can convert brain activity patterns across subjects without

the need for overlapping (shared) stimuli, even between decoder and converter trainings.

5.4 Discussion

This chapter aimed to develop a functional alignment method that eliminates the need for
identical sets of stimuli (shared stimuli) to be presented to individuals during training. To
achieve this, we proposed a flexible approach for training neural code converters using
content loss-based optimization, which optimizes the converter parameters based on the
stimulus content as represented by latent features of a DNN model, rather than relying on

brain activity patterns paired by the same set of stimuli.
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Our proposed converter accurately converted a source subject’s brain activity into a
target subject’s brain space, as evaluated by pattern correlations and profile correlations. By
converting brain activity patterns across all combinations of subareas between source and
target subjects, the highest conversion accuracies were observed between subareas at similar
hierarchical levels. These results indicate that the content loss-based approach can effectively
convert brain activity patterns across subjects, preserving hierarchical neural representations.
Training the converter with non-shared stimuli yielded comparable conversion accuracy,
further confirming the effectiveness of our method.

A major difference between our functional alignment method and the previous ones is
that we optimized the converter based on the stimulus content rather than on paired brain
activity patterns. The optimization process is designed to ensure that the converted brain
activity patterns can be decoded into latent feature representations that closely resemble the
feature representations extracted from the stimulus. By performing the optimization within
the stimulus content space, the content loss-based converter eliminated the need for paired
brain activity patterns during the training stage. In contrast, conventional brain loss-based
functional alignment methods (Bazeille et al., 2021; Ho et al., 2023; Yamada et al., 2015)
optimize within a brain space, aiming to minimize the discrepancy between measured brain
activity patterns of different individuals when presented with the same stimulus.

We used the brain loss-based converter, pairwise Procrustes transformation, and template-
mediated Procrustes transformation for comparison in the context of shared stimuli. These
methods broadly reflect functional alignment methods based on “brain loss” within innate
brain space. It is important to note that “brain loss” can be defined in various ways. For
instance, it can be measured using latent representations of brain data, enabling alignment
within a latent brain space rather than the innate brain space (Chen et al., 2015; Chen
et al., 2023a; Guntupalli et al., 2016; Haxby et al., 2011, Haxby et al., 2020; Qian et al.,
2023; Jiahui et al., 2023; Huo et al., 2024). While shared stimuli are commonly used in
brain loss-based alignment tasks, they may not be strictly necessary in other contexts. For
example, connectivity hyperalignment (Guntupalli et al., 2016) aligns neural representations
by leveraging functional connectivity of cortical fields, enabling alignment even when
individuals experience different stimuli (Jiahui et al., 2023). Similarly, the Individualized
Neural Tuning (INT) model (Feilong et al., 2023) separates stimulus-specific information
from neural response tuning and captures stimulus-general neural tuning that can generalize
across different stimuli. Furthermore, brain loss-based functional alignment is not limited to
measured brain data. By using subject-specific pre-trained encoders to predict brain activity
patterns for non-shared stimuli, brain loss-based optimization can be applied to predicted

data in the same way as measured data with shared stimuli (Wasserman et al., 2024).



Chapter 6

Inter-individual decoding and image
reconstruction

6.1 Introduction

Decoding perceptual experiences from brain activity across individuals is important for
uncovering the shared neural basis of perception. Recent advances in deep neural networks
(DNN5s) and brain decoding have enabled the reconstruction of visual images from brain
activity within individuals, providing a powerful tool for externalizing perceptual content
and probing how sensory information is represented in the brain. However, extending
such approaches across individuals presents challenges due to anatomical and functional
variability between brains. Neural code conversion offers a promising approach to mitigating
inter-individual variability by aligning brain activity patterns across subjects. This alignment
enables models trained on one subject to be generalized to others, supporting inter-individual
decoding and visual image reconstruction.

This chapter examines whether fine-grained visual information is preserved after neural
code conversion, using inter-individual decoding and image reconstruction analyses. We
begin by introducing the methodological framework, including DNN-based feature decoders,
image reconstruction techniques, and evaluation metrics. Based on the neural code conversion
method introduced in Chapter 5, we transformed brain activity patterns from a source subject
into the brain space of a target subject. We then applied decoding and reconstruction models
to the converted activity (Figure 6.1) and assessed whether it retained fine-grained visual
features by comparing performance with within-individual decoding and a brain loss-based
converter. To evaluate the flexibility of our method, we further tested its performance when

the decoder and converter were trained on non-overlapping stimulus sets. Finally, we discuss
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Fig. 6.1 Inter-individual decoding and image reconstruction. (A) Neural code conversion.
Given a stimulus, the brain activity pattern of the source subject is converted into the target
subject’s brain space by a neural code converter. (B) Brain decoding and image reconstruction.
The converted target activity is decoded into DNN features using a target subject decoder,
and further used to reconstruct the image as the source subject perceived through a generator.

the results and highlight how content-optimized neural code conversion differs from previous
approaches.

6.2 Methods

6.2.1 Deep neural networks

We used the VGG19 DNN model (Simonyan & Zisserman, 2014) implemented using
the Caffe library (Jia et al., 2014) in the converter training and DNN feature decoding
analysis. This model is pre-trained for the 1,000-class object recognition task using the
images from ImageNet (Deng et al., 2009)(the pre-trained model is available from https:
//github.com/BVLC/caffe/wiki/Model-Zoo). The model consists of 16 convolutional layers
and three fully connected layers. All the input images to the model were rescaled to 224 x224
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pixels. Outputs from individual units before rectification were used. The number of units in
each layer is as follows: convl_1 and convl_2, 3,211,264; conv2_1 and conv2_2, 1,605,632;
conv3_1, conv3_ 2, conv3_3, and conv3 4, 802,816; conv4 1, conv4 2, conv4_ 3, and
conv4d_4, 401,408; conv5_1, conv5_2, convS_3, and conv5_4, 100,352; fc6 and fc7, 4,096;
and fcg, 1,000.

For the evaluation of reconstructed images, we used another DNN model, the AlexNet
(Krizhevsky et al., 2012) implemented using the Caffe library to extract DNN features from
the reconstructed images and the presented image. This model is also pre-trained with images
in ImageNet to classify 1,000 object categories (available from https://github.com/BVLC/
caffe/tree/master/models/bvlc_alexnet). The model consists of five convolutional layers and
three fully connected layers. All the input images to the model were rescaled to 224 x224
pixels. The number of units in each layer is as follows: convl, 290,400; conv2, 186,624;
conv3 and conv4, 64,896; conv5, 43,264; fc6 and fc7, 4,096; and fc8, 1,000.

6.2.2 DNN feature decoding analysis

We used a ridge regression model as a DNN feature decoder. This model predicts the feature
values of the stimulus, given an fMRI activity pattern evoked by the stimulus. We normalized
both the feature values and voxel responses before model training and used a voxel selection
procedure. This procedure involved calculating the Pearson correlation coefficients between
sequences of voxel responses and feature values for all voxels. The 500 voxels exhibiting the
highest correlations were selected for training. We set the ridge regularization parameter to
100 to enhance model robustness. The feature decoding analysis is detailed in the studies
by Horikawa and Kamitani (2017) and Shen et al. (2019b). For testing the trained decoders,
we used the average fMRI pattern over repetitions to improve the signal-to-noise ratio of
the fMRI signal. We evaluated the decoding accuracy using pattern correlation and profile
correlation. Pattern correlation is the Pearson correlation coefficient between the decoded
feature patterns and the true feature patterns for a test stimulus, while profile correlation
calculates the Pearson correlation coefficient between the sequences of the decoded and true
feature values across all test stimuli for a single DNN unit. For each individual pair or each
subject (Within), the pattern correlation coefficients for all test stimuli were averaged to
calculate the mean decoding accuracy (pattern), while the profile correlation coefficients for
all DNN units were averaged to calculate the mean decoding accuracy (profile). These mean

accuracies were used as data points in group analysis.
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6.2.3 Visual image reconstruction

The reconstruction method used in this study was extended from our original deep image
reconstruction study (Figure 6.2; Shen et al., 2019b). The pixel values of an input image
were optimized to make its image features match the decoded features from brain activity.
Following Shen et al. (2019b), we used the feature values before the rectification operation
from eight layers (conv1-5 and all fully connected layers). We applied the same natural
image prior and extended the loss function by adding a Deep Image Structure and Texture
Similarity (DISTS) loss component (Muraki, 2024), which uses spatial characteristics of
feature maps to improve the detail of image reconstructions. Given the decoded features from
multiple layers, an image was reconstructed by solving the following optimization problem:

A arg min (gmse (Z) + liex-iﬁex (Z> + ;Lstr-ﬁ/ﬂstr(z)) y (6 1)

z

where z is the latent vector, and %y () is the loss originally used in Shen et al. (2019b):

L
Zinse(2) = Y[ ¥1(G(2)) — || (6.2)
]

G 1s the deep generator network (DGN) to enhance the naturalness of the image (Nguyen
et al., 2016), and the reconstructed image is obtained as G(z*). ¥, is the function that maps
the image to the DNN feature vector of the /-th layer. u; € RF <2<l represents the decoded
DNN feature vector of the image at the /-th layer, where P;, Q;, and K; denote the width,
height, and number of channels of the feature maps in the /-th layer, respectively. ¥ is the
parameter that weights the contribution of the I-th layer and is set to be 1/||w||?. L is the
number of DNN layers. Zex () is the texture similarity loss, and % (z) is the structure loss;
together, they constitute the DISTS loss. Aex and Ay, serve as the coefficients of weights for
the texture and structural similarity losses, respectively.

If we denote ; = ¥;(G(z)) € RF*2<Ki then the texture similarity Zex(z) and L (z)
are defined as follows:
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where |
W)= —— u , (6.5)
1 2
O (uy) = PO, p;ll(upl,qz,kl — W (wp))”, (6.6)
N 1 . .
6k (uy, ) = -— Z Uy q1.kWpy gk — i (ug) i (7). (6.7)
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Here, u,, ,, 1, € Ris a notation meaning the activity value of the (p,g,k)-th element for the
I-layer. The a; and f; are hyperparameters that signify the weight assigned to each layer,
which were tuned using data from a subject excluded from the result analyses. A small
positive constant € is included to avoid numerical instability when the denominator is close to
zero. We solved the optimization problem using stochastic gradient descent with momentum
with 200 iterations.

6.2.4 Identification analysis

We used pairwise identification analysis to quantify the accuracy of image reconstruction.
For each reconstructed image, its features were reshaped into a one-dimensional vector and
compared with the true feature vector of the presented image and the false alternative of
another image. An identification was considered correct when the correlation coefficient of
the reconstructed image’s feature vector was greater with the true feature vector than with the
false alternative. The false alternative image was sourced from the remaining images in the
test dataset. For each reconstructed image, this process was repeated for all remaining test
images as the false alternative. For Deeprecon natural images, 49 false alternatives were used
per reconstructed image (50 images x 49 comparisons = 2450 comparisons). We defined the
identification accuracy for a reconstructed image as the ratio of correct identifications. For
each individual pair or each subject (Within), we calculated the mean identification accuracy
by averaging the identification accuracies of all reconstructed images, which was used as a
data point for group analysis.

6.2.5 Group statistics

We performed group-level statistical inference by showing the group means and confidence
intervals in the figures. For DNN feature decoding and image reconstruction in within-
individual analyses, each data point represents the mean accuracy for a subject. The mean
accuracies from all subjects were used to calculate the group mean and its 95% confidence
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Fig. 6.2 The schematic of the reconstruction method. The brain activity patterns are decoded
into DNN features using trained feature decoders, which are further used to reconstruct the
image. A reconstructed image is iteratively optimized so that its DNN features align with the
decoded ones. Adapted from Shen et al. (2019b), used under CC BY 4.0 license.

interval. For conversion accuracy, DNN feature decoding, and image reconstruction in inter-
individual analyses, each data point represents the mean accuracy corresponding to a unique
pair of subjects. Due to potential correlations between pairs involving the same subject
(dyadic dependency), we applied bootstrapping to these dyadic data points to calculate the
group mean and 95% confidence interval. We performed bootstrap sampling separately on
the source and target IDs, obtaining data points of the original sample size while ensuring that
pairs where the source and target IDs were the same were excluded. The obtained data points
were then used to calculate the mean. This process was repeated 1000 times to generate
bootstrap replicates, from which we calculated the 95% confidence interval.
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6.3 Results

6.3.1 Inter-individual decoding

We have proposed the content loss-based neural code converter and demonstrated that
the method can accurately convert brain activities across subjects in Chapter 5. We next
investigated whether fine-grained feature representations of stimuli were preserved in the
converted fMRI activity patterns by a DNN feature decoding analysis (Horikawa & Kamitani,
2017). Feature decoders were trained to predict hierarchical DNN feature values of the
stimuli from the target subject’s fMRI activity patterns across the whole VC. These decoders
were then tested on the converted brain activity to predict the hierarchical DNN features of
the test stimuli (Figure 6.1; see Subsection 6.2.2). We evaluated the decoding accuracy using
two metrics: (a) pattern correlation, which is the Pearson correlation coefficient between
the pattern of decoded features and the true feature patterns for a test stimulus, and (b)
profile correlation, which is the Pearson correlation coefficient between the sequences of
the decoded and true feature values across all test stimuli for a single DNN unit. We further
averaged the pattern correlations across all test stimuli and the profile correlations across
all DNN units within each layer. To provide a baseline for comparison, we calculated the
decoding accuracy for the standard within-individual decoding, which predicts DNN features
using decoders trained exclusively on data from the same subject, referred to as the “Within”
condition.

Figure 6.3 shows the DNN feature decoding accuracy for the whole VC across three
analytical conditions: Within, Brain loss, and Content loss. The content loss-based converters
exhibited comparable decoding accuracies with those obtained through the within-individual
decoding, with consistently similar trends across various DNN layers. The content loss-
based converters showed higher accuracy than those using brain loss regarding both pattern
correlation and profile correlation. The results suggest that content loss-based converters
effectively preserve the fine-grained representation of stimulus features and demonstrate an
advantage in decoding hierarchical DNN features.

6.3.2 Inter-individual image reconstruction

Since we have decoded fine-grained DNN feature representations from converted brain
activity, we next investigated whether we can reconstruct images from these decoded DNN
features (Figure 6.1; see Subsection 6.2.3) and showed examples of the reconstruction of
natural images and artificial images from the whole VC (Figure 6.4). The reconstructions

of all pairs are presented in Figures 6.5 and 6.6. The reconstructed images obtained from
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Fig. 6.3 Inter-individual decoding accuracy. (A) Feature decoding accuracy measured by
pattern correlation. The DNN features from the convolutional (conv) layers and fully
connected (fc) layers of the VGG19 model are analyzed. The mean pattern correlation
for each layer of the VGG19 model is shown for the Within, Brain loss, and Content loss
conditions (VC; error bars, 95% C.I. from five subjects for the Within condition, and from
20 pairs for the Brain loss and Content loss conditions). (B) Feature decoding accuracy
measured by profile correlation. The three conditions are compared as in (A) but with profile
correlation coefficients.

converters using the brain loss and content loss, captured the essential characteristics and
details of the presented images, with visual objects being similarly recognizable to those in the
within-individual reconstructions. Additionally, we reconstructed images from different ROIs
to investigate whether the reconstruction could be performed from the subareas. Compared
to reconstructions from the VC, those from subareas show a slight degradation in quality but
still reflect the main characteristics of the presented images (Figures 6.7 and 6.8).
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Fig. 6.4 Visual image reconstruction. (A) Reconstructions of natural images. The reconstruc-
tions under the three analytical conditions for each stimulus image were all from the same
source subject (VC; source: Subject 1, target: Subject 2). (B) Reconstructions of artificial
images.
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Fig. 6.5 Reconstructed natural images of all pairs. The reconstructions are shown for each
pair of subjects for each stimulus image. The diagonal images in each block are reconstructed
in the Within condition. All reconstructions were generated using the whole visual cortex
(VO).
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Fig. 6.6 Reconstructed artificial images of all pairs. The reconstructions are shown for each
pair of subjects for each stimulus image. The diagonal images in each block are reconstructed
in the Within condition. All reconstructions were generated using the whole visual cortex
(VO).



94 Inter-individual decoding and image reconstruction

Reconstruction
V1 V2 V3 V4  HVC

Reconstruction

Reconstruction Reconstruction
VC V1 V2 V4 VC V1 V2 V3 V4  HVC

c e 3 4 e
L L R =| [l =l=]¥

Brain |4 L Brain
al loss “ al loss e | | (| e | el |2t
o [e)
[®] Q
< |Content = - < |Content = - 2 A

loss ﬂ i loss " = i

Fig. 6.7 Reconstructed natural images from different ROIs. Reconstructions were generated
from different ROIs in the Within, Brain loss, and Content loss conditions. All reconstructions
are from the same source subject (VC; source: Subject 1, target: Subject 2).
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Fig. 6.8 Reconstructed artificial images from different ROIs. Reconstructions were generated
from different ROIs in the Within, Brain loss, and Content loss conditions. All reconstructions
are from the same source subject (VC; source: Subject 1, target: Subject 2).
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Fig. 6.9 Identification accuracy. (A) Identification accuracy of natural images. Pairwise
identification was performed using the pixel values and the extracted DNN feature values
(AlexNet) from the reconstructions. The mean identification accuracy was calculated over
all reconstructed images for each subject or individual pair (error bars, 95% C.I. from five
subjects or 20 pairs; dashed lines, 50% chance level). (B) Identification accuracy of artificial
images.

We performed a quantitative evaluation of reconstruction performance from the whole VC
under three analytical conditions: Within, brain loss, and content loss. We used a pairwise
identification analysis, and this analysis used the pixel and DNN feature patterns of the
reconstructed image to identify the true stimulus between two alternatives (see Subsection
6.2.4). We used the AlexNet model (Krizhevsky et al., 2012) to extract DNN feature patterns.
The identification process was repeated with multiple false alternatives to obtain the accuracy
for each reconstructed image. We then calculated the mean identification accuracy across
all reconstructions for each individual pair, presenting these accuracies at the group level in
Figure 6.9. Features extracted from reconstructions achieved higher identification accuracy
at the mid-level layers, while correlation-based evaluation of decoded features showed higher
performance at the high-level layers (Figure 6.3). We also performed a similar correlation
analysis on the extracted features from reconstructions to provide a complementary insight
into this discrepancy. The correlation analysis of extracted features from reconstructions also
showed higher predictions at the high-level layers (Figure 6.10). This discrepancy between
identification and correlation metrics can arise because successful identification requires
features that distinctly differentiate between stimuli, whereas high correlations can occur
even when predictions capture only common patterns across stimuli (Horikawa & Kamitani,
2017).
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Fig. 6.10 Evaluation of reconstructions based on feature correlations. (A) Pattern correlation
of natural images. Pattern correlation between the reconstruction and the presented image
was calculated using the pixel values and the extracted DNN feature values (AlexNet) from
the reconstructions. The mean pattern accuracy was calculated over all reconstructed images
for each subject or individual pair (error bars, 95% C.1I. from five subjects or 20 pairs; dashed
lines, 50% chance level). (B) Profile correlation of natural images. The three conditions are
compared as in (A) but with profile correlation.

In identification accuracy, we observed that both types of inter-individual converters
achieved comparable but slightly lower identification accuracies than within-individual re-
construction (Figure 6.9). Among the inter-individual approaches, the content loss-based
converter demonstrated better performance than the brain loss-based converter. This superi-
ority was consistent in the evaluation of reconstructions based on feature correlations, where

the content loss-based converter achieved higher performance across all layers (Figure 6.10).

6.3.3 Inter-individual decoding and image reconstruction using differ-

ent alignment methods

In addition to the content loss- and brain loss-based neural code converters, we employed
standard functional alignment methods as additional baselines for evaluating conversion
accuracy (see Subsection 5.2.3). Here, we further assessed inter-individual decoding accuracy
and image reconstruction performance using these methods. Figure 6.11 presents the mean
decoding accuracy across DNN layers for the content loss-based converter, brain loss-
based converter, pairwise Procrustes transformation, and template-mediated Procrustes
transformation. Among these, the content loss-based converter achieved the highest decoding
accuracy, followed by the brain loss-based converter. The pairwise and template-mediated
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Fig. 6.11 Inter-individual decoding using different functional alignment methods. (a) Feature
decoding accuracy measured by pattern correlation. The mean pattern correlation for each
layer is shown for the brain loss-based converter, content loss-based converter, pairwise
Procrustes transformation, and template-mediated Procrustes transformation (VC; error bars,
95% C.I. from 20 pairs for each condition). (B) Feature decoding accuracy measured by
profile correlation. The four conditions are compared as in (A) but with profile correlation
coefficients.
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Fig. 6.12 Inter-individual image reconstruction using different functional alignment methods.
(A) Reconstructions of natural images. The reconstructions under the four analytical condi-
tions for each stimulus image were all from the same source subject (VC; source: Subject
1, target: Subject 2). (B) Identification accuracy of natural images. Pairwise identification
was performed using the pixel values and the extracted DNN feature values (AlexNet) from
the reconstructions. The mean identification accuracy was calculated over all reconstructed
images for each subject or individual pair (error bars, 95% C.I. from 20 pairs; dashed lines,
50% chance level).
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Fig. 6.13 Inter-individual decoding without overlapping stimuli. (A) Feature decoding
accuracy measured by pattern correlation. The mean pattern correlation for each layer of the
VGG19 model is shown for the Within, Overlapping, and Non-overlapping conditions (VC;
error bars, 95% C.I. from five subjects for the Within condition, and from 20 pairs for the
Overlapping, and Non-overlapping conditions). (B) Feature decoding accuracy measured by
profile correlation. The three conditions are compared as in (A) but with profile correlation
coefficients.

Procrustes transformations yielded comparable results and exhibited the lowest overall
accuracy. Despite differences in absolute performance, all four methods displayed a consistent
decoding pattern: lower accuracy in low-level DNN layers and higher accuracy in high-level
layers. The reconstructed images across these methods preserved similar visual content, such
as object color and shape. Quantitative evaluations further confirmed that the content loss-
based converter produced the most accurate reconstructions, while other standard functional
alignment methods achieved slightly lower accuracies (Figure 6.12).

6.3.4 The effect of overlapping (shared) stimuli between converter and

decoder trainings

We examined whether the method remains effective without shared stimuli, by evaluating
conversion accuracy with both overlapping and non-overlapping stimuli between converter
and decoder trainings in Chapter 5 (see Subsection 5.2.6). Here, we further investigate
whether the fine-grained visual features are preserved for the converters trained using non-
overlapping stimuli.

As shown in Figure 6.13, converters using non-overlapping stimuli show a similar decod-
ing tendency across all DNN layers to those using overlapping stimuli, with accuracy levels
approaching those observed in the within-individual decoding. The images reconstructed

under two conversion conditions were recognizable and closely matched the presented stimuli
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Fig. 6.14 Inter-individual reconstruction without overlapping stimuli. (A) Reconstructions.
The reconstructions under three analytical conditions for each stimulus were all from the
same source subject (VC; source: Subject 1 and Subject 2). (B) Identification accuracy.
Pairwise identification was performed using the pixel values and the extracted DNN feature
values from the reconstructions. The mean identification accuracy was calculated over all
reconstructed images for each subject or individual pair (error bars, 95% C.I. from 20 pairs;
dashed lines, 50% chance level).

as well as the within-individual reconstructions (Figure 6.14A). Quantitative evaluations of
image reconstructions indicate that using either overlapping or non-overlapping stimuli be-
tween converter and decoder trainings results in similar identification accuracy (Figure 6.14).
These results demonstrated that the content loss-based converters can convert brain activity
patterns across subjects without the need for overlapping (shared) stimuli, even between

decoder and converter trainings.

6.4 Discussion

This chapter explored whether fine-grained visual features are preserved using the content
loss-based neural code conversion. By decoding converted brain activity into hierarchical
DNN features and using these features for image reconstruction, we assessed to what extent
the fine-grained visual information is preserved during inter-individual conversion. Our
results demonstrate that converters optimized using visual content can effectively capture
fine-grained visual details, achieving reconstruction performance comparable to converters
trained with paired brain activity. Moreover, we found that high-quality inter-individual
image reconstruction is attainable even when the converter and decoder are trained using
non-overlapping stimuli, suggesting that shared stimuli are not necessary for our proposed
approach.
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In contrast, conventional brain loss-based functional alignment methods yielded slightly
lower decoding and reconstruction performance, despite reconstructing images with similar
overall contents. This discrepancy may arise from the inherent limitations of brain-based
alignment. A brain’s response to a stimulus comprises three components: a consistent
stimulus-evoked response across individuals, an idiosyncratic stimulus-evoked response, and
a noise component (Nastase et al., 2019). As a result, brain loss-based alignment methods
might inadvertently incorporate idiosyncratic responses and noise, potentially limiting their
effectiveness in capturing the consistent stimulus-evoked response. This could explain the
inferior performance observed in Figures 6.3 and 6.9. In contrast, our proposed method may
help mitigate the influence of idiosyncratic responses and noise components, leading to a

more accurate representation of the consistent stimulus-evoked response across individuals.






Chapter 7

Hierarchical levels of content

representations

7.1 Introduction

Perception is hierarchically represented in the human brain, with early visual areas encoding
low-level features such as edges and textures, and higher-order areas processing more abstract,
semantic representations. Deep neural networks (DNNs), particularly models like VGG19
(Simonyan & Zisserman, 2014), exhibit similar hierarchical feature structures and have
therefore been widely adopted as computational models for visual processing in the brain.
In the context of neural code conversion, this correspondence raises a critical question:
which levels of the DNN feature hierarchy are most essential for visual content and neural
code conversion? In previous chapters, we demonstrated that inter-individual neural code
conversion optimized using content loss from all DNN layers can successfully preserve
fine-grained visual information and support accurate decoding and image reconstruction.
However, the contribution of each hierarchical level of content representation to the success
of neural code conversion remains unclear.

This chapter investigates how visual features extracted from different levels of the DNN
hierarchy contribute to inter-individual neural code conversion. We trained separate convert-
ers using content loss from individual DNN layers and compared their performance to that of
a converter trained with content loss from all layers. Additionally, we examined whether the
choice of converter architecture affects the conversion performance when the hierarchical
DNN features were used as the visual contents. Through decoding, reconstruction, and

identification analyses, we aimed to reveal the critical hierarchical levels that drive successful
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Fig. 7.1 Converter training using loss from different DNN layers. (A) Hierarchical DNN
features are extracted from the stimulus across 19 layers. Each layer can be used for converter
training, for example, Layer 2. (B) An example of converter training using the content loss
based on the DNN feature from Layer 2. Other layers can be used to train the converter in a
similar way.

neural code conversion and assess the robustness of our approach across different model

configurations.

7.2 Methods

7.2.1 Converter training using the loss from different DNN layers

To examine how visual information from different hierarchical levels contributes to inter-
individual neural code conversion, we trained separate converters using content loss from
individual DNN layers (Figure 7.1). Unlike the previous approach in Chapter 5, which jointly
optimized across all layers, each converter here was trained using the loss from a single
DNN layer. Each layer-specific converter used the same architecture as in Chapter 5 for fair
comparison and was trained to minimize the difference between decoded specific-layer fea-
tures from converted brain activity and the true specific-layer features of the source subject’s
stimulus. We applied this training procedure to each layer of the VGG19 model, including
both convolutional and fully connected layers. Finally, we compared the performance of
these layer-specific converters with that of the converter trained using the loss from all DNN
layers, to identify the most useful layers for inter-individual conversion.
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7.2.2 Robustness across content-loss based converter architecture

We used the nonlinear MLP as the default architecture for the content loss-based converter.
This model consists of two hidden layers with instance normalization and ReLLU activation
functions, and each hidden layer contains half the number of units as the input layer.

In addition to this default architecture, we examined several alternative architectures
to assess the robustness of converter architecture with hierarchical DNN feature as the
content representation. The first is a Linear Multi-Layer Perceptron (MLP), which shares
the same structure as the nonlinear MLP (i.e., two hidden layers and the same number
of units), but without any nonlinear normalization and activation functions. By removing
nonlinear operations, this model serves as a purely linear baseline, allowing us to isolate the
impact of nonlinearity on conversion performance. The second variant is a Residual MLP,
which extends the original nonlinear MLP architecture by integrating three residual blocks
(He et al., 2016). Each block includes shortcut connections that enable deeper learning
while maintaining efficient gradient flow, effectively allowing the converter to capture more
complex mappings between source and target brain activity patterns. The third architecture
is a Vision Transformer (ViT)-based converter, adapted from the model proposed by Beyer
et al. (2022). In this model, the source subject’s brain activity pattern is first patchified
into fixed-length patches, like image patches in standard ViT applications. These patches
are then processed using a transformer architecture that models long-range dependencies
and relationships across the entire input. The input and output layers were modified to
accommodate voxel-wise brain activity vectors.

By comparing these architectures, we aimed to evaluate the extent to which the architec-
tural choices impact the effectiveness of neural code conversion when optimized using the
loss from all DNN layers.

7.2.3 Group statistics

For the converters using content loss from individual DNN layers, we performed group-level
statistical inference by showing the group means and confidence intervals of the conversion
accuracy, decoding accuracy, and identification accuracy. Each data point represents the
mean accuracy corresponding to a unique pair of subjects. Similar to Subsection 5.2.7
and Subsection 6.2.5, we applied bootstrapping to these dyadic data points due to dyadic
dependency to calculate the group mean and 95% confidence interval.
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7.3 Results

7.3.1 Converter training using the loss from different layers

To examine the importance of the use of multiple hierarchical DNN layers in converter
training, we compared the conversion performance using the loss from different sets of DNN
layers. Figure 7.2 compares the conversion accuracy between these converters. For pattern
correlation, the loss from all layers results in the highest accuracy. However, it was observed
that the loss from all layers resulted in the highest accuracy. The conversion accuracies
were lower when using loss from the low-level and mid-level layers (convl_1 to conv5_4).
The high-level layers, specifically fc6, fc7, and fc8, showed the worst conversion accuracy.
Similar results were observed in the evaluation of profile correlation.

Figures 7.3 and 7.4 show the decoding accuracy of converters trained with the loss from
each individual DNN layer, with the performance of the converter trained with the loss
from all layers (the “All” condition). Decoding was evaluated in each DNN layer. The
converter trained with all layers consistently achieved the highest decoding accuracy across
all layers, serving as an upper bound. When a converter was optimized using the loss from a
specific DNN layer, it performed best in decoding that corresponding layer, approaching the
performance of the “All” condition. These results were consistent for both pattern correlation
and profile correlation analyses, suggesting that optimizing the converter with loss from all
DNN layers helps preserve hierarchical visual information.

Figure 7.5 shows the images reconstructed by converters trained using the loss from
different DNN layers. Images reconstructed from the “All layers” condition produced visual
contents with high perceptual quality. In the case of converters trained using the loss from
single DNN layers, specifically layers from the lower and middle levels, the reconstructions
also yielded recognizable visual contents. However, those trained with the high-level layers
were found to be less effective in capturing the details of the objects, leading to reconstructed
images with lower perceptual quality. Quantitative evaluations presented in Figure 7.6
reflected this qualitative assessment. The reconstructions from the “All layers” condition
achieved higher identification accuracy compared to those from each single-layer condition,
ranging from conv4_1 to fc8 layers. These results indicate that the use of the loss from all

DNN layers is important for accurate neural code conversion.
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Fig. 7.2 Converters trained using the loss from different DNN layers. (A), Conversion
accuracy measured by pattern correlation. To examine the significance of the use of multiple
hierarchical DNN layers in converter training, we compared the conversion performance
using the loss from different sets of DNN layers, including convolutional (conv) layers
and fully connected (fc) layers of the VGG19 model. The pattern correlation coefficients
calculated for 20 individual pairs (VC) are used to compare these converters trained using
loss from different DNN layers. The horizontal bars represent the mean accuracies across
the 20 pairs, with vertical bars representing the 95% confidence interval (C.1.), and each dot
indicates an individual pair’s mean correlation coefficient over stimuli. The results are shown
with the converter trained using loss from all layers (All). (B) Conversion accuracy measured
by profile correlation. The comparison is shown as in (A) but with profile correlation
coefficients.
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Fig. 7.3 DNN feature decoding performance (pattern) with converters trained using the loss
from different DNN layers. Converters were trained using the loss from different layers of
the VGG19 model. The “All layers” refers to converters trained using the loss from all DNN
layers, while the “single layer” corresponds to converters trained using the loss from single
DNN layers. The feature decoding performance of the converted brain activity was evaluated
by the mean pattern correlation coefficient at each layer of the VGG19 model (VC; error
bars, 95% C.I. from 20 pairs).
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Fig. 7.4 DNN feature decoding performance (profile) with converters trained using the loss
from different DNN layers. The decoded features, obtained from the converters and decoders
described in Figure 7.3, were evaluated using profile correlation coefficients. The feature
decoding performance was evaluated by the mean profile correlation coefficient at each layer
of the VGG19 model (VC; error bars, 95% C.I. from 20 pairs).
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Fig. 7.5 Reconstructions with converters trained using the loss from different DNN layers.
All reconstructed images are generated from the same pair (VC; source: Subject 1, target:
Subject 2). For copyright reasons, one stimulus image has been replaced with a visually
similar alternative.
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Fig. 7.6 Identification accuracy of reconstructions with converters trained using the loss from
different DNN layers. Pairwise identification was performed using the pixel values and the
extracted DNN feature values (AlexNet) from the reconstructions. The “All layers™ refers to
converters trained using the loss from all DNN layers, while the “single layer” corresponds to
converters trained using the loss from single DNN layers. The mean accuracy was calculated
in each condition (VC; error bars, 95% C.I. from 20 pairs; dashed lines, 50% chance level).
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7.3.2 Robustness of converter architecture

After confirming the importance of using multiple hierarchical DNN layers in converter
training, we further investigated whether the converter architecture influences performance
when optimized with the loss from all DNN layers. Figure 7.7 compares the conversion
accuracy of four architectures: Nonlinear MLP, Linear MLP, Residual MLP, and Visual
Transformer (ViT). In terms of pattern correlation, the linear MLP achieved the highest
accuracy, whereas the residual MLP showed slightly lower accuracy. In contrast, all four
architectures yielded comparable results in profile correlation, suggesting that they are
similarly effective in capturing the overall response patterns.

All four architectures produced similar reconstructed images that captured key visual
characteristics of the presented stimuli, such as object shape and color. Among them, the
ViT-based converter showed slightly lower perceptual quality (Figure 7.8A). This observation
was supported by the quantitative evaluation (Figure 7.8B), where the ViT-based architec-
ture yielded the lowest identification accuracy, while the three MLP-based architectures
demonstrated comparable levels of identification accuracy. Overall, these results suggest
that all evaluated architectures are capable of effectively converting brain activity patterns
across subjects and yielding recognizable inter-individual reconstructions, demonstrating the
robustness of the training neural code converters approach using hierarchical levels of DNN
features.

7.4 Discussion

This chapter examined how hierarchical DNN features influence the effectiveness of content
loss-based neural code conversion. By systematically training converters using content loss
from individual DNN layers, we demonstrated that the use of multiple hierarchical DNN
layers significantly enhances conversion performance. Specifically, converters trained with
loss from all layers of the VGG19 model consistently achieved better decoding accuracy and
reconstruction quality compared to those trained on single layers.

Our content loss-based converter used hierarchical DNN features as latent representations
for stimulus content. This method builds upon recent studies in brain decoding, which
have identified parallels between the hierarchical representations in the human brain and
the fine-grained features of DNNs (Horikawa & Kamitani, 2017). By reconstructing visual
images from converted brain activity, we demonstrated that the converter using the loss from
all layers indeed preserved fine-grained visual features (Figures 7.5 and 7.6). Furthermore,
we found that the results were robust across various model architectures for the content loss-
based converter, including Nonlinear MLP, Linear MLP, Residual MLP, and ViT (Figures 7.7
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Fig. 7.7 Conversion accuracy using converters consisting of different architectures. (A) Con-
version accuracies measured by pattern correlation. Nonlinear MLP, Linear MLP, Residual
MLP, and Visual Transformer (ViT) converters are compared using the profile correlation
coefficients calculated for 20 individual pairs (VC). The horizontal bars represent the mean
accuracies across the 20 pairs, with vertical bars representing the 95% C.I., and each dot
indicates an individual pair’s mean correlation coefficient over stimuli. (B) Conversion
accuracies measured by profile correlation. The four architectures are compared as in (A) but
with profile correlation coefficients.
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Fig. 7.8 Reconstruction using converters consisting of different architectures. (A) Reconstruc-
tions. Examples for source Subject 1 and target Subject 2 (VC) are shown. Some stimulus
images have been replaced with visually similar alternatives for copyright reasons. Identifica-
tion accuracy. The four architectures are compared using the identification accuracies based
on pixel and extracted DNN feature values (error bars, 95% C.I. from 20 pairs; dashed lines,
chance level = 50%).
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and 7.8). However, the ViT-based converter, which divides and processes brain activity
patterns in a transformer framework, demonstrated slightly lower performance, potentially
due to its greater architectural complexity and data requirements. These findings support the
effectiveness and robustness of using hierarchical DNN features as latent representations for
stimulus content in neural code conversion.

Optimizing converters using content loss from multiple hierarchical DNN layers con-
tributes to the improvement of neural conversion accuracy. However, when focusing on
the quality of inter-individual image reconstructions, we found that using loss from single
layers at either the lower or middle levels (specifically from convl_1 to conv4_4) can match
the performance of the loss from all layers (Figures 7.5 and 7.6). Relying on single-layer
loss from the high-level DNN layers (fc6, fc7, and fc8) tends to degrade performance. This
observation may be due to the substantial capacity of the low-level and mid-level DNN
features to the image-level visual information, which is pivotal for reconstructing perceptu-
ally coherent images. Converters trained with high-level DNN layers may overlook some
fine-grained visual details while preserving more abstract information. These results suggest
that integrating visual features across multiple levels is important for accurately converting
brain activity patterns, preserving not only image-level information but also capturing the
different levels of abstraction in visual processing.

These findings underscore the importance of using hierarchical levels of DNN features
in neural code converter training and demonstrate that such training is robust across diverse

model architectures.






Chapter 8

Generalizability to different decoding
tasks

8.1 Introduction

A central objective of neural code conversion is to enable flexible readout of perceptual
content across subjects. Previous chapters have shown that content loss-based conversion
using hierarchical DNN features can preserve fine-grained visual representations and support
accurate image reconstruction. However, it remains unclear whether the converted brain
activity contains generalizable representations that can be interpreted by alternative decoding
models or under limited training conditions.

In previous analyses, the readout of converted brain activity was restricted to a specific
decoder trained on VGG19 features, which aligns well with the hierarchical organization
of the visual cortex. While effective in capturing certain aspects of visual content, this
model is optimized for a specific feature space and may fail to reflect all aspects of neural
representations. To achieve broad applicability, neural code conversion should yield brain
activity patterns that can be interpreted by a range of decoders trained on different feature
representations.

This chapter investigates the generalizability of neural code conversion from two perspec-
tives. First, we examine whether brain activity converted with a VGG19-based converter can
be decoded using a CLIP-ViT (Radford et al., 2021) decoder that was trained independently.
Second, we assess how the amount of training data used to train the converter influences its
performance, particularly in scenarios where data availability is constrained. By evaluating

decoding accuracy and reconstruction performance under these conditions, we examine



116 Generalizability to different decoding tasks

whether content-based neural code conversion can capture generalized neural representations

and support flexible inter-individual brain decoding.

8.2 Methods

8.2.1 Decoding the converted brain activity using different schemes

To evaluate whether the converted brain activity preserved generalizable visual representa-
tions beyond those optimized for a specific decoder (i.e., the VGG19-based decoder used
during converter training), we used an additional decoding scheme using an alternative DNN
model, CLIP-ViT (Radford et al., 2021).

The CLIP-ViT model, implemented using the PyTorch library (Paszke et al., 2019), was
used to extract hierarchical visual features from natural images. This model was pre-trained
on a large set of image-text pairs to enable general-purpose visual recognition without task-
specific fine-tuning (available from https://github.com/openai/CLIP). Input images were
rescaled to 224 x 224 pixels before feature extraction. The number of units in each layer for
the image encoder is as follows: convl, 37,632; each transformer block (resblocks 0-11),
both attention and MLP outputs, 38,400; In_post, 768; and model_output, 512.

A new feature decoder, independent of the converter, was trained to predict CLIP-ViT
feature representations of visual stimuli from the target subject’s fMRI responses. Similar
to the training approach of the VGG19 decoder, this CLIP-ViT decoder was trained using
a linear regression framework and 6000 training samples. After training, the CLIP-ViT
decoder was applied to brain activity converted from the source subject’s brain space to the
target’s via the VGG19-based converter in Chapter 5. This setup allowed for an independent
evaluation of the generalizability of the converted brain activity, as no CLIP-ViT features
were used during the converter training process. The predicted CLIP-ViT features were then
used in the same image reconstruction pipeline as the VGG19 features, enabling a direct

comparison between the two decoding schemes.

8.2.2 Varying the number of training data for conversion

To evaluate how the amount of training data affects the performance of inter-individual neural
code converters, we systematically varied the number of training samples used for converter
training. The converters were trained using DNN features extracted from the VGG19 model
as the latent representation. Training sets of different sizes were prepared, including 300,
600, 900, 1,200, 2,400, 3,600, 4,800, and 6,000 stimulus-response pairs, corresponding to

fMRI data acquisition times ranging from approximately 40 minutes to 13 hours.
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For each data size, a separate converter was trained to predict the target subject’s brain
activity from the source subject’s brain activity. To ensure fair evaluation, the decoders
used for decoding converted brain activities and image reconstruction were fixed across all
conditions. Specifically, we used two decoders in the test stage: one trained on VGG19
features and the other on CLIP-ViT features, both trained on the full 6,000 samples of
the target subject. This ensured that any variation in reconstruction quality reflected the
converter’s performance rather than the decoder’s.

This design allowed us to assess the visual fidelity of reconstructed images under different
training sample sizes and the minimal data requirement for effective converter training in
practical settings. By varying the training sample sizes, we were able to explore how the
amount of data available influences the generalizability of the converter. Specifically, we
could determine whether the converter, trained on limited data, still retained the ability to
produce robust and generalizable brain activity representations, which could be decoded
using pre-trained decoders. This assessment of generalizability is critical for practically
applying the conversion method across individuals and tasks, where training data might be

scarce.

8.2.3 Group statistics

We performed group-level statistical inference for two types of decoding schemes, by showing
the group means and confidence intervals of decoding accuracy and identification accuracy.
Each data point represents the mean accuracy corresponding to a unique pair of subjects.
Similar to previous subsections, we applied bootstrapping to these dyadic data points due to
dyadic dependency to calculate the group mean and 95% confidence interval.

8.3 Results

8.3.1 Decoding the converted brain activity using different schemes

To confirm whether the converted brain activity contains generalizable representations rather
than those tailored for a specific readout (the VGG19 decoder), we examined the feasibility
of decoding the converted brain activity using a different scheme. A different feature decoder
was trained to predict CLIP-ViT features (Radford et al., 2021; see Subsection 8.2.1) of the
stimuli from the target subject’s fMRI activity patterns. This decoder was then tested on the
converted brain activity obtained from VGG19-based converters. We further reconstructed

images from the decoded CLIP-ViT features using the same reconstruction method.
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Fig. 8.1 DNN feature decoding performance using the CLIP-ViT decoder. (A) Pattern
correlation. The DNN features from various layers of the CLIP-ViT model are used for
analysis, including the convl layer, transformer blocks 0-11, the In_post layer, and the
model output layer. The mean pattern correlation for each layer is shown for both the
Within condition and the Inter-individual condition (VC; error bars, 95% C.I. from five
subjects for the Within condition and from 20 pairs for the Inter-individual condition). (B)
Profile correlation. The two conditions are compared as in (A) but with profile correlation
coefficients.

Decoding CLIP-ViT features from converted brain activity demonstrates accuracies simi-
lar to those of the within-individual decoding across all evaluated DNN layers (Figure 8.1).
Figure 8.2A shows examples of reconstructed images from these decoded CLIP-ViT features
(see Figure 8.3 for the reconstructions of all pairs). While CLIP-ViT features were not used
during the converter’s training, the reconstructions with the CLIP-ViT decoder accurately
reflected the visual object in the presented images. The reconstructed contents resemble
those obtained with the VGG19 decoder, although the details differ slightly. The quantitative
evaluation showed that reconstructions with the CLIP-ViT decoder yielded identification
accuracy approaching that of reconstructions with the VGG19 decoder across all evaluations
(Figure 8.2B). These results suggest that the brain activity converted using our method is not

tailored for the specific decoder and can be read out by different decoding schemes.
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Fig. 8.2 Reconstruction by converter and decoder trained with different DNNSs. (A) Recon-
structed 1mages using the VGG19 decoder and CLIP-ViT decoder. The source brain activity
was converted into the target’s space using VGG19-based converters and then evaluated
using the VGG19 decoder and CLIP-ViT decoder of the target subject. The reconstructions
were generated from the same pair (VC; source: Subject 1, target: Subject 2; see Figure 8.3
for reconstructions of all pairs). Some stimulus images have been replaced with visually
similar alternatives for copyright reasons. (B) Identification accuracy. Pairwise identifica-
tion was performed using the pixel values and the extracted DNN feature values from the
reconstructions obtained via the VGG19 decoder or CLIP-ViT decoder. The DNN features
were extracted from 5 convolutional (conv) layers and three fully connected (fc) layers of the
AlexNet model. The mean identification accuracy was calculated across all individual pairs
(error bars, 95% C.I. from 20 pairs; dashed lines, 50% chance level).
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Fig. 8.3 Reconstructed images with the CLIP-ViT decoder for all pairs. The reconstructions
for each test stimulus are shown for 20 pairs using the CLIP-ViT decoder. The diagonal
images in each block are reconstructed in the Within condition. All reconstructions were
generated using the whole visual cortex (VC). For copyright reasons, some stimulus images
have been replaced with visually similar alternatives.
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8.3.2 Varying the number of training data for conversion

We investigated the effect of training sample size for converters on image reconstruction
quality. We varied the number of training samples for converters (trained with VGG19
features) at various levels: 300, 600, 900, 1,200, 2,400, 3,600, 4,800, and 6,000 training
samples, with data collection time ranging from 40 minutes to approximately 13 hours. To
evaluate the decoding from converted brain activity, we consistently used 6,000 samples
from the target subject to train the VGG19 and CLIP-ViT feature decoders.

Figure 8.4 shows the reconstructed images with the VGG19 decoder, using converters
trained with varying sample sizes. Though the visual quality of the reconstructions diminished
with smaller training sample sizes, converters trained with as few as 300 or 600 samples
(around one hour) still yielded perceptible images. The identification accuracy increased
with the number of training samples, gradually approaching the accuracy observed in the
Within condition (Figure 8.5). Similar results were obtained for the reconstruction using
the CLIP-ViT decoder (Figures 8.6 and 8.7). These results indicate the feasibility of inter-
individual image reconstruction with converters trained on limited data, achieving modest

performance while decreasing the dependence on extensive fMRI data collection.
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Fig. 8.4 Reconstructed images using the VGG19 decoder. Reconstructed images were
generated with a varying number of training data from the same pair (VC; source: Subject 1,
target: Subject 2). For copyright reasons, some stimulus images have been replaced with
visually similar alternatives.
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Fig. 8.5 Identification accuracy of reconstructed images using the VGG19 decoder. Pairwise
identification was performed using the pixel values and the extracted DNN feature values
from the reconstructions with a varying number of training data. The mean identification
accuracy was calculated across all individual pairs (error bars, 95% C.I. from 20 pairs; dashed
lines, 50% chance level). The results are shown with those from the Within condition (6,000
training samples).
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Fig. 8.6 The effect of training sample size for conversion on generalization. The source
brain activity was converted into the target’s space using VGG19-based converters and was
used to reconstruct images using the target subject’s CLIP-ViT decoder. Reconstructions
were generated with varying training data from the same pair (VC; source: Subject 1, target:
Subject 2). Some stimulus images have been replaced with visually similar alternatives for
copyright reasons.
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Fig. 8.7 The effect of training sample size for conversion on identification accuracy. The
source brain activity was converted into the target’s space using VGG19-based converters
and was used to reconstruct images using the target subject’s CLIP-ViT decoder. Pairwise
identification was performed using the pixel values and the extracted DNN feature values
(AlexNet) from the reconstructions with a varying number of training data. The mean
identification accuracy was calculated across all individual pairs (VC; error bars, 95% C.1.
from 20 pairs; dashed lines, 50% chance level). The results are shown with those from the
Within condition.
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8.4 Discussion

This chapter investigated the generalizability of inter-individual neural code conversion
using content loss-based converters, focusing on whether the converted brain activity retains
meaningful information that can be decoded by different models and with limited training
data. Although the converters were trained using DNN features from the VGG19 model,
we demonstrated that the converted brain activity could also be decoded by a CLIP-ViT
decoder, which was trained independently of the converter, yielding reconstructions that were
qualitatively and quantitatively similar to those obtained using the VGG19-based decoder.
Even with limited training samples, both VGG19- and CLIP-ViT-based reconstructions
achieved modest performance.

In our approach, brain activity patterns were indirectly aligned via the loss of latent
representations of the visual content. This raises a concern that the converted brain activity
could be specifically tailored to the particular form of content representation. However,
we have found that although the converter was trained with VGG19 features (Simonyan &
Zisserman, 2014), the converted brain activity could be decoded into CLIP-ViT features
(Radford et al., 2021), which differ significantly from VGG19 features, resulting in faithfully
reconstructed images (Figure 8.2). This indicates that our converter does not simply convert
brain activity to a format specially tailored for a specific DNN representation. Rather, it
learns a generalizable brain activity representation interpretable by other decoding schemes.
Although our current study focuses on image reconstruction, the converted brain activity
could be used with other decoding schemes and other types of information and tasks, to
examine the versatility of the conversion based on DNN representations.

The content loss-based converter used a training approach similar to feature decoders,
where it constituted additional layers to the target’s decoder. However, our results suggest
that it uniquely specializes in learning the statistical relationship between the source and
target brain spaces in several key aspects. First, we have demonstrated that the converter
effectively converted brain activity patterns across subjects, achieving conversion accuracy
comparable to converters optimized by brain loss in Chapter 5, highlighting its capability
to align brain activity patterns. Second, as discussed above, the converted brain activity
could be interpreted by another decoding scheme (Figures 8.1 and 8.2), indicating that the
converter learns a more generalizable mapping between brain spaces. Further, converter
training required a substantially smaller amount of data for successful image reconstruction
than feature decoder training (Figures 8.4-8.7), suggesting a separate underlying mapping
structure distinct from feature decoding.

These results suggest that the converter captures generalizable representations beyond the
specific readout. This generalizability enables more flexible and scalable decoding pipelines,
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potentially allowing pre-trained decoders to be reused across individuals and tasks. However,
our choice of VGG19 features as a latent representation of visual content may not fully
capture the diverse aspects of visual experience and neural representations. While VGG19
primarily models the ventral visual system’s 2D perception processes, it may inadequately
represent motion, 3D structure, and global perception. Future studies may explore whether
this approach can generalize beyond static image perception to other perceptions, such as
video, 3D objects, or dynamic scenes, and whether representations derived from alternative
models can be decoded from converted brain activity.






Chapter 9

Inter-site neural code conversion

9.1 Introduction

Neural code conversion aims to flexibly convert brain activity patterns across individuals
while preserving the fine-grained information. Previous chapters have demonstrated that
such conversions can preserve fine-grained visual representations, enabling accurate inter-
individual decoding and image reconstruction even without shared stimuli. However, these
analyses have been limited to data collected within a single site, under controlled experimental
protocols. In practical applications, brain data are often collected from different sites using
distinct scanning hardware, experimental designs, or stimulus sets, raising an important
question regarding the feasibility of neural code conversion across sites.

Inter-site neural code conversion aims to enable functional alignment across brain data
acquired under heterogeneous conditions. Unlike conventional functional alignment methods
that require shared stimuli or anatomical correspondences, our approach uses hierarchical
DNN features as latent representations of visual content to optimize the converter. This
framework does not rely on share stimuli and thus allows brain activity from a source subject
in one dataset to be converted into the representational space of a target subject in another
dataset.

In this chapter, we evaluate the effectiveness of inter-site neural code conversion using
three publicly available fMRI datasets: Deeprecon (Ho et al., 2023; Horikawa & Kamitani,
2022; Shen et al., 2019b), NSD (Allen et al., 2022), and THINGS (Hebart et al., 2023).
We examine whether visual representations can be preserved through inter-site conversion
by decoding DNN features and reconstructing perceived images across subject pairs from
different datasets. We further compare decoding and reconstruction performance with
standard within-individual baselines to assess the quality of inter-site conversions. Through
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Fig. 9.1 Inter-site neural code conversion and image reconstruction. The trained converter
functions across different datasets, which may have different stimuli and scanners with
different resolutions. When presented with a novel stimulus, the subject’s brain activity
pattern from one dataset is converted into the space of another dataset. The converted pattern
is then decoded into image feature representations by a feature decoder within the target
dataset, enabling inter-site image reconstruction as perceived by the source subject.

this analysis, we explore the scalability of content-based neural code conversion across

diverse experimental environments and data sources.

9.2 Methods

9.2.1 Inter-site neural code conversion

The inter-site neural code converter is designed to enable functional alignment across different
measurement sites using a content loss-based optimization framework. For each subject pair
across sites, we designate a source subject (from one dataset/site) and a target subject (from
another). First, we train a decoder in the target dataset to predict latent visual features from the
target subject’s fMRI activity. Then, an inter-site neural code converter is trained to transform

the source subject’s brain activity into the target subject’s brain space by minimizing the
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content loss between the latent features decoded from the converted activity and those of the
original stimulus.

The inter-site neural code converter is based on the content loss that was described in
Chapter 5, and this method does not require paired brain activity between the source and
target individuals. Therefore, the source and target can come from different sites or datasets,
even when stimuli, scanning protocols, or resolutions vary. During testing, novel stimuli are
presented to the source subject, and the measured brain activity is converted into the target
space. The converted activity is decoded using the target site’s decoder to obtain the latent
visual features, which are then passed to a pre-trained image generator to reconstruct the
perceived image (Figure 9.1). The inter-site conversion was evaluated using three datasets:
the Deeprecon (Ho et al., 2023; Horikawa & Kamitani, 2022; Shen et al., 2019b), NSD
(Allen et al., 2022), and THINGS (Hebart et al., 2023). There were 94 subject pairs included
in the inter-site analyses (see Chapter 2 for more details). As in Chapter 5, we used the
hierarchical DNN features from the VGG19 model (Simonyan & Zisserman, 2014) as the

latent representation of visual stimulus content.

9.2.2 Group statistics

We performed group-level statistical inference by showing the group means and confidence
intervals for decoding accuracy and identification accuracy. Each data point represents the
mean accuracy corresponding to an inter-site pair of subjects. As in previous chapters, we
applied bootstrapping to these dyadic data points due to dyadic dependency to calculate the
group mean and 95% confidence interval.

9.3 Results

9.3.1 Inter-site DNN feature decoding

We extended our analysis to investigate the feasibility of inter-site neural code conversion,
where converters were trained between source and target subjects from distinct sites. For
this analysis, we used the Deeprecon dataset and two additional datasets: the NSD and the
THINGS dataset. The source subject was selected from one of these three datasets, while the
target subject was selected from a different dataset, resulting in 94 individual pairs with no
stimuli shared between any pairs. In this inter-site analysis, due to the absence of ground
truth (measured fMRI activity) for evaluating conversion accuracy in the brain space, we

evaluate the inter-site neural code conversion through the inter-site DNN feature decoding.
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Fig. 9.2 Feature decoding accuracy for Deeprecon test data. (A) Pattern correlation. The
mean pattern correlation for each layer of the VGG19 model is shown for the Within and
Inter-site conditions (VC; error bars, 95% C.1. from five subjects for the Within condition,
from 20 pairs for the NSD decoder condition and from 15 pairs for the THINGS decoder
condition). (B) Profile correlation. The three conditions are compared as in (A) but with
profile correlation coefficients.
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Fig. 9.3 Feature decoding accuracy for THINGS test data. (A) Pattern correlation. The
mean pattern correlation for each layer of the VGG19 model is shown for the Within and
Inter-site conditions (VC; error bars, 95% C.I. from three subjects for the Within condition,
from 12 pairs for the NSD decoder condition, and from 15 pairs for the Deeprecon decoder
condition). (B) Profile correlation. The three conditions are compared as in (A) but with
profile correlation coefficients.
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Fig. 9.4 Feature decoding accuracy for NSD test data. (A) Pattern correlation. The mean
pattern correlation for each layer of the VGG19 model is shown for the Within and Inter-site
conditions (VC; error bars, 95% C.1I. from four subjects for the Within condition, from
12 pairs for the NSD decoder condition, and from 20 pairs for the Deeprecon decoder
condition). (B) Profile correlation. The three conditions are compared as in (A) but with
profile correlation coefficients.

Figure 9.2 presents the results of inter-site decoding accuracy, where the source subject
originates from the Deeprecon dataset, and the target subjects are drawn from the THINGS
and NSD datasets. The decoding performance is evaluated using both pattern correlation
and profile correlation across different layers of the VGG19 model. The results show that
inter-site decoding yields a consistent pattern of accuracy for both correlation metrics. For
all three decoding conditions, Within, NSD decoder, and THINGS decoder, the decoding
accuracy is relatively low in the early layers of the VGG19 model, where features represent
low-level visual information such as edges and textures. As the layers progress toward higher
levels, which capture more abstract and semantic features, decoding accuracy increases
steadily. This layer-wise trend is consistent across all decoding conditions, indicating that the
hierarchical DNN representations are similarly captured regardless of whether the decoder is
trained and tested within the same individual or across sites. Furthermore, a comparison of
decoding accuracy across the three methods reveals that their performance is comparable
at each layer, with overlapping confidence intervals. The results closely parallel the results
reported in Chapter 6, where inter-individual decoding within a single dataset showed similar
decoding patterns and accuracy levels. Similar decoding tendencies are also observed for
test data from both the THINGS and NSD datasets in the inter-site setting (Figures 9.3 and
9.4). These results suggest that inter-site neural code conversion preserves hierarchical DNN

features.
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Fig. 9.5 Inter-site reconstruction for Deeprecon test data. (A) Reconstructions. Within-
individual reconstructions were obtained using decoders from the same subject, while inter-
site reconstructions were obtained using the target’s decoders from other datasets (VC; source:
Subjectl, target: Subject 6, 9; see Figure 9.6 for reconstructions of all pairs). For copyright
reasons, some stimulus images have been replaced with visually similar alternatives. (B)
Identification accuracy. Pairwise identification was performed using the pixel values and the
extracted DNN feature values from the reconstructions. The DNN features were extracted
from eight layers of the AlexNet model, including five convolutional (conv) layers and
three fully connected (fc) layers. The mean identification accuracy was calculated across all
subjects or individual pairs (error bars, 95% C.I. from five subjects or 20 pairs; dashed lines,
50% chance level).

9.3.2 Inter-site image reconstruction

To further evaluate the effectiveness of inter-site neural code conversion, we performed
inter-site image reconstruction by reconstructing images using the DNN features decoded
from the converted brain activities. Consistent with the procedure described in Chapter 6,
we applied the same image reconstruction algorithm and identification analysis to assess the
quality of the reconstructions.

Figure 9.5A presents examples of the inter-site image reconstruction for Deeprecon
test data. (see Figure 9.6 for the reconstructions of 20 individual pairs). The inter-site
reconstructions captured the core characteristics of the presented images, including their
shape, color, and textures, showcasing visual content similar to that of the within-individual
reconstructions. A quantitative evaluation revealed that the identification accuracy of inter-site
reconstructions was slightly lower but still comparable to within-individual reconstructions
(Figure 9.5B). Similar image reconstruction results are also observed for test data from both
the THINGS and NSD datasets in the inter-site setting (Figures 9.7-9.10). These results

demonstrated that brain activity patterns can be converted across subjects from different
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Fig. 9.6 Inter-site image reconstructions using Deeprecon test data for all pairs. All recon-
structions were generated using the whole visual cortex (VC). For copyright reasons, some
stimulus images have been replaced with visually similar alternatives.
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Fig. 9.7 Inter-site reconstruction for THINGS test data. (A) Reconstructions. Examples for
source Subject 6 and target Subjects 1 and 9 are shown (VC; see Figure 9.8 for reconstructions
of all pairs; some stimulus images were replaced for copyright reasons). (B) Identification
accuracy. The mean identification accuracy was calculated across all subjects or individual
pairs (error bars, 95% C.I. from three subjects, 12 pairs, or 15 pairs; dashed lines, 50%
chance level).
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Fig. 9.8 Inter-site reconstructions for NSD test data. (A) Reconstructions. Examples for
source Subject 9 and target Subjects 1 and 6 are shown (VC; see Figure 9.10 for recon-
structions of all pairs; some stimulus images were replaced for copyright reasons). (B)
Identification accuracy. The mean identification accuracy was calculated across all subjects
or individual pairs (error bars, 95% C.I. from four subjects, 12 pairs, or 20 pairs; dashed
lines, 50% chance level).
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Fig. 9.9 Inter-site image reconstructions using THINGS test data for all pairs. All recon-

structions were generated using the whole visual cortex (VC). For copyright reasons, some
stimulus images have been replaced with visually similar alternatives..
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Fig. 9.10 Inter-site image reconstructions using NSD test data for all pairs. All reconstructions
were generated using the whole visual cortex (VC). For copyright reasons, some stimulus
images have been replaced with visually similar alternatives.
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datasets, preserving the fine-grained feature representations that enable inter-site image

reconstruction.

9.4 Discussion

This chapter investigated the feasibility of inter-site neural code conversion by evaluating
both DNN feature decoding and image reconstruction across different fMRI datasets. By
using data from the Deeprecon, THINGS, and NSD datasets, we demonstrated that it is
possible to convert brain activity patterns from a source subject in one dataset to a target
subject in a different dataset, without shared stimuli. The decoded DNN features from
these inter-site conversions preserved sufficient visual information to reconstruct images that
closely resembled the original stimuli. These findings provide evidence that hierarchical fine-
grained visual representations in the brain can be generalized and decoded across individuals
and recording environments.

We have demonstrated inter-site image reconstruction using the Deeprecon, THINGS,
and NSD datasets. While all combinations of these datasets for conversion yielded reliable
reconstructions, it should be noted that there are different characteristics among these datasets,
particularly in the diversity of the stimuli. The Deeprecon dataset includes fMRI brain
responses to both natural and artificial images and is carefully designed to prevent overlap
in object categories between training and testing datasets. The NSD and THINGS datasets
provide more extensive stimuli of natural scenes and object images. However, the diversity
of NSD stimuli is limited in semantic and visual contents, with considerable overlap of
these contents between training and test sets (Shirakawa et al., 2024). This overlap might
introduce bias in inter-site reconstruction results, particularly with the NSD test set, because
semantic and visual contents from the training data that overlaps with the test data could be
incorporated during the training of the converter. The use of multi-subject data in decoding
may increase the risk of spurious prediction of “novel” content due to the growing overlap of
semantic and visual contents between the training and test sets (Bao et al., 2024; Gong et al.,
2024; Quan et al., 2024; Scotti et al., 2024).

Our method provides a promising tool for scalable neural data analyses. Conventional
within-site analyses (Bao et al., 2024; Bilenko & Gallant, 2016; Gong et al., 2024; Haxby
et al., 2011; Ho et al., 2023; Quan et al., 2024; Scotti et al., 2024; Van Uden et al., 2018;
Yamada et al., 2015) are often conducted under homogeneous conditions, such as the same
scanner, identical experimental design, and subjects from a single site, which may restrict
the generalizability of the results. In contrast, our method enabled the conversion of brain

data across different datasets and demonstrated that inter-site converted brain data can
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achieve image reconstructions with performance comparable to within-site reconstructions
(Figures 9.5-9.10). This approach potentially expands the reuse of brain data from various
publicly available datasets, and enables scalable data analysis and modeling that transcend
institutional and geographical barriers.

In inter-site neural code conversion, the data across different sites may not only involve
different subjects or recording environments but also varying modalities. Our method is
adaptable for use with brain data from various modalities. While we primarily analyze brain
activity patterns from fMRI signals, the content loss approach can be extended to other
modalities, such as EEG or MEG, which offer high temporal resolution for capturing rapid
neural dynamics. Furthermore, this method supports inter-modality neural code conversion,
such as transforming high spatial resolution fMRI data into EEG or MEG representations,
enabling robust neural data analysis and modeling across both sites and modalities.



Chapter 10

Neural code conversion with subjective
experience

10.1 Introduction

Previous chapters demonstrated that neural code converters trained on basic image perception
tasks perform well when tested on similar tasks, successfully preserving visual represen-
tations and enabling inter-individual decoding and visual image reconstruction. However,
beyond basic image perception, various experimental paradigms in the visual domain have
revealed how subjective factors influence neural representations. Visual illusions reflect the
dissociation between sensory input and perception, with differential cortical activity corre-
lating with the subjective experience of illusory attribute (Cheng et al., 2023; Cornelissen
et al., 2006; Gerardin et al., 2018; Ho & Schwarzkopf, 2022; Hong & Tong, 2017; Knebel &
Murray, 2012; Kok & de Lange, 2014; Kok et al., 2016; Sasaki & Watanabe, 2004; Seghier
& Vuilleumier, 2006). Attention-related tasks demonstrate that top-down cognitive processes
can modulate visual cortical responses, enhancing the representation of relevant features
(Cukur et al., 2013; Horikawa & Kamitani, 2022; Kamitani & Tong, 2006; Klein et al., 2014;
Niazi et al., 2014; Reddy et al., 2009; Serences et al., 2004; Stormer et al., 2009; Yantis &
Serences, 2003). In addition, visual imagery produces perception-like experiences without
external input, activating visual areas similar to those engaged during veridical perception
(Dijkstra et al., 2019; Horikawa & Kamitani, 2017; Kosslyn et al., 2001). These tasks involve
distinct subjective experiences, raising the question of whether a converter trained on the
basic image perception task can generalize to different visual tasks that engage internally

driven processes and subjective contents.
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In this chapter, we aim to investigate the feasibility of converting neural representations
of subjective experience across individuals, including perceptual illusions, selective attention,
and visual imagery. As in previous chapters, we trained two types of neural code converters
using content loss-based optimization and brain loss-based optimization, based on brain
activity evoked by perceived natural image stimuli. In the test stage, the source subject’s brain
activity during various forms of subjective experience was converted into the brain space of
the target subject. The converted brain activity can be decoded into latent representations,
which could then be converted into an image, reflecting the extent to which subjective
content is preserved through inter-individual neural code conversion (Figure 10.1). We first
examined whether illusory perceptions, including line and color illusions, can be transferred
across individuals by comparing inter-individual reconstructions with within-individual and
stimulus-based reconstructions. Next, we evaluated whether brain activity during selective
attention can be aligned across individuals by reconstructing the attended images. Finally, we
tested whether brain activity during visual imagery can also be converted across individuals

by assessing the quality of the reconstructed imagined images.
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Fig. 10.1 Neural code conversion with subjective experience. (A) Training the neural code
converter using brain response to natural images. The training approach is the same as in
Chapter 5. (B) Neural code conversion for illusion. When presented with an illusion stimulus,
the source subject’s brain activity pattern is converted into the space of target subject. The
converted pattern is then decoded into image feature representations by a feature decoder
within the target subject, enabling inter-individual image reconstruction as perceived by
the source subject. (C) Neural code conversion during attention. When presented with a
superimposed stimulus, the source subject was asked to attend to one the images. The brain
activity during attention was converted across subjects and used for image reconstruction.
(D) Neural code conversion during visual imagery. There is no veridical perception image,
the source subject was asked to imagine the target images. The brain activity during imagery
was converted across subjects, and used for image reconstruction.
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10.2 Methods

10.2.1 DNN feature decoding

Similar to Chapter 6, the feature decoding analysis followed the methods described in
Horikawa and Kamitani (2017) and Shen et al. (2019b). For the illusion task, the converted
brain activity patterns were decoded into rectified fc6 features of AlexNet model (Krizhevsky
et al., 2012). For the attention and imagery tasks, the converted brain activity patterns were
decoded into hierarchical features of the VGG19 DNN model (Simonyan & Zisserman,
2014), ranging from convl_1 to fc8. More details of the DNN features can be found in
Subsection 6.2.1.

10.2.2 Visual image reconstruction

GAN

For reconstructing illusory images, we followed Cheng et al. (2023) and used a generator
network originally developed by Dosovitskiy and Brox (2016), pre-trained using a Generative
Adversarial Network (GAN) framework (available at: https://lmb.informatik.uni-freiburg.de/
resources/binaries). This generator transforms the rectified outputs of fc6 layer features from
the CaffeNet model into natural images using ImageNet training data (Russakovsky et al.,
2015). In our implementation, for illusion reconstruction, decoded fc6 features from brain
activity were fed into the generator to produce reconstructed images (VanRullen & Reddy,
2019).

Pixel optimization (iCNN)

For reconstructing attended and imagined images, we used a pixel optimization method
(Horikawa & Kamitani, 2022; Shen et al., 2019b) that is the same reconstruction method in
Chapter 6, which optimizes pixel values of an input image so that its deep neural network
(DNN) features match those decoded from brain activity. We adopted the VGG 19 model
(Simonyan & Zisserman, 2014) implemented in Caffe as the DNN feature extractor, and
DNN features before the rectification operation from eight layers (conv1-5 and all fully
connected layers) were used to guide the optimization. In our implementation, for both
attended images and imagined images, decoded VGG19 features from brain activity were

fed into the iICNN reconstruction framework to produce reconstructed images.
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10.2.3 Evaluation of reconstruction
Illusory line

We evaluated reconstructed images of the line illusion, both globally (whole image) and
locally (specific regions). For the local analysis, we defined two types of circular regions:
illusory regions (where illusory lines were expected) and non-illusory regions (where only
inducer lines appeared), based on the stimulus geometry. Four circular regions were extracted
from each stimulus image, with two located in illusory areas and two in non-illusory areas.
These regions were defined by selecting the largest disks tangent to the central lines of the
image.

We detected the principal orientation in each image or region using the Radon transform,
following a method from texture analysis (Jafari-Khouzani & Soltanian-Zadeh, 2005). Each
image was converted to grayscale, and the largest disk-shaped area within the region was
analyzed. It was projected to a line space by summing the pixel intensities along each line
within A:

R(r,0) = Z I(x,y)6(r—xcos6 —ysin0) (10.1)
(x,y)€A

where each line is parametrized by the distance from the center r and the orientation 6.
The intensity of the pixel located at (x,y) is denoted by I(x,y). If (x,y) is on the line, § = 1;

otherwise, 6 = 0.
For each orientation, pixel intensities along parallel lines were summed, and the variance
of these projections was calculated. The orientation with the highest variance was defined as
the principal orientation. To focus on the illusory region, only lines passing within five pixels

of the disk center were included.

Mlusory color

We performed a regression analysis to evaluate the color filling-in effect, where a recon-
structed image was approximated by the superposition of the illusory surface and the inducing
stimulus with an additive error term.

Prior to the regression analysis, we created redness maps from the reconstructions, the
illusory/real surfaces, and the inducing stimulus. A redness map was generated by converting
the RGB image to the HSV color space and extracting the saturation (S) values of the red
pixels. Non-red pixels were assigned zero. Red pixels were defined as those with hue (H)
values in the range 0°-10° or 160°-180°.
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Given the real color surface in the positive control image, we performed another regres-
sion analysis that excluded the inducing stimulus regressor to compare the illusory color with

the real color. The following regression models were used for each reconstruction:

[lusion vs. control:
yi = Bixi1+ Poxin + & (10.2)
Illusion vs. positive control:
yi = Pixi1 + & (10.3)

Here, y; is the redness value at the i-th pixel of the reconstructed image (size h X w), & 1s
the residual error, and x; 1, x; » are the redness values from the illusory (or real) surface and the
inducing stimulus, respectively. The coefficients 8, and 3, reflect the relative contributions
of each component and were estimated by minimizing the sum of squared errors across all

pixels in each reconstruction.

Attended images

We performed identification analysis separately for reconstructions from attention trials and
single-image trials. For attended image reconstruction, we calculated correlation coefficients
between the pixels or features extracted from the reconstruction and those of the two candidate
images (attended vs. unattended). The image with the higher correlation was selected as the
predicted attended image. Identification accuracy was defined as the proportion of correctly
identified attended images across all reconstructions. For reconstructions from single-image
viewing, each reconstructed image was compared with the presented image and the false
alternative of another image. The false alternative is drawn from the remaining test images.
This pairwise identification was repeated nine times for each reconstruction, using a different
false image each time. The identification accuracy for a reconstructed image is defined as
the ratio of correct identifications. For each subject (Within) or each individual pair, we
calculated the mean identification accuracy by averaging the identification accuracies of all

reconstructed images.

Imagined images

We performed identification analysis separately for imagined artificial shapes and natural
images. For each reconstructed image, an identification was considered correct when the
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correlation coefficient of the reconstructed image’s feature vector was greater with the true
feature vector than with the false alternative. The false alternative was selected from the
remaining test images of the same type. For each reconstructed artificial shape, identification
was repeated against all 14 candidate artificial images. Similarly, for each reconstructed
natural image, identification was repeated against all nine candidate natural images. The
identification accuracy for a reconstructed image is defined as the ratio of correct identifica-
tions. For each subject (Within) or each individual pair, we calculated the mean identification
accuracy by averaging the identification accuracies of all reconstructed images.

10.2.4 Group statistics

Group-level analyses were performed by presenting group means with individual data
distributions in the figures. In all quantitative analyses of image reconstruction, each data
point represented the mean accuracy for a subject or individual pair. These included the
proportion of illusory orientation detection for line illusions, regression coefficients for color
illusions, and identification accuracy for attended and imagined images. Group means were

calculated by averaging these mean accuracies across all subjects or all subject pairs.

10.3 Results

10.3.1 Neural code conversion for line illusion

We first investigated whether brain activity patterns evoked by line illusion could be aligned
across individuals while preserving subjective perceptual content. We used representative
illusory contours induced by offset gratings (Soriano et al., 1996; see Chapter 2 for more
details). The stimuli consisted of six configurations, combining two inducer orientations (0°
and 90°) with four illusory line orientations (0°, 45°, 90°, and 135°). Brain activity from the
whole visual cortex (VC) in response to these images was converted from the source subject
to the target subject using two types of neural code converters. The converted activity was
then decoded into DNN feature representations and subsequently used to reconstruct images.
As a baseline, we also performed within-subject reconstruction, in which DNN features
were predicted using decoders trained on the same subject’s data, referred to as the “Within”
condition. To assess whether brain activity is essential for reconstructing illusory features,
we also reconstructed the stimulus images directly from their stimulus-derived DNN features.

Figure 10.2 shows example reconstructions from the visual cortex (VC). Reconstructions
based on stimulus-derived DNN features did not exhibit illusory lines, suggesting that the

stimulus alone was insufficient to evoke the perceptual illusion. In contrast, reconstructions
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Fig. 10.2 Reconstructed illusory line images. The reconstructions are shown for the Stimulus
features, Within, Brain loss, and Content loss conditions. Each stimulus image was all from
the same source subject (VC; source: Subject 2, target: Subject 1)

based on DNN features decoded from brain activity, obtained either through the within-
individual or across-individual approach, contained line components of the illusory and the
inducer orientations. The illusory orientation appeared more prominent than the inducer
orientation. In the control images, where fewer grating lines were presented to weaken
the illusory percept, the line components corresponding to the illusory orientation were
less prominent. When comparing the within-individual and across-individual conditions,
both types of neural code conversion produced reconstructions that closely resembled those
from the within-individual condition, successfully capturing the key features of the illusory
orientation. The prominence and spatial distribution of the illusory lines were generally
comparable across the two conditions.

To quantitatively evaluate the reconstructed illusory lines, we used the Radon transform
(Jafari-Khouzani & Soltanian-Zadeh, 2005) to detect the most apparent line orientation in
each reconstruction. We calculated Radon projections for line areas traversing the center
of the image at each orientation and defined the orientation with the largest variance as the
principal orientation (Figure 10.3A and 10.3B; see Subsection 10.2.3). While the illusory line
is typically perceived at the abutting region of the inducer gratings, this global analysis does
not capture the localized nature of the percept. Therefore, we also conducted a local analysis
by detecting the principal orientation separately in (1) the illusory region, where the illusory
line is expected, and (2) non-illusory regions, where only the inducer orientation is present
(Figure 10.3C). We then calculated the proportion of reconstructions in which the detected

orientation was closer to the illusory orientation in each region, allowing comparison between
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local and global representations. Figure 10.3D presented closer-to-illusory proportions for
the global, local illusory, and local non-illusory regions in Within-individual condition and
two across-individual conditions. The proportions of reconstructions in which the detected
orientation was closer to the illusory orientation were higher in the global and local illusory
regions compared to the non-illusory regions. This pattern indicates that reconstructions
captured the expected illusory percept more reliably in the illusory regions. This trend
was consistently observed across all three conditions: the within-individual condition, and
both types of across-individual conditions (content loss and brain loss). When comparing
within- and across-individual conditions, the closer-to-illusory proportions in both the global
and illusory regions were slightly higher in the within-individual condition. However, the
across-individual conditions, particularly the content loss-based converter, also yielded
comparable levels of illusory orientation detection. These results suggest that the neural
code converters can preserve localized representations of subjective illusory content across

individuals, although with slightly reduced strength compared to the within-individual case.

10.3.2 Neural code conversion for color illusion

We next investigated whether brain activity evoked by color illusions could be aligned across
individuals. Neon color spreading is a phenomenon where color appears to extend beyond
the physical stimulus, forming a transparent surface (Bressan et al., 1997; van Tuijl, 1975).
We used two types of neon color spreading: the Ehrenstein configuration, where color in
line regions appears to fill a circle (Ehrenstein, 1941), and the Varin configuration, where
color in wedge regions appears to form a rectangle (Varin, 1971). For both illusions, we
prepared control images that weakened the illusory percepts, and positive control images that
physically mimicked the percept with real lines or a uniform color surface. As in the line
illusion analysis, we applied two types of neural code converters to transform brain activity
across individuals, followed by DNN decoding and image reconstruction. We also included
within-individual and stimulus-based reconstructions for comparison.

Figure 10.4 shows examples of the color illusion reconstructions from the visual cortex
(VC). Reconstructions based on stimulus-derived DNN features did not show perceptual
color spreading, indicating that the stimulus alone was insufficient to produce the illusion. In
the Ehrenstein configuration of neon color spreading, reconstructions based on brain activity
showed more extensive color spreading compared to those from the control condition, where
a line-width gap was introduced to weaken the illusion. In the Varin configuration, the
control images were designed to suppress the color spreading while preserving the contour
structure. Both the illusory and control reconstructions exhibited similar contour-like intensity
profiles, but color spreading was more prominent in the illusory condition. This effect, which



148 Neural code conversion with subjective experience

A y B * S
Distribution of
Reconstruction Variance, 82(9) —_— % lllusory  principal orientations
~ ~Radon Y ~ " & inducer
b S [ projections e — *
~ 1 o s- | I
- n
Principal ! =
\orientaFt)ion = % closer to the
i illusory orientation ()
Trails from VC
C D
Within Across: content loss Across: brain loss
c 751 o
o b ' o
o
% © 501 8
w = o
o0 2
© >
R 5 25-
=
0' \ T T \ T T \ T T
\60{0 %0\‘\%6?\ \éofb ‘boc\%dt\ \60":> o\‘\%ot\
¢ \\\Q .§\\) € \\\\\ .\\\\) (€ \\\\) §\\‘»
/ 7/
& & o~
< S S

Fig. 10.3 Quantitative evaluation of reconstructed illusory line images. (A) Principal ori-
entation detection. The orientation with the largest variance in Radon projections across
line positions was identified as the principal orientation in an image. (B) Global and local
presence of illusory orientation. (C) Distribution of principal orientations in reconstructions
from VC. (D) Proportion of principal orientations biased toward the illusory orientation.
For each reconstructed image, we determined whether the principal orientation was closer
to the illusory orientation than to the inducer orientation. The mean proportion was first
computed across all reconstructed images for each subject (within-individual) or subject pair
(across-individual), and then averaged across subjects or pairs (n = 4 subjects; 12 individual
pairs) to obtain the group-level mean. Bar graphs represent the mean proportions, and each

dot indicates an individual subject or subject pair.
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Fig. 10.4 Reconstructed neon color spreading images. The reconstructions are shown for the
Stimulus features, Within, Brain loss, and Content loss conditions. Each stimulus image was
all from the same source subject (VC; source: Subject 1, target: Subject 2).
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resembled the positive control condition where physical color surfaces were present, was
observed in both within- and across-individual conditions. Although the difference between
the illusory and control conditions was more evident in the within-individual reconstructions,
the across-individual condition using the content loss converter also captured key aspects of
the illusory color surface.

To quantitatively evaluate color illusion reconstruction, we performed regression analysis
on the redness (saturation) maps of each reconstructed image (Figure 10.5A and 10.5B; see
Subsection 10.2.3). Redness maps were computed from the RGB values of the reconstruc-
tions, stimulus images, and predefined illusory surface regions. The redness profile of each
reconstruction was regressed onto two predictors: the expected illusory surface map and the
stimulus map, with corresponding regression coefficients. The illusory surface regressor was
shared between the illusion and control conditions for comparison, and its coefficient was
used as the measure of illusory color reconstruction.

Regression was performed for all individual reconstructions and pooled across configura-
tions (e.g., line size and number in Ehrenstein) for each subject or subject pair. In both the
Ehrenstein and Varin configurations, the illusory surface coefficient (f;) was higher in the
illusion condition compared to the control condition, indicating that reconstructed images
reflected the spreading of color in the absence of physical color surfaces (Figure 10.5C

and 10.5D). This difference was evident in the within-individual condition and similarly
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Fig. 10.5 Quantitative evaluation of reconstructed neon color spreading images. (A) Illus-
tration of regression analysis for Ehrenstein configuration with the illusion and the control
conditions. The redness map of a reconstructed image was fitted by those of the illusory
surface (expected region of color filling-in) and the stimulus. (B) Illustration of regression
analysis for Varin configuration with the illusion and the control conditions. (C) The illusory
surface coefficient values for Ehrenstein configuration with the illusion and the control
conditions. For each reconstructed image, we calculated the illusory surface coefficient
value. The mean value was first computed across all reconstructed images for each subject
(within-individual) or individual pair (across-individual), and then averaged across subjects
or pairs (n = 4 subjects; 12 individual pairs) to obtain the group-level mean. Bar graphs
represent the mean proportions, and each dot indicates an individual subject or subject pair.
(D) The illusory surface coefficient values for Varin configuration with the illusion and the
control conditions. (E) Illustration of regression analysis for Ehrenstein configuration with
the illusion and the positive control conditions. The redness map of a reconstructed image
was fitted by that of the illusory or real surface. (F) Illustration of regression analysis for
Varin configuration with the illusion and the positive control conditions. (G) The illusory
surface coefficient values for Ehrenstein configuration with the illusion and the positive
control conditions. (H) The illusory surface coefficient values for Varin configuration with
the illusion and the positive control conditions.
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observed in both across-individual conditions, with stronger effects in the content loss-based
conversion.

To further examine the similarity between reconstructed illusions and real percepts, we
also regressed the profile of the redness map of reconstructions from the illusion and positive
control conditions onto the illusory or real color surface maps (Figure 10.5E and 10.5F).
For the within-individual analysis, in the Ehrenstein configuration, the illusory surface
coefficients were slightly lower than those in the positive control condition (Figure 10.5G),
indicating that the reconstructed illusory color percept closely resembled the physically
presented surface. In contrast, in the Varin configuration, the difference between the illusion
and positive control conditions was generally larger (Figure 10.5H). Similar patterns were
observed in across-individual conditions. Reconstructions using the content loss-based
converter produced illusory surface coefficients that were more comparable to the within-
individual results than those obtained using the brain loss-based converter. These results
indicate that subjective representations of color spreading illusions can be converted across

individuals through neural code conversion.

10.3.3 Neural code conversion during selective attention

We next examined whether brain activity during selective attention could be aligned across
individuals. In attention trials, subjects viewed a superposition of two natural images (45
combinations from 10 images) and were instructed to attend to one of them while ignoring
the other. This task made the attended image more perceptually dominant. Brain activity
from these trials was converted from source to target subjects using the same neural code
converters and used to reconstruct images, as in previous tasks. To isolate the effect of
attention, we also reconstructed images from brain activity recorded during single-image
viewing, in which no attention was directed. Within-individual reconstructions were also
performed for comparison.

Figure 10.6 show example reconstructions from the attention and single-image viewing
trials. For the within-individual condition, the reconstructed images more closely resembled
the attended images, capturing their overall shape, color, and fine details more strongly than
those of the unattended images. Even when the visual input was identical, the reconstructions
differed substantially depending on the direction of attention. The quality of reconstructions
from the attention trials was slightly lower than that from single-image viewing trials,
suggesting that attention effectively modulated the perceptual representation captured in
brain activity.

For the across-individual condition, similar patterns were observed. Reconstructions

based on converted brain activity also resembled the attended image more than the unattended
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Fig. 10.6 Inter-individual reconstruction for attended images and single images. (A) Recon-
structions from attention trials. The reconstructions under the three analytical conditions for
each stimulus image were all from the same source subject (VC; source: Subject 1, target:
Subject 2). (B) Reconstructions from single-image viewing trails. The reconstructions are
shown as in (A) but with single-image trails.
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Fig. 10.7 Quantitative evaluation of reconstructed attended images and single images. (A)
Identification accuracy of attended image reconstructions. Pairwise identification was per-
formed using the pixel values and the extracted DNN feature values of the reconstructions.
The DNN features were extracted from 5 convolutional (conv) layers and 3 fully connected
(fc) layers of the AlexNet model. The mean identification accuracy was calculated over all
reconstructed images for each subject or individual pair, and then averaged across all subjects
or pairs to obtain the group-level mean (n =5 subjects; 20 individual pairs; dashed lines, 50%
chance level). (B) Identification accuracy of single-image reconstruction.

one, indicating that neural code conversion preserved attention-modulated representations
across individuals. The difference between attended and unattended image content was
particularly evident when using the content loss-based converter, while the brain loss-based
converter showed weaker attention selectivity in some cases.

To quantitatively evaluate the reconstructions from attention and single-image viewing
trials, we performed a pairwise identification analysis using both pixel values and DNN
features extracted from the reconstructed images (see Subsection 10.2.3). For each recon-
struction, we used its feature pattern to identify the corresponding stimulus image from two
candidates by comparing feature correlations. We then calculated the mean identification
accuracy across all reconstructions for each individual or individual pair. Figure 10.7 show
the mean identification accuracies averaged across subjects, with each dot representing one
subject (within-individual) or individual subject pairs (across-individual). For the within-
individual condition, attended image identification showed lower accuracy at the earliest
DNN layer (conv1), but improved at lower-to-middle layers, peaking around conv3-5 layers
(Figure 10.7A). The identification accuracies in the attention condition were generally lower
across all layers compared to those in the single-image viewing condition (Figure 10.7B).

The across-individual conditions exhibited similar profiles, with peak performance at

middle-to-higher layers, although overall accuracy was slightly lower than that of the within-
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individual condition in both attended and single-image image identification (Figure 10.7).
Among the two converters, the content loss-based approach outperformed the brain loss-
based approach across most layers. These results demonstrate that attention-modulated

representations can be preserved across individuals.

10.3.4 Neural code conversion for visual imagery

Unlike perceptual tasks involving external stimuli, visual imagery requires internally gen-
erated representations. We similarly investigated whether the brain activity during visual
imagery could also be aligned across individuals. In imagery trials, subjects imagined
specific artificial or natural images. Brain activity collected during imagery was converted
from source to target subjects using the same neural code converters as in previous tasks,
and the converted activity was used to reconstruct the imagined images. Within-individual
reconstructions were also performed for comparison. As in the attention analysis, we used
identification analysis to quantitatively evaluate the reconstruction of imagined images.

Figure 10.8 show example reconstructions of imagined artificial shapes and natural im-
ages. In the within-individual condition, the reconstructed images captured coarse structural
features of the imagined content, such as overall shape and dominant contours. Artificial
shapes were more reliably reconstructed, often preserving clear geometric structure. In
contrast, reconstructed natural images showed weaker resemblance to the target images, with
only partial textures emerging and generally lower clarity compared to reconstructions from
perception-based tasks. In the across-individual condition, both types of converters produced
similar reconstructions that reflected the content of the imagined artificial and natural images,
although the structural fidelity was slightly degraded compared to the within-individual
condition.

The quantitative results showed that identification accuracy was consistently highest in
the within-individual condition across image types and DNN layers (Figure 10.9). Between
the two across-individual conditions, the content loss-based converter and brain loss-based
converter yielded overall comparable performance. For artificial shapes, the content loss-
based converter outperformed the brain loss-based converter in low-to-middle DNN layers
but showed slightly lower accuracy in higher layers (Figure 10.9A). Natural images showed a
different pattern, with the brain loss-based converter performing better in low-to-middle layers
and the content loss-based converter showing higher accuracy in higher layers (Figure 10.9B).
These results suggest that neural code conversion can preserve internally generated visual

representations across individuals, with performance varying depending on image type.
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Fig. 10.8 Inter-individual reconstruction for imagined images. (A) Reconstructions of
imagined artificial images. The reconstructions under the three analytical conditions for each
stimulus image were all from the same source subject (VC; source: Subject 1, target: Subject
2). (B) Reconstructions of imagined natural images. The reconstructions are shown as in (A)
but with natural images.
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Fig. 10.9 Quantitative evaluation of reconstructed imagined images. (A) Identification
accuracy of artificial image reconstructions. Pairwise identification was performed using the
pixel values and the extracted DNN feature values of the reconstructions. The DNN features
were extracted from 5 convolutional (conv) layers and 3 fully connected (fc) layers of the
AlexNet model. The mean identification accuracy was calculated over all reconstructed
images for each subject or individual pair, and then averaged across all subjects or pairs to
obtain the group-level mean (n = 4 subjects; 12 individual pairs; dashed lines, 50% chance
level). (B) Identification accuracy of natural image reconstruction.

10.4 Discussion

This chapter investigated whether subjective visual experiences such as illusory perception,
selective attention, and visual imagery could be converted across individuals using neural
code conversion and visual image reconstruction. Note that the converter, decoder, and
reconstruction models had been trained on fMRI responses to natural images, which did
not involve the images used in the test stage (attention, illusion, and imagery tasks). This
design ensures that the models generalize to novel perceptual and cognitive conditions not
seen during training. We found that both line and color illusions could be reliably converted
across individuals, with inter-individual reconstructions capturing perceptual features such as
illusory contours and color spreading that were not physically present in the stimulus. In the
attention task, the reconstructed images from converted brain activity more closely resembled
the attended images than the unattended ones. This demonstrates that attention-modulated
representations in the visual cortex can be preserved across individuals through neural
code conversion. In the imagery task, reconstructed images of imagined artificial shapes
preserved geometric structure, and those of natural images retained partial semantic and
textural content. Despite lower reconstruction fidelity compared to perception, identification

analysis confirmed that internal visual representations could be converted across individuals.
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These results suggest that subjective visual experiences may partially share representation
across individuals.

Our study builds on the assumption that the brain uses a shared or partly shared represen-
tational space to encode both externally driven perception and internally generated subjective
experiences (Kamitani & Tong, 2005). This shared space allows neural code converters
trained on stimulus-driven neural responses to be applied to subjective experiences. While
previous studies have decoded subjective states using stimulus-trained models within indi-
viduals (Cheng et al., 2023; Horikawa & Kamitani, 2022; Shen et al., 2019b), our approach
introduces an additional requirement: the representational space should also be at least partly
functionally aligned across individuals. When both within-individual and across-individual
consistency are satisfied, neural code conversion makes it possible to convert and reconstruct
subjective visual experiences such as illusions, attention, and imagery across different brains.
Our findings suggest that certain aspects of subjective experience may be supported by shared

neural representational structures that are at least partially consistent across individuals.






Chapter 11

Auditory neural code conversion

11.1 Introduction

Neural code conversion has proven effective for aligning brain activity patterns across
individuals, enabling accurate decoding and reconstruction of visual stimuli. Prior chapters
demonstrated that content loss-based converters trained on hierarchical DNN features can
preserve fine-grained visual representations and generalize across individuals, datasets,
decoding schemes, and experiment tasks. However, these findings were limited to the visual
domain. Whether such conversion approach can be extended to other sensory domains
remains unclear.

Our approach use latent representations from deep neural networks that are trained to
perform the task of interest to align brain activity. This general principle allows the method
to be extended to a wide range of sensory modalities or cognitive domains (Figure 11.1).
Like vision, recent studies have shown that deep neural networks trained on natural sound
recognition tasks can capture feature hierarchies that align with cortical processing stages
(Park et al., 2023). This suggests that content-based neural code conversion may also be
applicable to auditory stimuli, using DNN-derived auditory features as content representations
for functional alignment across individuals. Task-relevant latent representations derived from
neural networks trained on other domains such as language or decision-making may also
serve as a basis for functional alignment across individuals. For example, representations
from foundation models, including Generative Pre-trained Transformers (GPTs) for text
processing and SpeechT5 (Ao et al., 2021) for spoken language, could be used to align brain
activity during semantic tasks such as reading or listening (Nastase et al., 2021). Similarly,
representations from models like Centaur (Binz et al., 2024), trained on psychological
decision-making tasks, could be used to align neural activity during decision-making task.
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Fig. 11.1 Align brains via latent representations derived from DNNs for the task of interest.

In this chapter, we preliminarily examine this general approach by exploring the feasibility
of auditory neural code conversion. We apply both content loss- and brain loss-based
conversion methods to fMRI responses to natural sounds and evaluate performance in
multiple auditory cortical regions on the DeepSoundRecon dataset. To assess whether
auditory representations are preserved after conversion, we perform decoding analysis that
decode auditory DNN features from the converted brain activity. By comparing the two
conversion approaches and examining results across early and higher-order auditory areas,
we aim to determine whether the content-loss based neural code conversion method can

generalize beyond the visual domain.

11.2 Methods

11.2.1 Auditory fMRI data

We used the DeepSoundRecon dataset (See Chapter 2 for more details) for auditory neural
code conversion analysis. The DeepSoundRecon dataset consists of 1,200 training audio
clips and 50 test audio clips (8 s each) with corresponding fMRI responses (four repetitions
for each training clip and eight repetitions for each test clip) from five subjects. Subject 1
(S1), a pilot subject, was excluded due to the exploratory nature of their data (Park et al.,
2023). Whole-brain fMRI data were collected while subjects listened to auditory stimuli.
The analysis used ROIs defined by the dataset, including the whole auditory cortex (AC),
Al, LBelt, and PBelt from the early auditory cortex, as well as A4 and A5 from the auditory

association cortex (Figure 11.2).
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Fig. 11.2 Auditory stimuli and ROIs. (A) Example of sound stimuli from the Deep-
SoundRecon dataset. (B) The ROIs of the auditory cortex. The analysis used the whole
auditory cortex (AC), Al, LBelt, PBelt from the early auditory cortex, and A4 and A5 from
the auditory association cortex.

11.2.2 Auditory content representations

In the auditory analysis, we used the VGGish-ish DNN model (Iashin & Rahtu, 2021)
implemented using the PyTorch library (Paszke et al., 2019) as the content representations
for converter training and DNN feature decoding analysis. This model is pre-trained for the
recognition task of natural sounds (the pre-trained model is available from https://github.
com/v-iashin/SpecVQGAN). The model consists of 13 convolutional layers and three fully
connected layers, and was used to extract DNN features from the spectrogram of sounds.
The number of units in each layer is as follows: convl_1 and convl_2, 1,720,320; conv2_1
and conv2_2, 860,160; conv3_1, conv3_2, and conv3_3, 430,080; conv4_1, conv4 2, and
conv4 3, 215,040; conv5_1, conv5_2, and conv5_3, 53,760; fcl and fc2, 4,096; and fc3, 309.

11.2.3 Auditory neural code conversion methods

Similar to the methods described in Chapter 5 for visual stimuli, we applied both content
loss-based and brain loss-based neural code conversion approaches to auditory stimuli. In the
content loss-based method, a nonlinear MLLP model was trained to convert a source subject’s
brain activity pattern into the target space such that the decoded auditory contents from the
converted pattern closely matched the contents of the original sound stimulus (Figure 11.3).
The contents are the DNN features extracted from a pre-trained VGGish-ish model (see
Subsection 11.2.2 for details). In the brain loss-based method, a ridge regression model was
used to directly align the source subject’s brain activity with the target subject’s measured


https://github.com/v-iashin/SpecVQGAN
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Fig. 11.3 The overview of auditory converter training using content loss-based optimization
and brain loss-based optimization. (A) Hierarchical DNN features as auditory content. (B)
The content loss-based optimization minimizes the loss between the DNN features decoded
from the converted target activity and those extracted from the corresponding auditory
stimulus. The brain loss-based optimization minimizes the loss between the converted target
activity and the measured target activity.

brain responses. This approach minimizes the difference between the converted and measured
target brain activity patterns (Figure 11.3B).

11.2.4 Conversion accuracy for auditory stimuli

To evaluate the performance of the auditory neural code converter, we used two correlation-
based metrics: pattern correlation and profile correlation. Pattern correlation refers to the
Pearson correlation coefficient between the converted and the measured voxel activity patterns
for each test sound. Profile correlation calculates the Pearson correlation coefficient between
the sequences of converted and measured responses of a single voxel to the 50 sound test
stimuli.

As in the visual domain described in Chapter 5, to account for noise in fMRI measure-
ments, we estimated the noise ceiling by averaging the correlation coefficients between
repeated responses to identical auditory stimuli. All correlation coefficients were normalized
by dividing the raw values by their corresponding noise ceilings. For each subject pair and
ROI, the normalized pattern correlations across all sound stimuli were averaged to obtain
the mean pattern accuracy, while the normalized profile correlations across all voxels were

averaged to obtain the mean profile accuracy.
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11.2.5 DNN feature decoding analysis

To decode auditory content features from brain activity, we trained a ridge regression model to
predict DNN features extracted from auditory stimuli based on fMRI activity patterns. Before
training, both DNN feature values and voxel responses were normalized. A voxel selection
step was applied by calculating Pearson correlations between voxel response sequences
and DNN feature values, and the 500 voxels with the highest correlations were retained for
training (Horikawa & Kamitani, 2022, 2017). The ridge parameter was set to 100 to enhance
model stability.

As in the visual domain described in Chapter 6, test samples were averaged across
repetitions to improve the signal-to-noise ratio. Decoder performance was assessed using
pattern correlation and profile correlation. For each subject or subject pair, pattern correlations
were averaged across test stimuli, and profile correlations were averaged across DNN units

to yield the final mean decoding accuracies, which were used in group-level analysis.

11.2.6 Group statistics

We performed group-level statistical inference by showing the group means and confidence
intervals for conversion accuracy and decoding accuracy. Each data point represents the
mean accuracy corresponding to an individual pair of subjects. Similar to the group statistics
for visual neural code conversion analysis in Chapters 5 and 6, due to potential correlations
between pairs involving the same subject (dyadic dependency), we applied bootstrapping
to these dyadic data points to calculate the group mean and 95% confidence interval. We
performed bootstrap sampling separately on the source and target IDs, obtaining data points
of the original sample size while ensuring that pairs where the source and target IDs were the
same were excluded. The obtained data points were then used to calculate the mean. This
process was repeated 1000 times to generate bootstrap replicates, from which we calculated

the 95% confidence interval.

11.3 Results

11.3.1 Auditory neural code conversion

To further evaluate the potential of our approach, we conducted preliminary analyses examin-
ing neural responses in the auditory cortex during sound stimulus presentation (Park et al.,
2023). Using the same content loss-based framework, we analyzed neural code conversion

performance across different regions of interest (ROIs). Conversion accuracy was assessed
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Fig. 11.4 Auditory conversion accuracy. (A) Conversion accuracies measured by pattern
correlation. Distributions of the pattern correlation coefficients of 12 individual pairs are
shown for the AC and auditory subareas. The horizontal bars represent the mean accuracies
across the 12 pairs, with vertical bars representing the 95% C.I., and each dot indicates
an individual pair’s mean correlation coefficient over stimuli. (B) Conversion accuracies
measured by profile correlation.

using both pattern correlation and profile correlation, normalized by their respective noise
ceilings. For comparison, we also used the brain loss-based converter in the auditory domain.

Figure 11.4 presents the conversion accuracy under two conversion conditions. In terms
of pattern correlation, both content loss-based and brain loss-based converters showed compa-
rable conversion accuracy across all auditory ROIs, with particularly consistent performance
in the early auditory areas such as Al. Profile correlation results revealed a distinct per-
formance gap between the two methods. While the brain loss-based converter maintained
moderate profile accuracy across ROIs, the content loss-based method showed a noticeable
drop, especially in early auditory areas like Al and PBelt. These results demonstrate that our
neural code conversion framework is applicable to auditory neural response, with reasonable
accuracy in converting brain responses across individuals. The trend aligns with results in
the visual domain (Chapter 5), though there are relatively lower profile correlations in the
auditory condition. The successful neural code conversion in both sensory systems suggests
the potential versatility of our approach for probing shared neural representations across

diverse sensory modalities.

11.3.2 Auditory inter-individual DNN feature decoding

Similar to the visual domain analysis in Chapter 6, we next examined whether fine-grained
auditory representations are preserved in the converted brain activity by conducting a DNN
feature decoding analysis. Feature decoders were trained to transform fMRI activity from the
target subject’s auditory cortex to the hierarchical feature representations of the sound stimuli
extracted from a pre-trained VGGish-ish model. These decoders were then applied to the
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Fig. 11.5 Auditory decoding accuracy. (A) Auditory decoding accuracy measured by pattern
correlation. The mean pattern correlation for each layer of the VGGish-ish model is shown
for the Within, Brain loss, and Content loss conditions (AC; error bars, 95% C.I. from four
subjects for the Within condition, and from 12 pairs for the Brain loss and Content loss
conditions). (B) Auditory decoding accuracy measured by profile correlation. The three
conditions are compared as in (A) but with profile correlation coefficients.

converted brain activity obtained from the source subject, enabling prediction of the auditory
DNN features corresponding to the test stimuli. Decoding performance was quantified
using two metrics. First, pattern correlation, defined as the Pearson correlation between the
decoded feature vector and the ground-truth feature vector for each test sound. Second, profile
correlation, which measures the correlation between decoded and true feature sequences
across all test sounds for each individual DNN unit. For each layer, pattern correlations
were averaged across all stimuli, and profile correlations were averaged across all units,
yielding layer-wise mean decoding accuracies. As a baseline, we also evaluated decoding
performance in a within-individual condition, where decoders were trained and tested on
data from the same individual. This provided a reference for evaluating the effectiveness of
inter-individual decoding via neural code conversion in the auditory domain.

Figure 11.5 presents the decoding performance across the hierarchical layers of the
VGGish-ish model, comparing the within-subject condition with the two inter-individual
conversion methods. Panel A shows decoding accuracy in terms of pattern correlation,
while Panel B shows profile correlation results. In all three conditions, decoding accuracy
progressively increased from low-level to high-level layers of the DNN. This trend was
consistent across metrics, suggesting that the hierarchical structure of auditory representations
is preserved across both within- and inter-individual decoding.

Among the three conditions, within-individual decoding yielded the highest accuracy

across nearly all layers, followed closely by content loss-based conversion. Brain loss-
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based conversion yielded the lowest performance. While slight performance drops were
observed in the two inter-individual conditions, the overall trend demonstrates that fine-
grained auditory features can be reliably preserved and decoded after neural code conversion.
These results demonstrate the effectiveness of our conversion framework in aligning auditory
representations across individuals, suggesting a potential extension of our method beyond
the visual domain.

11.4 Discussion

This chapter investigated the preliminary application of our approach to the auditory domain,
demonstrating its potential to generalize beyond visual perception. By converting brain
activity patterns based on latent auditory representations derived from deep neural networks,
we showed that accurate inter-individual conversion and decoding of hierarchical auditory
features is feasible. These results highlight the effectiveness of using DNN-derived features
as content representations within our framework. The decoded auditory features may also
be applied to downstream tasks such as sound reconstruction (Park et al., 2023), further
expanding the practical utility of the approach.

We observed that while the pattern correlation for auditory neural code conversion was
comparable to that observed in the visual domain, the profile correlation was consistently
lower. This discrepancy may be explained by the relatively smaller number of voxels in
the auditory cortex compared to the visual cortex, based on typical ROI definitions. In our
content loss-based framework, the optimization focuses on minimizing the difference between
decoded and true stimulus features. This objective can often be achieved by optimizing only
a limited subset of voxels that are strongly associated with auditory representations. As a
result, other voxels within the auditory ROI may remain weakly optimized. Since profile
correlation reflects the average correlation across all voxels, its value may be affected by these
under-optimized voxels, leading to an overall lower score. These observations suggest that
the effectiveness of content loss-based optimization may vary across brain regions depending
on their spatial extent and voxel distribution. While slightly lower performance was observed
in the auditory domain, the overall flexibility of our approach suggests potential for broader

application across sensory and cognitive domains.



Chapter 12

General discussion

12.1 Summary

In this thesis, we aimed to develop a functional alignment method that (1) eliminates the need
for identical sets of stimuli (shared stimuli) to be presented to individuals during training
and (2) captures the fine-grained feature representations of stimuli, enabling downstream
tasks such as decoding and image reconstruction with performance comparable to within-
individual analyses. To achieve this, we proposed a flexible approach for training neural code
converters using content loss-based optimization, which optimizes the converter parameters
based on the stimulus content as represented by latent features of a deep neural network
(DNN) model, rather than relying on brain activity patterns paired by the same set of stimuli.

In Chapters 5 and 6, we first demonstrated that converters optimized using visual content
can accurately convert brain activity patterns across subjects and capture fine-grained visual
features for inter-individual image reconstruction, with performance comparable to converters
optimized using paired brain activity. We then showed that similar conversion accuracy
and inter-individual image reconstruction quality can be obtained using either overlapping
or non-overlapping stimuli between converter and decoder training, indicating that shared
stimuli are unnecessary for our method. In Chapter 7, an analysis of converters trained using
different levels of image representations as visual content supports the notion that the use
of multiple hierarchical visual features contributes to accurate neural code conversion. In
Chapter 8, we demonstrated that the converted brain activity is not specifically tailored to
the specific readout and can be effectively read out by alternative decoding schemes. Also,
we showed that images with recognizable object silhouettes can be reconstructed even when
the converter is trained with limited amounts of data. In Chapter 9, we further constructed
inter-site neural converters across various datasets and demonstrated that inter-site image

reconstructions faithfully reflect the viewed images, with quality approaching that of within-
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site reconstructions. In Chapter 10, we performed neural code conversion with subjective
experience, and found that the converted activity preserved subjective content, enabling
inter-individual reconstruction under illusion, attention, and imagery conditions. While our
approach is validated in the vision domain, preliminary analysis in Chapter 11 suggests these
principles can be extended to other domains. Our results demonstrated that the proposed
model could perform functional alignment without the need for shared stimuli and can

capture fine-grained features during inter-individual and inter-site neural code conversion.

12.2 Revisit the methodology

Content loss-based converter versus brain loss-based approaches

Throughout this study, we have explored neural code conversion to align brain activity
patterns across individuals for inter-subject decoding and reconstruction. We compared
two distinct training strategies for neural code converters: the proposed content loss-based
approach, which optimizes the converter using stimulus-derived latent features from deep
neural networks (DNNs), and the brain loss-based approach, which aligns measured brain
activity patterns across individuals directly.

The brain loss-based converter aims to minimize the discrepancy between converted
brain activity patterns and the measured activity in a target subject’s brain space, typically
requiring shared stimuli between subjects during training. While effective in aligning brain
activity patterns, this method is inherently tied to brain space and is susceptible to noise and
idiosyncratic variability in the response patterns of individual subjects. As shown in Chapters
5 and 6, although this approach achieves reasonable conversion and reconstruction accuracy,
it may inadvertently preserve subject-specific noise and idiosyncratic representations.

In contrast, the content loss-based converter aligns representations at the level of stimulus
content by minimizing the difference between decoded DNN features from converted brain
activity and the true features extracted from the stimulus. This strategy does not require the
need for shared stimuli, allowing converter training even when brain responses are collected
independently across subjects and sites. The optimization occurs within the feature space of
a DNN (e.g., VGG19), which is thought to approximate the hierarchical structure of visual
cortical processing. As demonstrated in Chapters 5-10, the content loss-based approach
not only enables accurate decoding and image reconstruction, but also generalizes across
different decoders, datasets, and stimulus domains, including auditory perception. The
empirical results in Chapters 5-11 also support the superiority of the content loss-based

method in preserving fine-grained and hierarchical perceptual representations.
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The comparison highlights the methodological advantages of content loss-based conver-
sion in capturing shared content representations across individuals. By decoupling alignment
from direct neural similarity and grounding it in perceptual feature space, this approach
offers a flexible and generalizable framework for functional alignment and inter-individual
decoding. Its scalability across subjects, datasets, and modalities suggests strong potential

for future applications.

Inter-individual decoding without shared stimuli

Our primary goal was to convert one individual’s brain patterns to another’s innate brain
space without shared stimuli, allowing for use in downstream tasks including decoding and
visual image reconstruction as a secondary goal. However, one can achieve inter-individual
decoding without aligning brain activity patterns in the innate space. A multi-subject
shared decoder can be trained with an alignment layer by optimizing with specific tasks
(Bao et al., 2024; Gong et al., 2024; Liu et al., 2024; Quan et al., 2024; Scotti et al.,
2024; Zhou et al., 2024). This method can implicitly create a shared latent space for brain
data. Similar approaches to handling non-shared stimuli have been applied to decoding in
other neuroimaging modalities, such as magnetoencephalography (MEG) (Benchetrit et al.,
2023; Défossez et al., 2023), electroencephalography (EEG) (Défossez et al., 2023), and
electrophysiological neural recordings (Azabou et al., 2024).

While these inter-individual decoding studies have shown promising results for particular
decoding tasks, the alignment of brain activity patterns is performed implicitly with decoder
training, and alignment in the innate space is not their goal. Thus, the potential for converting
brain activity for general purposes is not carefully examined. In contrast, our neural code
conversion method explicitly generated the brain data in the subjects’ innate brain space,
allowing for explicit evaluation of the conversion across brain spaces. The successful
decoding and image reconstruction in Chapters 6-11 obtained by applying the target’s
original model to the converted brain activity further underscore the effectiveness of our
method. The flexibility in converting brain data and seamless compatibility with existing
data analysis pipelines potentially pave the way for scalable data analyses.

Limitations

While the proposed content loss-based neural code conversion framework shows promising
results across datasets and perception domains, several limitations should be noted.
First, our evaluation is subject to limitations inherent to the dataset. As mentioned in

Chapter 9, the stimuli of NSD dataset exhibits limited diversity in semantic and visual
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content, with considerable overlap between training and test sets (Shirakawa et al., 2024).
Such overlap may introduce bias in inter-site reconstruction, as overlapped content same
as test data may be used during converter training. Furthermore, when using multi-subject
data for decoding, the likelihood of overlapping semantic content between subjects increases,
potentially increasing the risk of spurious prediction of “novel” content (Bao et al., 2024;
Gong et al., 2024; Quan et al., 2024; Scotti et al., 2024).

Second, in the visual domain, the model relies on VGG19-derived features as the latent
representation of visual content. While effective for static image perception, VGG19 does
not fully capture other aspects of visual experience, such as motion, depth, or global scene
understanding. This reliance may limit the generalizability of the converter to different visual
input.

Third, in the auditory domain, we adopted a similar setup to the visual experiments by
using VGGish-ish features as the content representation and applying the same decoder
architecture. However, this setup may not fully capture the nature of auditory processing.
Therefore, direct transfer of visual-based setups to other sensory domains may require
adaptation to domain-specific characteristics.

These limitations suggest that the effectiveness of content loss-based optimization may
vary across brain regions and datasets, depending on spatial extent, voxel distribution, and

the suitability of content representation.

Implications

The findings of this thesis may have several implications.

First, neural code conversion can improve the efficiency of data usage in brain decoding
studies. By enabling inter-individual decoding with limited training data from the subject,
this method reduces the need for extensive fMRI scanning, which lowers both economic
cost and participant burden. This is particularly important for studies involving children,
elderly individuals, or clinical populations with limited scanning tolerance. In addition, this
approach facilitates population-level neuroscience analyses and supports the development of
generalizable models of brain function that go beyond individual variability.

Second, neural code conversion holds potential for advancing objective diagnosis and
treatment in psychiatry and neurology. By comparing converted brain activity across indi-
viduals, researchers could identify disease-specific neural signatures or decode pathological
mental states such as hallucinations. This may enable novel neuroimaging-based diagnostic
tools and inform new intervention strategies using targeted brain stimulation.

Finally, neural code conversion may help future brain-to-brain communication. As brain

activity patterns are converted into the subject’s innate brain space while preserving fine-



12.3 Future directions 171

grained information, they can be used to design high-resolution brain stimulation patterns
(Humayun et al., 1999; Lozano et al., 2019; Polania et al., 2018; Reutsky-Gefen et al.,
2013) and to induce mental content similar to that of the source subject. This enables the
transmission of mental content between two individuals, providing a foundation for brain-
to-brain communication. Such a development could offer a new mode of communication
beyond language, with potential applications in accessibility, mutual understanding, and

creative collaboration across cultural and linguistic boundaries.

12.3 Future directions

Alternative representations of visual content

Future research cloud explore alternative representation of visual content. Different DNN
architectures, with their unique designs and training paradigms, might capture distinct aspects
of neural representations. Beyond DNNSs, visual features derived from established models,
such as 2D models like HMAX (Mutch & Lowe, 2008; Riesenhuber & Poggio, 1999; Serre
et al., 2007), GIST (Oliva & Torralba, 2001), and SIFT Lowe, 1999; motion models such as
Motion Energy Model Adelson and Bergen, 1985 and Optical Flow (Horn & Schunck, 1981;
Lucas & Kanade, 1981); and 3D models like PFH and FPFH (Rusu et al., 2009) and Shape
Contexts (Belongie et al., 2002), could serve as alternative latent representations. These
models analyze visual content at multiple levels and scales, with some drawing inspiration
from or aligning with principles observed in the visual cortex (Cadieu et al., 2014; Giiclii
& Van Gerven, 2015; Khaligh-Razavi & Kriegeskorte, 2014; Leeds et al., 2013; Rice et al.,
2014; Riesenhuber & Poggio, 1999; Serre et al., 2007; Yamins et al., 2014). It should also
be noted that content representation is not limited to model-derived latent features. When
combined with reconstruction models, pixel-level representations of images or movies can
directly define content loss. While these diverse approaches show promise, determining

optimal features for visual content in neural code conversion requires further investigation.

Homology between less-understood brain regions

Future research could use neural code conversion to explore the homology between brain
regions. Our approach provides a data-driven framework for exploring functional homol-
ogy between brain areas through conversion accuracy. While we demonstrated this using
well-characterized visual areas, the method can potentially extend to comparing neural
representations between less understood brain regions or even across species. By training

converters to predict activity patterns between different source and target regions, we can
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quantitatively assess their functional correspondence without requiring prior assumptions
about their roles. The conversion accuracy between regions serves as an objective measure of
their representational similarity. In our analysis of the visual system, this revealed stronger
conversion between areas at similar hierarchical levels (Figure 5.11), consistent with known
functional organization. This suggests that our approach may help uncover organizational
principles in other neural systems where the functional hierarchy is less clear. The frame-
work may be particularly valuable for establishing cross-species homologies by identifying
regions that process information in similar ways, even when their anatomical locations or

evolutionary origins differ.

Scalable neural data analysis

Future research could explore a more scalable way to analyze brain data by expanding neural
code conversion to broader contexts. Current frameworks can work across individuals and
datasets, but are typically trained and evaluated within a single species or imaging modality,
which limits their generalizability and scalability. A promising direction is to develop
converters that can work not only across datasets, but also across a wide range of species,
and different neural recording modalities. This may help pool data across species such as
humans and animals, and incorporating multiple neural recording modalities (Figure 12.1).
Handling such variability would support more scalable brain data analysis and contribute to
a deeper understanding of shared neural representations across domains. Scalability in this

direction would ultimately lead to a more scalable neuroscience.
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The current work has yielded the following manuscripts and presentation:

A.1 Manuscript

* Wang, H., Ho, J. K., Cheng, F. L., Aoki, S. C., Muraki, Y., Tanaka, M., Park, J.-Y., &
Kamitani, Y. (2025). Inter-individual and inter-site neural code conversion without
shared stimuli. Nature Computational Science, 5, 534-546.

A.2 Manuscript in preparation

* Wang, H., Cheng, F. L., Aoki, S. C., Tanaka, M., Nagano, Y., & Kamitani, Y. (in

preparation). Inter-individual subjective experience reconstruction.

A.3 Presentation

* Wang, H., Ho, J. K., Cheng, F., Aoki, S. C., & Kamitani, Y. (2023). Inter-individual
neural code conversion without paired stimuli. Poster presentation for 2023 Conference

on Cognitive Computational Neuroscience, Oxford, UK.






Appendix B

Code availability

The experimental code that support the findings in this thesis is available from the repository:

* Code for inter-individual and inter-site neural code conversion and image reconstruction

and evaluation: https://github.com/KamitaniLab/InterSiteNeuralCodeConversion

* Code for illusion reconstruction and evaluation: https://github.com/Kamitanil.ab/

IlusionReconstruction


https://github.com/KamitaniLab/InterSiteNeuralCodeConversion
https://github.com/KamitaniLab/IllusionReconstruction
https://github.com/KamitaniLab/IllusionReconstruction
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