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Abstract

Visual motion estimation includes the ability to infer the speed and direction of objects/elements

in a scene based on the dynamic inputs from a visual sensor like a camera or eye. Such a func-

tion is crucial for humans and animals to navigate and interact with the dynamic world, and

it is equally vital in the engineering field for machine/AI -agents to process downstream visual

tasks, like object tracking, video interpolation, state prediction, etc. As such, visual motion

estimation has garnered attention in both human science and engineering fields, such as human

visual motion perception in vision science (VS) societies and optical/scene flow estimation in

computer vision (CV).

Although many related studies are carried out in both VS and CV fields, there is a noticeable

disparity between the two societies. Studies in VS primarily focus on the scientific understanding

of the mechanisms behind human visual motion processing systems. Although many computa-

tional models have been proposed, few VS models are capable of handling complex scenarios

in natural environments, such as estimating motion flow in the challenging conditions encoun-

tered in the field of CV. On the other hand, motion estimation has made significant progress

in the field of CV, as demonstrated by the recent Raft and FlowFormer, which are based on

deep learning techniques and the powerful representation capabilities of deep neural networks

(DNNs). However, these models, which focus only on maximizing local image correspondences

between frame pairs, often overlook the alignment with human perception. They fail to account

for several fundamental phenomena observed in human vision, such as systematic or adaptive

deviations of human perceived motion from local ground truth (GT), reverse-phi phenomena,

and second-order motion. In addition, the recent CV models exhibit instability when dealing

with non-textured stimuli commonly used in VS.

This thesis examines the mechanisms of visual motion estimation at the intersection between

the CV and VS. The final goal is minimizing the Gap between CV and human vision systems

by constructing a generalized motion processing model that merges the intelligence from deep

learning and vision science, seeking both the functional and neurophysiological similarity to hu-

man vision systems and engineering applicability to complex natural scenarios.
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The initial Chapter of this thesis provides a general introduction to human vision motion per-

ception and optical flow estimation, emphasizing the significance of building a human-aligned

motion processing model. This Chapter also explores the current situation and context of re-

search around this area, highlighting the progress made and identifying persistent gaps between

the two fields. (Chapter 1)

Subsequently, the thesis introduces the preliminaries associated with visual motion perception

and optical flow estimation tasks. Specifically, it describes the current methodology of super-

vised and unsupervised learning for optical flow and identifies potential problems. Concurrently,

it introduces basic computational methods for motion perception in both CV fields—such as the

Lucas-Kanade method, DNNs-based methods like FlowNet, RAFT, and FlowFormer—and in

VS fields, which include models based on Motion From Fourier Component (MFFC) principles

and higher-order motion perception such as second-order motion perception. These discussions

lay a solid foundation for subsequent sections (Chapter 2)

Chapter 3 reports a CV study that explores human-motivated unsupervised learning for mo-

tion estimation. This approach has the potential to imitate the learning behavior of humans

and animals to achieve accurate motion estimation ability without explicit ground truth. Ad-

ditionally, unsupervised learning has emerged as a viable alternative to supervised methods in

model training, particularly because ground truth data is usually unavailable in natural scenar-

ios. However, challenges arise with current unsupervised learning methods in the CV field, such

as instability due to occlusion, motion blur, or varying image content over time, which disrupts

pixel tracking and correspondence between frames. Recognizing that the human vision system

behaves more like a temporal recurrent model to estimate motion in a continuous time-space,

we propose a human-motivated unsupervised learning method based on multi-frame environ-

ment and temporal dynamic models, coping with the challenge scenes by incorporating motion

temporal history and temporal continuity. Experiments on several computer vision optical flow

benchmarks demonstrate the effectiveness of the proposed method compared to previous meth-

ods.

The human-motivated strategy demonstrates effectiveness in addressing problems in the CV

field. However, such CV-oriented methods still have a gap when compared to human motion

perception. In Chapter 4, we show the difference between CV models and human perception

in motion perception tasks. We incorporate several representative CV models, including su-

pervised and unsupervised methods, and compare them with a human perceptional response

based on the in-silico psychophysical method. We show that most of the DNN-based models

do not generalize to simple experimental stimuli, and DNN-based models cannot account for

perceptual motion reversals perceived by humans with contrast-reversed patterns and a missing

fundamental grating. In addition, none of the tested models can explain occlusion-aware motion
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integration and second-order motion. Generally, there is a gap between the current CV motion

models and the human visual motion perception system.

In Chapter 5, we propose a human-aligned model of human motion perception by bridging

the gap between biological and CV models. Specifically, we introduce a novel two-stage ap-

proach that combines trainable motion energy sensing with a recurrent self-attention network

for adaptive motion integration and segregation. This model architecture aims to capture the

computations in V1-MT, the core structure for motion perception in the biological visual sys-

tem, while providing the ability to derive informative motion flow for a wide range of stimuli,

including complex natural scenes. Also, we show that the model’s unit responses are similar

to mammalian neural recordings regarding motion pooling and speed tuning based on silico

neurophysiology and demonstrate a good ability to predict human responses better than the

ground truth, whereas the state-of-the-art CV models show the opposite. In addition to super-

vised training, we enable the model to learn motion estimation from unlabeled natural videos

by incorporating the multi-frame unsupervised approach proposed in Chapter 3.

Our initial motion model is capable of replicating various motion phenomena of human per-

ception. However, it is limited to first-order motion perception. Many animals, including flies,

cats, and humans, have the ability to visually recognize image motion not only from shifts of spa-

tial patterns defined by luminance modulations (first-order motion) but also from those defined

by high-level image features such as temporal modulations and contrast modulations (second-

order motion). In the past, second-order motion perception has been extensively studied using

carefully designed artificial stimuli (e.g., drift-balanced motion) to control first-order motion

components, but why and how the visual system has acquired this perceptual ability in natural

environments remains poorly understood. We hypothesized that the biological system might

naturally learn second-order motion perception for the purpose of estimating correct physical

object motion amidst internal optical fluctuations, for example, those produced by highlights of

glossy materials and refractions of transparent materials. As a proof of concept, we developed a

DNN-based model to process both first- and second-order motions in natural scenes. We created

initial second-order benchmarks and trained the model using specific optical flow datasets with

varying material properties. The findings from multiple experiments suggest that second-order

motion perception is significantly related to the material properties of training environments.

The second-order motion system might have evolved, at least partially, to help in the robust

estimation of object motion while countering optical turbulence under natural environments.

(Chapter 6).

To conclude, this dissertation starts with machine vision and proposes a human-motivated CV

study, improving the performance of unsupervised learning of motion estimation in the engineer-

ing field. Further, we shift toward the gap between human vision and current machine models
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and construct a human-aligned model to bridge this gap. Specifically, we propose an image-

computable model that simulates human motion perception and is capable of accommodating

both first-order and second-order motions. This model exhibits neurophysiological and percep-

tual similarities to previous observations. It bridges computer vision models and human vision

science by combining past visual science findings with advanced deep learning technologies. This

is the first framework to effectively generalize both first- and second-order motion phenomena,

accounting for a wide range of human visual motion perception, including multiple motion il-

lusions, motion integration, second-order motion, and naturalistic scene perception. We will

show that the development of a human-like machine vision model not only focuses on achieving

technical accuracy but also enhances scientific understanding of the human visual system, in-

spires robust motion perception models in the engineering field, and improves human-machine

interactions.
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Chapter 1

Introduction

Vision is essential for humans and other animals to survive in this world. Throughout our long

history, humans have evolved a sophisticated visual system capable of handling various tasks with

remarkable stability and generalization across different visual environments. Creating machines

that perceive the world as humans do poses a significant research challenge with profound

implications for cognitive science and engineering. In cognitive science, the aim is to develop

image-computable models of human perception and cognitive systems to understand better how

the brain functions internally. In engineering, machines equipped with human-like capabilities

could enhance the reliability and stability of various human-centered technologies.

Among the various functions of vision, visual motion estimation is crucial for humans to

perceive and interact with the dynamic world. In the human visual system, this function gen-

erally involves inferring the speed and direction of elements within a scene, utilizing inputs

from visual, vestibular, and proprioceptive sources. Although this process might seem straight-

forward to most observers, it represents a complex computational challenge and is difficult to

explain regarding neural processing. In computer vision, visual motion estimation is quantified

as optical flow (2D) or scene flow (3D) within the image coordinates between two frames. Op-

tical flow is typically described by a 2D vector (u, v) that illustrates the pixel correspondence

or shifts between two consecutive frames in a video, reflecting the movement of 3D objects in

world coordinates projected onto 2D image coordinates. Scene flow, on the other hand, ex-

tends this concept to three dimensions by incorporating depth information, resulting in a 3D

vector field (u, v, w) that captures the full motion of points in 3D space. The applications of

this function are extensive in the industry, including object tracking, predicting future states in

autonomous driving [112], environmental perception for intelligent robots [54], and video inter-

polation/ super-resolution [72] in image and video editing. As a result, visual motion estimation

has garnered significant attention across multiple research fields, including optical flow/ scene

flow estimation in image processing and computer vision, as well as studies of visual motion

perception in psychology and neuroscience.

1
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1.1 Object of This Study

This study explores visual motion perception across these research domains, focusing on the

computational modeling of human-aligned visual motion processing systems. Although different

fields may have their own methodologies and sub-goals, the long-term objective is to establish

a general computational model that mimics human perception. This is not only crucial for a

deeper understanding of the mechanisms behind human visual motion processing systems but

also offers significant benefits for downstream applications in society.

The goal of developing a human-like machine vision model goes beyond merely achieving

technical accuracy in tasks like optical flow estimation. While current machine vision systems

surpass human vision in terms of precision and speed under controlled conditions, there are

compelling reasons to mimic human vision:

• Scientific Understanding: From a scientific perspective, we seek to comprehend the

workings and internal mechanisms of the human visual system. Using modeling to explain

and validate these mechanisms is a common approach in vision science, making it mean-

ingful on a scientific level. By building a human-aligned model, we will show that we gain

insights similar to those derived from understanding the functionality and mechanisms of

first-order and second-order motion perception in human vision systems.

• Innovation Inspired by Human Vision: The human motion perception system can

inspire applications, such as its unique dual-channel mechanism for processing first-order

and second-order motion. We will show these human insights potentially offer resilience

against chaotic, high-optical-noise environments, possibly leading to a more stable and reli-

able visual motion estimation model. Current studies in the optic flow domain demonstrate

that existing models can be easily disrupted by certain adversarial attacks, highlighting

the need for models inspired by the robustness of human vision.

• Human-Machine Interaction: As technology becomes more integrated into everyday

life, enhancing the interaction between humans and machines is increasingly crucial. Devel-

oping machine vision systems that process and respond to visual information in a human-

like manner can make these interactions more intuitive and natural. This is especially

important in areas such as assistive technology, where machines must adapt to human

behaviors and preferences.

With the ultimate goal of modeling a human-aligned model in mind, this Chapter will

first provide a general introduction and conceptual overview of the modeling motion processing

systems in the fields of vision science and computer vision.
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Figure 1.1: Examples of Exner’s neural pathway assumption (Left [41]) and Reichardt detector

(Right [57]).

1.2 Modeling Motion Perception in Vision Science

Research into motion perception began with Exner’s [41] discovery of ”apparent motion,” where

a light flashed in one position and then in another nearby position, creating the illusion of mo-

tion without actual movement. This phenomenon led to the identification of neural pathways

sensitive to motion direction. Hassenstein and Reichardt [57] later developed a computational

model, known as the Reichardt-Hassenstein detector, which used photoreceptors to detect mo-

tion through delayed inhibition between two photoreceptors over space and time, illustrated in

Figure 1.1.

The Reichardt detector laid the groundwork for understanding biological motion perception.

Unlike insect compound eyes, primate visual systems have cells in the striate visual cortex (V1)

that detect orientation and spatial frequency of luminance, known as simple cells. These cells

linearly sum responses across their receptive fields to generate Gabor-like fields suitable for

detecting luminance changes, leading to the development of various motion perception models.

These models, including the Reichardt model and the motion energy model [2], derive motion

information from luminance changes over time and are known as first-order motion models or

motion from Fourier components (MFFC) principles.

Higher-order Motion Perception

First-order motion models cannot explain all motion phenomena. In 1970, Henning, Hertz,

and Broadbent [59] first introduced second-order stimuli based on contrast modulation, which
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remain invisible to first-order detectors. Later, the second-order motion was first demonstrated

by Derrington and colleagues [8, 36] and further explored by various studies like Sperling [25,

157], Zanker [197], Nishida [120, 124, 125], Mather [101, 103] and others. These stimuli involve

attributes like spatiotemporal contrast and spatial density rather than conventional motion

defined by a luminance change, which contains no energy in the Fourier plane describing the

direction of perceived motion, has variously been called “non-Fourier motion,” “second-order

motion,” “higher-order motion,” and sometimes “feature motion.” For simplicity, we refer to it

as second-order motion in this dissertation.

It is suggested that second-order motion is processed by different visual mechanisms than

first-order motion, with research indicating separate encoding systems. Studies support this dis-

tinction, including psychophysical investigations [120,124], brain injury cases, and neurophysio-

logical experiments. For example, Mather et al. [101–103] found different processing mechanisms

for first- and second-order motions, while Baker’s electrophysiological studies showed distinct

neural responses to these motions [9, 10].

Current models involve early-stage filtering and nonlinear operations to extract the feature

related to second-order motion [154] like Smith [154], and Sperling [96] introduced a model

that added an additional feature extraction process to the general first-order and second-order

channels. Baker’s model employs a filter-rectify-filter approach to process second-order stimuli

[199].

Motion Integration

The previous discussion on local motion detection highlights its fundamental role in the early

stages of visual motion processing. However, accurately representing the motion of objects in

the visual field involves a more complex problem: the integration of information from elementary

motion detectors.

Due to the limited receptive field (RF), neurons in V1 only detect motion perpendicular to

an object’s edge, known as the aperture problem, which requires the integration of motion vec-

tors from multiple contours. Studies on area MT neurons show they integrate multiple motion

directions, responding to preferred pattern directions even without individual components mov-

ing that way. Although several computational models of area MT have been proposed [152,184],

a more comprehensive computational architecture that replicates the motion integration abili-

ties of MT neurons and human perception, especially the human perception in complex natural

scenarios, remains elusive [129].

1.3 Motion Estimation in Computer Vision

In computer vision, motion estimation is generally represented by optical flow (2D) and scene

flow (3D).
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Figure 1.2: Illustration of optical flow in psychology and computer vision. The top figure is

adapted from PloS Biology (CC licensed) [49].

The concept of optical flow was first introduced by Gibson [49] to describe the visual stimuli

experienced by animals as they move through their environment. This concept has since been

adopted across various disciplines, and in the current field of computer vision, it refers to the

displacement of objects in three-dimensional space projected onto two-dimensional pixel coordi-

nates in a sequence of images, representing the objects’ instantaneous motion in terms of speed

and direction. Quantitatively, it is represented as a two-dimensional vector field (u, v), known

as the optical flow field, as illustrated in Figure 1.2.

Scene flow, on the other hand, represents the 3D motion of points in a scene, extending

the concept of optical flow to three dimensions by capturing the motion in 3D space. It is

depicted as a 3D vector field (u, v, w), where u and v are the components of motion in the image

plane, and w represents the motion in the depth direction. Although scene flow provides a more

comprehensive representation of motion by including depth information, studies in human vision

science primarily focus on 2D perception compared to 3D [121, 123]. The primary objective of



6 CHAPTER 1. INTORDUCTION

this thesis is to develop a human-aligned motion perception model, and our focus is on the

perception of 2D motion because humans can perceive motion without directly considering

depth cues, and 2D motion perception remains a critical area for understanding human motion

perception. Therefore, this thesis begins with an investigation of 2D motion and primarily

discusses the issues of 2D optical flow.

Historically, optical flow estimation methods focused on minimizing complex energy equa-

tions [60,198]. However, these methods were hampered by slow inference speeds, an inability to

produce dense optical flows, and limitations in handling complex scenarios. The advent of deep

learning has significantly advanced optical flow techniques. FlowNet [38] pioneered the use of

CNNs for dense optical flow estimation, leading to the development of various approaches based

on deep neural networks (DNNs). Current dense optical flow estimation methods are primarily

divided into supervised and unsupervised learning approaches.

Unlike other vision tasks, where ground-truth labels for dense optical flow are rarely available

for real image pairs, supervised optical flow techniques are typically trained using synthetic data.

This results in an inherent mismatch between real and synthetic data, leading to a disparity in

data distribution that needs to be addressed to improve performance [104]. The limitations of

synthetic data enhance the viability of unsupervised optical flow estimation.

Unsupervised learning frameworks use unlabeled videos [193], deriving a photometric loss

that measures the difference between the target image and the (inversely) warped source image

based on the dense flow field predicted by the network. However, image-warping-based unsuper-

vised learning faces multiple challenges, including brightness and color variations, motion blur

in dynamic environments, and spatial occlusion caused by moving objects, which leads to pixel

correspondence loss over frames. These factors mislead the networks and degrade performance.

Although several studies have attempted to solve these problems by designing more robust loss

functions [69, 110], using masks to exclude occluded regions [182], and tracking occluded pixels

in adjacent frames [182], these challenges remain significant for unsupervised learning methods.

1.4 Current Problems and the Organization

Based on the current situations in visual motion estimation and perception, this thesis indicates

several existing gaps and problems between these two areas.

In vision science, many studies try to understand and explain the mechanism behind the

visual motion perception system, and several computational models are proposed to mimic

human perception and the underlying neuron activation patterns. Nonetheless:

• Current studies already establish the well computational structures to illustrate the simple

neurons in the V1 area and some basic functions such as the direction tuning and speed

tuning ability, and by using the drifting grating or plaid, these kinds of models are able to

explain the perception in experimental environments. However, an integrated model that



1.4. CURRENT PROBLEMS AND THE ORGANIZATION 7

is capable of dealing with more complex scenarios beyond the simple environment setting,

like natural scenarios, still lacks investigation.

• Especially, the function of MT region, which is important to link the local motion en-

ergy from simple cells and get the flexible interpretation on complex environments; several

computational models of area MT have been proposed, but mechanisms that can fully en-

capsulate a variety of motion integration abilities of MT neurons and/or human perception

have yet to be developed.

• Beyond the fundamental topic of first-order motion, motion perception involves more high-

level processing, such as second-order motion. In the past, second-order motion perception

has been extensively studied [100] [10] using carefully designed artificial stimuli (e.g., drift-

balanced motion [25]) to control first-order motion components, but why and how the

visual system has acquired this perceptual ability in natural environments remains poorly

understood.

In computer vision, recent advances in deep learning have propelled machine vision capabil-

ities to a level comparable to or surpassing human performance in specific vision tasks [35, 93].

Visual motion estimation [38] is not an exception, where state-of-the-art (SoTA) CV models

based on deep learning have demonstrated superior accuracy in optical flow estimation com-

pared to human estimation [189]. However:

• Animals use an unsupervised-like learning method to perceive motion in unlabeled real

scenes. However, current unsupervised learning methods in computer vision still face

challenges when pixel correspondence is distorted due to occlusion, motion blur, brightness

variation, etc. Additionally, these methods primarily decompose the motion into a discrete

case that relies on two-frame training and inference, whereas animals learn and perceive

motion in a continuous world.

• The current CV models fail to replicate the full spectrum of human motion perception. For

example, CV models are often unstable under various experimental conditions [141, 167],

fail to reproduce human visual illusions, and do not fully capture the biases inherent in

human perception [189].

• In structural design, the computer vision model didn’t explicitly align the neurobiological

plausibility and human mechanism used in the calculation. Most of their tasks focus on

correspondence searching between pairs of frames to deduct the optical flow. They are

trying to find a solution to maximize object correspondence, which is not explicitly carried

out by humans as motion is a sensation, not correspondence matching.

• Studies have demonstrated that various species, such as macaques [128], flies [172], and

humans [10], can perceive motion through high-level image features like contrast and
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temporal modulations, such motion known as second-order motion (non-Fourier motion) is

a sub-type of higher-order motion. Present-day machine vision models, particularly those

focusing on optical flow estimation [38, 62,171], overlook this aspect.

To address the problem listed above, this thesis is organized as follows:

• Chapter 2 provides preliminaries associated with visual motion perception and optical

flow estimation tasks. Specifically, it describes the current methodology of supervised and

unsupervised learning for optical flow and identifies potential problems. Concurrently, it

introduces basic computational methods for motion perception in both CV fields—such as

the Lucas-Kanade method, DNNs-based methods, and in VS fields, which include models

based on Motion From Fourier Component (MFFC) principles [25] and higher-order motion

perception such as second-order motion perception.

• Chapter 3 will explore solutions for the unsupervised learning of motion perception. We

will discuss the challenges faced by current unsupervised learning methods, such as oc-

clusion, which distorts the correspondence between frames. Considering that motion is a

smooth dynamic process, and that humans and animals learn to perceive motion across

continuous frames, we propose a solution based on modeling unsupervised optical flow

from multi-frame sequences of dynamic scenes. We introduce a novel temporal recurrent

model that accumulates motion history and leverages temporal continuity across frames

to address content variation and occluded regions.

• Chapter 4 will show the difference between CV models and human perception in motion

perception tasks, from their inner mechanism to the perceptual response. We incorporated

several representative CV models, including supervised and unsupervised methods, and

compared them with a human perceptional response based on the in-silico psychophysical

method. We will show that most of the DNN-based models did not generalize to simple ex-

perimental stimuli, and DNN-based models cannot account for perceptual motion reversals

perceived by humans with contrast-reversed patterns and a missing fundamental grating.

In addition, none of the tested models can explain occlusion-aware motion integration and

second-order motion.

• Chapter 5 proposes an image-computable model of human motion perception by bridging

the gap between biological and CV models. Specifically, it introduces a novel two-stage

approach that combines trainable motion energy sensing with a recurrent self-attention

network for adaptive motion integration and segregation. This model architecture aims

to capture the computations in V1-MT, the core structure for motion perception in the

biological visual system, while providing the ability to derive informative motion flow for

a wide range of stimuli, including complex natural scenes.
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• In Chapter 6, the issue of second-order motion and its meaning in natural environments

are discussed. It proposes a DNN-based model to process both first- and second-order

motions in natural scenes. By creating initial second-order motion benchmarks to quan-

tify the ability of second-order motion and training the model using specific optical flow

datasets with varying material properties, we observed that second-order motion percep-

tion is significantly related to the material properties of training environments. This

suggests that the second-order motion system might have evolved, at least partially, to

help in the robust estimation of object motion while countering optical turbulence under

natural environments.

• In the final Chapter 7, we will conclude the contribution and findings of this dissertation,

joint with and discuss the limitations and the future extension in this field.





Chapter 2

Preliminary Background

This chapter provides preliminaries associated with visual motion perception and optical flow

estimation tasks, which serve as the solid basis for studies in the following chapters.

Firstly, we will introduce the background of motion perception in the human visual field,

covering early motion processing mechanisms from neurophysiological studies and related com-

putational models such as the Reichardt detector, motion energy models, motion from Fourier

component (MFFC) principles, and higher-order motion processing. These concepts establish a

solid foundation for developing a human-aligned model in Chapter 5 and Chapter 6.

Secondly, we will examine current methodologies for motion estimation, with a particular

focus on optical flow estimation in the computer vision field. We will discuss several represen-

tative model structures like FlowNet, PWCNet, and GMFlow, along with general unsupervised

learning methods based on image-warping and reconstruction technologies. This background

will be integrated into Chapter 3 to develop human-motivated unsupervised learning methods.

Additionally, the CV models introduced in this chapter will be revisited in Chapter 4, Chapter

5, and Chapter 6 for comparison with human perception and our proposed methods.

Figure 2.1: Three descriptive methods of motion. The left figure is redrawn from the [2].

11



12 CHAPTER 2. PRELIMINARY BACKGROUND

2.1 Description of Motion

In a natural environment, motion is a process defined simultaneously by time and space, so

some conventions are needed to represent it in a static image. Let’s explore this concept with

a simple example depicted in the diagram: a vertically oriented bar moving to the right, as

shown in Figure 2.1. We can perceive the motion of visual images as events correlated through

time and space, which can be mathematically represented by a function I(x, y, t). Here, x

and y denote the horizontal and vertical spatial dimensions, respectively, while t represents

the temporal dimension. Consequently, the bar in the illustration occupies a three-dimensional

spatiotemporal space, where three characters of motion can be defined:

1. Offset is defined as the change in location of this bar over a given period of time. It can

be broken down into spatial and temporal components.

2. Spatial Component of the Offset: the displacement vector between two positions

in two-dimensional space (x1, y1) and (x2, y2). The vector indicates the direction of the

motion.

3. Temporal Component of the Offset: the time (t) required to traverse the distance

indicated by the displacement vector. The speed of the motion is determined by dividing

the length of the displacement vector by the time taken to travel that distance.

To represent these characters of motion using static figures, we adopt three methods to

represent motion. Firstly, we can add vector information to a specific point to indicate the

direction and magnitude of its movement. Secondly, a common method is to use color coding

of the motion vector, thus mapping the vector into continuous HSV color space; this method is

widely adopted in many computer vision approaches. Lastly, using a spatiotemporal coordinate

system can reflect motion information along a particular dimension. For instance, in the space-

time plot shown, the boundaries of a translating bar accumulate into a slanted trajectory over

time. A slant toward the positive x-axis indicates rightward movement, while a slant toward the

negative x-axis indicates leftward movement. The degree of the slant corresponds to the speed

of the motion. Similar descriptions can also be applied to vertical movements. Space-time plots

objectively reflect the information of motion, facilitating theoretical analysis. This thesis will

alternately use these three methods to describe motion.

2.2 Early Findings in Motion Perception

Research into motion perception dates back to important discoveries by Exner [41], who devised

a stimulus where a light flashed in one position, then briefly afterward in a neighboring position.

Although there was no actual movement of the target, observers still perceived motion, a phe-

nomenon known as ”apparent motion.” From in-depth studies of this phenomenon, the neural
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pathways sensitive to motion direction were first described. Figure 1.1 (left)illustrates a neural

pathway sensitive to rightward translational motion. In the diagram, when the light moves to

the right, the neuron that is activated first has a longer synaptic delay due to its longer synap-

tic connection. The neighboring neuron has a shorter delay, allowing all responses to almost

simultaneously reach the output neuron. This synchronous activation ensures the excitation

of the output neuron. Conversely, when the light moves from right to left, responses arrive

asynchronously at different times at the output neuron, preventing it from reaching sufficient

excitation.

In subsequent research, Hassenstein and Reichardt [57] discovered similar behavioral re-

sponse characteristics in the visual systems of certain insects, leading to the development of the

first computational model of motion perception, known as the model of Reichardt-Hassenstein

detector. This initial model consists of two symmetrical, mirrored branches tuned to opposite

directions of motion, as illustrated in Figure 1.1. In the model, photoreceptors {n1, n2} directly

interact with spatial luminance sampling data, performing multiplication operations to correlate

inputs from different moments. Specifically, the left branch multiplies the signal at one spatial

position with the signal at an adjacent position after a delay. Conversely, the right branch mul-

tiplies the signal at another spatial position with the delayed signal from a further position. The

difference in outputs between the two branches indicates the direction of motion. The time delay

and the comparative multiplication operation between the branches enable the model to reflect

the degree of match between input signals. The Reichardt model can accurately predict various

types of motion stimuli, including complex waveforms and some counterintuitive phenomena.

According to this model, motion is simply perceived through delayed inhibition between two

photoreceptors over space and time. Evidence for a similar mechanism has also been confirmed

in rabbits and other mammals [11,12].

The Reichardt detector provides a fundamental computational model for biological visual

motion processing systems. However, unlike the compound eyes of insects, the receptive fields of

cells in the primate visual system are considered to have specific characteristics such as frequency

and orientation. These cells are located in the striate visual cortex (V1), specifically referred to

as simple cells in V1, which typically have small, elongated receptive fields and are thought to

perform narrow-band selection for orientation and spatial frequency of luminance information,

as illustrated in Figure 2.2.

In a simplistic model, the simple cell linearly sums responses across their receptive field

areas, generating the Gabor-like receptive fields, which are suitable for detecting boundaries

characterized by luminance changes. Maximum response output occurs only when the pattern

of light and dark areas matches the excitatory and inhibitory spatial structures of the receptive

fields. As illustrated in Figure 2.2 (Left), neurons in the lateral geniculate nucleus (LGN) are

arranged in a certain pattern.
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Figure 2.2: Receptive field of simple cells in V1.

2.3 Modelling Visual Motion Processing

2.3.1 Local Motion Detector

Spatiotemporal Gradients

For motion, an intuitive approach is to define motion as the change in the position of an

object in space over time. This understanding posits that observers perceive motion when the

brightness of an object varies simultaneously in both time and space. To detect local motion,

changes in both time and space must be considered together.

In 1981, Horn and Schunck introduced a pioneering method for estimating optical flow

based on a variational framework [60]. They constructed an energy function incorporating

prior knowledge constraints, notably the global brightness constancy assumption and the spatial

smoothness assumption. By iteratively optimizing this energy function, a dense optical flow

field could be estimated. This approach of using variational methods for optical flow estimation

gained widespread popularity. Shortly thereafter, Lucas and Kanade [97] proposed a method

that incorporated local neighborhood constraints. This method, focusing on localized regions,

enabled the generation of sparse optical flow fields. Such classical methods typically rely on

the brightness constancy constraint [60] (i.e., I(x, y, t) = I(x + dx, y + dy, t + dt)), associating

spatiotemporal information from different spatial locations at different times, where a voxel at

location (x, y, t) with intensity I(x, y, t) have moved by dx, dy, dt between two frames.

Assuming the sampling rate is sufficient, the image constraint at I(x, y, t) can be expressed

using a Taylor series expansion:

I(x+∆x, y +∆y, t+∆t) = I(x, y, t) +
∂I

∂x
∆x+

∂I

∂y
∆y +

∂I

∂t
∆t+ ...

By truncating the higher-order terms (linearization), we obtain:

∂I

∂x
∆x+

∂I

∂y
∆y +

∂I

∂t
∆t = 0
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Dividing by ∆t gives:
∂I

∂x

∆x

∆t
+

∂I

∂y

∆y

∆t
+

∂I

∂t

∆t

∆t
= 0

This leads to:
∂I

∂x
Vx +

∂I

∂y
Vy +

∂I

∂t
= 0 (2.1)

where (Vx, Vy) are the x and y components of the velocity or local optical flow of I(x, y, t), and
∂I
∂x , ∂I

∂y , and ∂I
∂t are the derivatives of the image in the respective directions at (x, y, t) [97].

This is one equation with two unknowns (Vx, Vy), which cannot be directly solved. This is

known as the Aperture Problem in optical flow algorithms. The supplementary conditions

or constraints are needed to estimate the actual flow.

Motion Analysis in Fourier domain

The aforementioned algorithm provides a fundamental concept for motion computation,

which treats motion as a spatiotemporal event described by the brightness function of spatial

position and time. On the other hand, the Fourier analysis of the motion pattern, i.e., the

frequency domain, also contains useful motion information. Consider a rigid movement at a

constant velocity. Its brightness function can be represented as:

I(x, y, t) = I (x− vxt, y − vyt)

where vx and vy are the horizontal and vertical velocity components, respectively. The Fourier

transform of this function is given by:

I(u, v, w) =

∫ ∞

−∞

∫ ∞

−∞

∫ ∞

−∞
I(x, y, t)e−i2π(xu+yv+wt) dx dy dt

=

∫∫∫
I (x− vxt, y − vyt) e

−i2π(xu+yv+wt) dx dy dt

Let x1 = x− vxt and y1 = y − vyt, then:

dx1 = dx, dy1 = dy, dt = dt

The integral becomes:

I(u, v, w) =

∫ ∞

−∞

∫ ∞

−∞

∫ ∞

−∞
I (x1, y1) e

−i2π((x1+vxt)u+(y1+vyt)v+wt) dx1 dy1 dt

=

∫∫∫
I (x1, y1) e

−i2π(x1u+y1v+wt+vxtu+vytv) dx1 dy1 dt

=

∫∫
I (x1, y1) e

−i2π(x1u+y1v) dx1 dy1

∫
e−i2π(w+vxu+vyv)t dt

The integral with respect to t is a Dirac delta function:∫
e−i2π(w+vxu+vyv)t dt = δ(w + vxu + vyv)

Thus, the Fourier transform is:

I(u, v, w) = I(u, v)δ(w + vxu + vyv)
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Combining the properties of the Dirac delta function, the energy of the motion will only con-

centrate when w + vxu + vyv = 0. This means that the spectrum of the translated image is a

plane passing through the origin, with its direction corresponding to the object’s velocity.

More specifically, let’s consider a 45-degree inclined cosine wave moving uniformly with

velocity c. Its brightness function can be represented as:

I(x, y, t) = cos

(
k√
2

(x + y − 2ct)

)
Where k is the spatial frequency and the wave is moving at a constant velocity c such that

vx = vy = c. Next, we compute the Fourier transform of I(x, y, t):

I(u, v, w) =

∫ ∞

−∞

∫ ∞

−∞

∫ ∞

−∞
cos

(
k√
2

(x + y − 2ct)

)
e−i2π(xu+yv+wt) dx dy dt

=
1

2

∫∫∫ [
e
i
(

k√
2
(x+y−2ct)

)
+ e

−i
(

k√
2
(x+y−2ct)

)]
e−i2π(xu+yv+wt) dx dy dt

We handle each exponential term separately. For the first term:∫∫∫
e
i
(

k√
2
(x+y−2ct)−2π(xu+yv+wt)

)
dx dy dt

=

∫∫∫
e
i
[(

k√
2
−2πu

)
x+

(
k√
2
−2πv

)
y−

(
2πw+2 kc√

2

)
t
]
dx dy dt

The Fourier transform gives us Dirac delta functions:

= δ

(
u− k

2π
√

2

)
δ

(
v − k

2π
√

2

)
δ

(
w +

kc

π
√

2

)

Similarly, for the second exponential term e
−i

(
k√
2
(x+y−2ct)

)
:∫∫∫

e
−i

(
k√
2
(x+y−2ct)+2π(xu+yv+wt)

)
dx dy dt

= δ

(
−u− k

2π
√

2

)
δ

(
−v − k

2π
√

2

)
δ

(
−w − kc

π
√

2

)
Combining these results, the final Fourier transform of the uniformly moving sinusoidal wave is:

I(u, v, w) =
1

2

[
δ

(
u− k

2π
√

2

)
δ

(
v − k

2π
√

2

)
δ

(
w +

kc

π
√

2

)
−δ
(
u +

k

2π
√

2

)
δ

(
v +

k

2π
√

2

)
δ

(
w − kc

π
√

2

)] (2.2)

The equation 2.2 indicates the moving sinusoidal grating has a pair of energy concentration

points asymmetrically located in the 3-D Fourier space, the location of which clearly indicates

the moving speed and direction. The computational model analyzes such Fourier information to

drive the motion estimation and the spatiotemporal Gabor filter is one of the representative local

motion detectors in the frequency domain. Also, in neuropsychology, the responses of simple

cells turned out to be captured by Gabor filters. That simple cells act like Gabor filters makes

sense since the ideal Gabor filters are known to be optimal in achieving maximal resolution
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Figure 2.3: Description of motion and the ideal motion detector in Fourier space.

in both the spatiotemporal and the associated frequency. Consequently, they require minimal

filters to represent spatiotemporal information, as demonstrated in Figure 2.3.

Motion Energy Model

Based on the MFFC principles, Adelson and Bergen [2] designed a motion energy compu-

tation model, which became the standard reference model for low-level, Fourier-based motion

sensing in the human visual system.

The motion energy model equates motion to spatiotemporal orientation; in a spatiotemporal

plot, a moving edge has an inclined trajectory and can, therefore, be detected by sensors with

spatiotemporal directionality. As shown in Figure 2.4 (A), stimuli are represented in x-t space.

The image of a moving bar can be plotted in a three-dimensional volume that has two spatial

dimensions (x and y) and a temporal dimension (t). A two-dimensional cross-section through

this volume along a fixed y-position produces an x-t plot; x-position as a function of time.

Movement creates an oriented structure in x-t space, known as spatiotemporal orientation. The

angle of tilt corresponds to the velocity of motion.

The motion energy model detects motion by detecting spatiotemporal orientation. It assumes

a filter with tilted receptive fields that are oriented in x-t space, which are consistent with the
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Figure 2.4: Motion energy model [2]. The neuronal receptive field is redrawn from [33].

previous neural records of neurophysiological studies [34].

The model has an elegant way of constructing these oriented receptive fields. Specifically,
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spatiotemporally oriented receptive fields are created by two pairs of approximately orthogonal

temporal and spatial filters. Two of these spatial filters are even functions, while the other two

are odd functions. Considering that the Gabor function provides an accurate description of the

spatial receptive fields of cortical cells [145], the section employs the Gabor function for the

simulation, which is a sinusoidal function modulated by a Gaussian window. The even and odd

variants are created using sine and cosine functions, respectively, defined by:

G(x) = exp

(
−x2

σ

)
;

{
evenx = cos(2πsfx) · G(x)

oddx = sin(2πsfx) · G(x)

}

The temporal filters are biphasic, meaning they have both positive and negative response phases.

Two variants of the temporal filters are used: one with a relatively fast response (Fast channel)

and another with a relatively slow response (Slow channel). These are modeled using gamma

functions with different parameters {nslow, nfast}, corresponding to the temporal impulse re-

sponses of mammalian visual systems, as shown in the first row of Figure 2.4 (B), corresponds

to the following equation: Slowt = (k · t)nslow · exp(−k · t)
(

1
nslow!

− β
(k·t2

)

(nslow+2)!

)
Fastt = (k · t)nfast · exp(−k · t)

(
1

nfast!
− β (k·t)2

(nfast+2)!

)


By combining different temporal and spatial filters, a set of unoriented spatiotemporal filters

can be constructed. Taking all potential combinations of even vs. odd spatial filters and fast vs.

slow temporal filters, unoriented spatiotemporal filters are obtained through the outer product of

temporal and spatial filters, which means they are spatially and temporally separable, illustrated

by Figure 2.4 (B).

These unoriented filters can be linearly combined to produce a new set of spatiotemporally

oriented filters, closely resembling the receptive fields required in subfigure A. There are two

left-tuned filters and two right-tuned filters, with each pair being approximately orthogonal (due

to the odd/even shift, with one offset by a quarter cycle relative to the other).

Finally, to ignore the positive and negative phase effects of motion, the squared sum of the

convolution outputs of a pair of orthogonal spatiotemporal filters is performed, which produces

a local motion detector selective for a specific direction (left or right). This design captures the

activation pattern of direction-selective neurons well in the V1 area. Note that in subsequent

steps, the full motion energy model includes energy normalization and the difference in energy

between the left and right directions.

The motion models described above (spatiotemporal gradient model, Fourier analysis method,

motion energy model), along with the Richard detector mentioned in chapter one, despite belong-

ing to different approaches, share many common points. Firstly, they are all based on low-level

processing of brightness shifts. Secondly, they share a fundamental assumption: brightness con-

stancy across time. Although these models originate from different theories and experimental

analyses, they all use brightness information to detect motion, and at certain stages, they are
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Figure 2.5: Illustration of first and second order motion (Drift-balanced motion) in spatiotem-

poral and Fourier space.

mathematically equivalent [2, 13]. Therefore, they are collectively referred to as first-order mo-

tion detection models or methods based on Motion From Fourier Component (MFFC)

principles.

2.3.2 Second-order motion

Psychophysical experiments found that certain stimuli could induce a strong perception of mo-

tion that could not be explained by the Reichardt model or its equivalents. In 1970, Henning,

Hertz, & Broadbent [59] first introduced the contrast-modulated patterns, noting that its de-

tection could not be accomplished through linear filter systems. Sperling [157] was the first to

mention the prototype of drift balance, then known as ”uncorrelated motion.” This complex yet

biologically significant stimulus, which lacks a unique traceable pattern in both time and space,

can still be clearly perceived by humans. Subsequently, such stimuli have been widely studied

in visual perception.

The various motion phenomena discussed typically involve attributes such as spatiotemporal

contrast, spatial density, or flicker frequency, rather than conventional luminance information.

These characteristics are invisible in the frequency domain that first-order motion, detectable in

the Fourier domain, operates within. Hence, these phenomena are referred to as second-order

motion, or non-Fourier motion, as illustrated in Figure 2.5. This distinction is crucial because

second-order motion stimuli, which cannot be accurately perceived by first-order motion models,
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are essential for studying the underlying principles of second-order motion perception.

Following the detailed clarification by Chubb & Sperling in 1988 [25], research in visual

motion perception expanded from focusing solely on luminance-based motion to encompassing

motions defined by a wide range of non-luminance attributes. This shift ignited interdisciplinary

research into these motion types. Over the years, many studies across various fields have pro-

vided new evidence to support and expand theoretical frameworks. However, debates continue

regarding whether second-order motion is processed by a distinct mechanism. For instance,

Johnston et al. [73, 74] used modeling techniques to demonstrate that some second-order mo-

tions could be detected by the same mechanisms that detect first-order motion. Nevertheless,

overwhelming evidence from physiological and psychological experiments suggests that these two

types of motion are encoded separately, at least initially, by distinct visual mechanisms [9,10,29].

Support for different mechanisms processing first-order and second-order motion stimuli

arises from diverse fields, including psychophysics, neurophysiology, brain injury studies, and

brain imaging. Mather et al. conducted psychophysical investigations [101–103] proposing a

series of experiments on second-order motion, supporting the theory of separate mechanisms.

Lucia et al. [177] have found patients with brain injuries who exhibit selective deficits in per-

ceiving first-order motion but retain full perception of second-order motion. Experiments by

Nishida et al. revealed different spatial frequency selectivities for first- and second-order mo-

tions [120, 122, 124, 125]. Electrophysiological studies by Baker et al. showed that in monkeys

and cats, cells in certain brain areas respond differently to these two types of motion, with

nearly half of the neurons in specific areas of the cat’s brain responding to contrast envelope

stimuli [9, 10].

As physiological techniques continue to evolve, the neurobiological foundations of second-

order motion perception in primates and humans have become increasingly supported. Current

biological findings indicate that second-order motion is processed by mechanisms similar to, but

distinct from, those used for first-order motion, at least initially. The widely accepted motion

processing system includes at least two channels: a linear channel and a nonlinear channel. Many

two-channel models involve early-stage filtering combined with nonlinear operations to extract

second-order motion. Chubb, Sutter, et al. [24, 170] and Solomon, Sperling, et al. [156, 158]

proposed a preprocessing filter comprising a low-pass temporal filter paired with another tem-

poral derivative filter. Wilson et al. [185] suggested a preprocessing procedure that includes

a directional spatial filter followed by a nonlinear squaring operation. The calculation of mo-

tion energy in the second-order channel uses a lower spatial frequency filter, employing filters

of various orientations during the preprocessing stage to detect motion at texture boundaries.

Similar two-stage models, combining fine-scale filters with subsequent coarse-scale filtering and

rectification, are believed to be characteristic of cortical cells responding to contrast envelopes.

Later, Smith [154] and Sperling [96] introduced a model that added an additional feature ex-

traction process to the general first-order and second-order channels. Baker’s model employs a

filter-rectify-filter approach to process second-order stimuli [199].
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Figure 2.6: Aperture problem.

2.3.3 Motion Integration

A key goal of early visual motion processing is to estimate 2D motion vectors despite the

ambiguity of local motion signals. However, the small receptive fields of directional neurons in

V1 limit each to capturing only a part of a moving object. Due to their orientation selectivity,

these neurons detect only motion perpendicular to an object’s edge, leaving parallel components

undetected. This limitation, known as the aperture problem, illustrates how each neuron’s

receptive field (RF) offers a restricted view of motion, making it challenging to fully specify the

true 2D motion vector from 1D motion signals [43].

The previously discussed motion detectors, such as the Reichardt detector, motion energy

model, and spatiotemporal gradients, are able to simulate V1’s functionality at detecting local

luminance shifts. However, these detectors are still in the initial stage of local motion detection,

which is insufficient for accurate global integration, as demonstrated in Figure 2.6. The local

motion detectors have limited receptive fields, perceiving motion only within a narrow scope,

whereas accurately determining the physical moving direction requires a global perspective.

To achieve accurate object motion estimation, the biological vision system possesses two key

abilities: (1) detecting local motion and (2) having a global view of local motion and integrating

the local motion adaptively.

In previous studies of visual motion perception, component stimuli (sinusoidal gratings with

a single frequency component and moving direction) and plaid stimuli (consisting of two com-

ponents with different parameters) have proven effective for examining this integration both

perceptually and physiologically, as demonstrated in Figure 2.7 (A).

Psychophysical studies have shown that humans can integrate the motions of plaid com-

ponents under various conditions. Theoretical methods for combining these vectors include

the intersection of constraints (IoC), which is accurate but complex to implement physiologi-

cally [116], and a weighted vector-average (VA), which approximates correct motion effectively

in most situations. The latter method’s predictions often align with errors observed in visual

processing during brief views or when the image is weakened by low contrast or noise [160]. The

computational methods IoC and VA are illustrated on the right side of Figure 2.7 (A).
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Figure 2.7: Motion integration using grating and paid. (A) Component stimuli and Plaid stimuli

used the motion integration; (B) Directional tuning curve of V1 and MT neurons. Figure B is

modified from [107].
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However, Amano, Edwards, Badcock, and Nishida (2009) [4] demonstrated that the human

visual system adaptively switches between two types of motion pooling—1D and 2D—based on

the stimulus: In 1D motion pooling, local 1D motion signals are integrated simultaneously over

orientation and space, suitable for stimuli with a single orientation (e.g., lines, Gabors) where

the aperture problem necessitates spatial pooling. This process aligns with the Intersection of

Constraints (IOC) rule, though a non-rigid interpretation might be employed when plausible. In

contrast, 2D motion pooling occurs when stimuli have multiple orientations (e.g., dots, Gabor

plaids), allowing local 2D motion vectors to be determined through cross-orientation integration

and then spatially integrated. This method follows the Vector Average (VA) rule. The interplay

between IOC and VA mechanisms is also evident in standard plaid perception, indicating a

flexible, adaptive approach to motion integration in the visual system.

Physiologically, there is a general functional division where the striate visual cortex (V1)

primarily serves local motion detection, with neurons sensitive to component stimuli. In contrast,

the MT and MST regions are mainly responsible for higher-level functions such as motion

integration and segregation. The directional tuning ability of neurons in response to plaids

efficiently evaluates their motion integration capacity. Certain neurons in the MT area integrate

multiple motion directions from plaid stimuli. When presented with a plaid moving in different

directions, these neurons respond maximally to their preferred pattern direction, even if no single

plaid component moves in that direction, as shown in Figure 2.7 (B).

Earlier models of motion integration in MT, like that proposed by Simoncelli and Heeger

[152], incorporated a specific pattern of projection from V1 to MT with a slight nonlinearity in

MT, effectively accounting for pattern direction selectivity and other phenomena. More recent

elaborations of this model have been directly tested, revealing subtle variations in connectivity

within MT that explain the range of responses from component to pattern direction selectivity.

Although several computational models of area MT have been proposed [152, 184], a more

comprehensive computational architecture that replicates the motion integration abilities of MT

neurons and human perception, especially the human perception in complex natural scenarios,

remains elusive [129].

2.4 Motion Estimation based on DNNs

In recent years, the rapid advancement of deep learning technology has significantly impacted

motion estimation fields. Data-driven methods based on DNNs have garnered considerable

attention due to their powerful representation capabilities and the availability of large datasets.

These methods have achieved extremely high accuracy in several motion estimation benchmarks

within the computer vision field, demonstrating human-matched capacity to estimate object

motion in challenging environments. This progress highlights a new potential avenue of data-

driven methods to develop human-aligned motion processing models. This section introduces

several common optical flow datasets, followed by an overview of representative DNN models



2.4. MOTION ESTIMATION BASED ON DNNS 25

and unsupervised learning methods.

2.4.1 Common Optical Flow Datasets

Figure 2.8: Demonstration of common optical flow estimation datasets. Adopted from Sintel [18],

KITTI [114], Flyingthings [105], and Flying Chairs [39]

Flying Chairs [39]

The “Flying Chairs” dataset is a synthetic dataset with optical flow ground truth, consisting

of 22,872 image pairs and their corresponding optical flow fields. The images depict 3D chair

models moving in front of random backgrounds sourced from Flickr. The motions of both the

chairs and the background are purely planar. Due to the dataset’s simplicity, featuring only rigid

chairs and relatively simple scenes, it is commonly used as a pre-training dataset to initialize

models, thereby enhancing their generalization capabilities.

FlyingThings3D [105]

The FlyingThings3D dataset is a synthetic dataset designed for optical flow, disparity, and

scene flow estimation. It consists of everyday objects flying along randomized 3D trajectories,

generating approximately 25,000 stereo frames with corresponding ground truth data. Rather

than focusing on a specific task or enforcing strict naturalism, the dataset leverages randomness

and a large pool of rendering assets to produce a vast amount of diverse data. This approach

minimizes the risk of repetition or saturation, making FlyingThings3D a popular benchmark for

training and evaluating various computer vision models.
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MPI Sintel [105]

The MPI (Max Planck Institute) Sintel dataset is a prominent resource for evaluating optical

flow, depth estimation, and image segmentation algorithms in computer vision. Derived from

the open-source 3D animated short film Sintel, this dataset offers a combination of synthesized

stereo images and ground truth data, making it a common benchmark and training set in

current computer vision studies. The Sintel dataset comprises 1,064 stereo image pairs and

their corresponding ground truth for optical flow, depth, segmentation, occlusion, as well as

disparity maps. Each image in these pairs is rendered in RGB with a resolution of 1024 × 436

pixels and 8-bit per channel, while the optical flow maps are grayscale with the same resolution

with 32 floats.

One of the key strengths of the Sintel dataset is its variety, as it includes 23 different scenes

from the film. These scenes cover a wide range of environmental conditions, motion patterns,

and complexities, providing a robust testbed for evaluating the performance and generalizability

of optical flow and depth estimation algorithms. The scenes are presented in two versions: the

“Clean Pass,” which features images without motion blur and noise, offering sharp and clear

visuals; and the “Final Pass,” which includes realistic motion blur, atmospheric effects, and

noise, mimicking real-world conditions more closely.

KITTI [113]

The KITTI dataset, developed by the Karlsruhe Institute of Technology and Toyota Tech-

nological Institute, is one of the most widely used datasets in mobile robotics and autonomous

driving research. It comprises extensive traffic scenarios recorded using various sensor modali-

ties, including high-resolution RGB and grayscale stereo cameras, as well as a 3D laser scanner.

The dataset encompasses multiple urban scene categories such as road, vertical, sky, building,

vegetation, sidewalk, car, pedestrian, cyclist, sign/pole, and fence. Ros et al. further expanded

the annotations to include classes like building, tree, car, sign, pedestrian, fence, pole, sidewalk,

and bicyclist. KITTI provides a wide range of data formats and labels, including 1382 × 512

resolution stereo grayscale images, RGB images, point clouds, optical flow, 3D scene flow, depth,

disparity, and camera parameters. For optical flow tasks, the KITTI Scene Flow dataset includes

200 training scenes and 200 test scenes. Each scene comprises 20 consecutive frames, with sparse

optical flow annotations available for the 10th frame.

These comprehensive data and annotations format make the KITTI dataset popular for

studies in autonomous driving and 3D computer visions.

2.4.2 Model Development

Existing deep neural networks for optical flow estimation can be broadly categorized into several

types: encoder-decoder-based networks, spatial pyramid networks, iterative refinement struc-

tures based on recurrent networks, and transformer-based frameworks.

In 2015, Dosovitskiy et al. [38] introduced optical flow estimation methods using convo-
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Figure 2.9: Demonstration of the encoder-decoder architecture of FlowNet [38]

lutional neural networks (CNNs). They designed two foundational networks, FlowNetS and

FlowNetC, which follow an encoder-decoder architecture. These networks comprise two main

parts: the encoding part and the decoding part, as depicted in Figure 2.9.

Both architectures utilize a series of convolutional layers in the encoding part, with the

inputs being two consecutive frames (Image 1 and Image 2). These images are processed through

multiple convolutional layers to extract correspondence features. Due to a stride setting of 2,

the resolution of the feature maps decreases as the network deepens. FlowNetS and FlowNetC

differ slightly in their encoding parts. FlowNetS uses a single input path where the two images

are stacked and fed into the network to extract combined features. In contrast, FlowNetC uses

two separate input paths for the two images, extracting features independently before merging

them using a correlation layer to calculate the matching cost, which is then fed into the decoding

part.

The decoding parts of FlowNetS and FlowNetC are identical, as illustrated on the right

side of Figure 2.9. They consist of a series of deconvolution layers with a stride of 2, gradually

expanding the resolution of the feature maps. Generally, there are five decoding stages with

scales increasing across { 1
32 ,

1
16 ,

1
8 ,

1
4 , 1}, with each scale generating a refined optical flow for the

next scale.

The networks are trained end-to-end in a supervised manner, requiring ground truth labels

during training. The loss function can utilize general distance metrics between flow vectors,

such as MAE (Mean Absolute Error), MSE (Mean Squared Error), and EPE (End-Point Error),
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between the predicted flow and ground truth flow, with a summation across all scales. EPE

is also a common method for evaluating model performance, which calculates the Euclidean

distance between the endpoints of the predicted y = (u, v) and ground truth y∗ = (u∗, v∗)

motion vectors, as defined in Equation 2.3.

EPE(y, y∗) =

√
(u− u∗)2 + (v − v∗)2 (2.3)

As the first work to incorporate learning into optical flow tasks, FlowNet achieved perfor-

mance comparable to traditional methods while significantly reducing runtime, leading to many

subsequent improvements based on its architecture.

Figure 2.10: The architecture of the spatial pyramid network (SpyNet [139]).

In 2017, Ranjan et al. [140] proposed using a spatial pyramid network for optical flow es-

timation. This network incorporates a coarse-to-fine strategy into the flow estimation process,

enhancing computational efficiency. As shown in Figure 2.10, the architecture starts with defin-

ing a pyramid framework. At each pyramid level, a 2D geometric warp operation is used to

match two images based on the optical flow from the previous pyramid level. An optical flow

estimator then calculates the matching cost and refines the current flow field, which is then

upsampled for image warping and corresponding matching at the next level. This core strategy

calculates small displacements (incremental flow) at each level from coarse to fine scales, rather

than directly estimating large displacements, thereby reducing computational requirements and

achieving results comparable to FlowNet on public datasets like MPI-Sintel and KITTI while

significantly reducing model size.

Following the foundational architecture proposed in the literature, several improved super-

vised learning networks have been developed. Sun et al. [164] introduced correlation layers at
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each pyramid level and replaced image warping with feature map warping to minimize spatial

distance between features of adjacent frames. The architecture, illustrated in Figure 2.11, con-

sists of a feature pyramid, an optical flow estimator, and a post-processing sub-network. Input

images pass through a series of convolutional layers to extract multi-scale features. The opti-

cal flow estimator, a fully convolutional network, estimates flow at each pyramid level, while

the post-processing network refines the estimated flow. Each level’s estimated flow is com-

pared with the ground truth to calculate EPE loss, enhancing precision while maintaining a

lightweight model. Such a strategy can also be modified as a recurrent protocol [66], largely

increasing parameter efficiency.

Figure 2.11: Pyramid network for optical flow estimation (PWCNet [164])

In 2020, Zachary Teed and Jia Deng [171] introduced Recurrent All-Pairs Field Transforms

(RAFT), a novel deep network architecture for optical flow estimation. RAFT retains feature

warping and matching cost calculation but eliminates the multi-scale feature pyramid. Instead,

it extracts features at a uniform 1/8 scale and constructs multi-scale 4D correlation volumes

for all pixel pairs. In the decoding phase, RAFT incorporates a recurrent neural network to

iteratively update the flow field, optimizing the flow in a coarse-to-fine manner by performing

lookups on the correlation volumes.

RAFT achieves state-of-the-art performance, with an F1-all error of 5.10% on the KITTI

dataset, a 16% reduction from the previous best result. On the Sintel dataset, RAFT also per-

forms exceptionally well, demonstrating strong cross-dataset generalization and high efficiency

in inference time, training speed, and parameter count.

Recently, with the development of the attention mechanism [178] and Transformers [37],

several studies have started to utilize the transformer architecture in the optical flow estimation

task to replace the CNNs [62, 187]. The attention mechanism from Transformer is powerful in
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establishing the flexible connection that convolution operations and it’s also reasonable to extract

the correspondence relationship by calculating the cross attention between pairs of frames over

time.

Figure 2.12: Demonstration of GMFlow [187].

The GMFlow method [187] is one of the representative approaches that incorporate the

Transformer architecture into the optical flow estimation task. As illustrated in Figure 2.12,

given two consecutive video frames I1 and I2, GMFlow first extracts downsampled dense features

F1,F2 ∈ RH×W×D using a weight-sharing convolutional network, where H, W , and D denote

height, width, and feature dimension, respectively. Considering that correspondences in the two

frames should share high similarity, the feature similarity for each pixel in F1 is compared with

all pixels in F2 by computing their correlations. This can be implemented efficiently with a

simple matrix multiplication:

C =
F1F

T
2√

D
∈ RH×W×H×W ,

where each element in the correlation matrix C represents the correlation value between coor-

dinates p1 = (i, j) in F1 and p2 = (k, l) in F2, and
1√
D

is a normalization factor to avoid large

values after the dot-product operation [178].

To identify the correspondence with end-to-end training, GMFlow uses a differentiable

matching layer [79, 186]. Specifically, the last two dimensions of C are normalized with the

softmax operation, resulting in a matching distribution:

M = softmax(C) ∈ RH×W×H×W .

For each location in F1 with respect to all locations in F2, the correspondence Ĝ can be obtained

by taking a weighted average of the 2D coordinates of the pixel grid G ∈ RH×W×2 with the

matching distribution M :

Ĝ = MG ∈ RH×W×2.
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Finally, the optical flow V can be obtained by computing the difference between the correspond-

ing pixel coordinates:

V = Ĝ−G ∈ RH×W×2.

This softmax-based approach not only enables end-to-end training but also provides sub-pixel

accuracy.

2.4.3 Unsupervised Learning Methods

Unsupervised learning frameworks are proposed to utilize the resources of unlabeled videos [193],

first introduced by Yu et al. [193], which built the loss function based on brightness constancy and

motion smoothness, similar to conventional methods’ energy minimization. Multiple subsequent

studies have refined the optimization objective, including occlusion reasoning [110, 182], multi-

frame extension [53,71], epipolar constraint [198], and stereo depth [86,181].

Although there are many other strategies [69, 87, 90, 159] to solve the unsupervised training

problem, we only consider the fundamental method here, which is based on image warping and

consistent matching strategies. The overall strategy behind this is adopting a photometric loss

that measures the difference between the target image and the (inversely) warped source image

based on the dense flow field predicted from the network.

Let a pair of consecutive images I = {Ia, Ib}, the target is to estimate current optical flow

Fa→b ∈ RH×W×2 from I, i.e. , Fa→b = f(I; Θ), where Θ is a set trainable parameters of

the model. We follow the general warping-based strategy as our basic unsupervised learning

approach, by which the network can be trained implicitly with view synthesis. Specifically,

each image Ia could be reconstructed by its next frame Ib via inverse warping operation, i.e.,

Îa = Ib(p + Fa→b(p)), where p ∈ RH×W is the spatial location across whole images. Utilizing

bilinear interpolation, the method can be realized in a differentiable way at the sub-pixel level.

Then one only needs to define the consistency evaluation function ρ(·) between the reconstructed

image Îa and the original image Ia, i.e. Lph ∼
∑

p ρ(Î(Θ), I), so as to implicitly supervise the

generated optical flow. The basic similarity evaluation loss is L1, or Charbonnier loss [163],

which simply considers the pixel-wise similarity between a pair of images. For instance, the

Charbonnier loss is defined as:

Lcharb =
∑
p

ρ(Îa(Θ), Ia) =
∑
p

√
(Îa(p)− Ia(p))2 + ϵ2 (2.4)

where: ϵ is a small constant to ensure numerical stability when the difference between Îa(p) and

Ia(p) is very small.

The more robust loss that focuses on structural similarities, like SSIM loss and Census

loss [110], are widely used in the community to overcome the variations in color and brightness

across frames. The Structural Similarity Index (SSIM) loss is defined as follows:

SSIM(x, y) =
(2µxµy + C1)(2σxy + C2)

(µ2
x + µ2

y + C1)(σ2
x + σ2

y + C2)
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where µx and µy are the mean intensities of x and y; σ2
x and σ2

y are the variances of x and

y; σxy is the covariance of x and y; C1 and C2 are constants to stabilize the division when the

denominators are close to zero. The SSIM loss can be defined as:

LSSIM =
∑
p

1− SSIM(Îa(p), Ia(p))

2
, (2.5)

which evaluates the structural similarity between the reconstructed image Ît and the original

image It.

The Census Transform is defined by comparing each pixel to its neighbors, creating a bit-

string:

Census(I,p) =
∏

q∈N (p)

δ(I(p), I(q)),

where N (p) is the set of neighboring pixels of p and δ(I(p), I(q)) is a binary function that

returns 1 if I(p) > I(q), and 0 otherwise. The Census loss can then be defined as the Hamming

distance between the Census Transforms of Îa and Ia:

Lcensus =
∑
p

Hamming(Census(Îa,p),Census(Ia,p)), (2.6)

where Hamming(·, ·) calculates the Hamming distance between two bitstrings, which can be

implemented in a differential way [110]. These robust loss functions help mitigate the effects of

color and brightness variations, focusing more on the structural consistency between frames.

Due to the aperture problem and the ambiguity of local appearance, supervision solely based

on the photometric loss does not sufficiently constrain the problem for somewhere textureless

or with repetitive patterns. One of the most common ways to reduce ambiguity is named

edge-aware first and second-order smooth regularization [174]. Given frame It−1 with flow field

Ft−1→t, the k-order edge-aware loss Lsm(k) could be defined as:

Lsm(k) ∼
∑
p

(
wx
p ·
∣∣∣∣∂kFt−1→t

∂xk

∣∣∣∣
p

+ wy
p

∣∣∣∣∂kFt−1→t

∂yk

∣∣∣∣
p

)
,

wx
p = exp

(
−λ
∑
c

∣∣∣∣∂It−1

∂x

∣∣∣∣
p

)
,

wy
p = exp

(
−λ
∑
c

∣∣∣∣∂It−1

∂y

∣∣∣∣
p

)
.

(2.7)

Where wx
p, wy

p is the attenuation weight determined by the smoothness of the first-order image

gradient, which intuitively forces the flow field in areas with similar pixels to be smoother.

Following previous work [77, 87], we use first-order smooth loss on Sintel dataset, second-order

smooth loss on KITTI dataset.

Motion occlusion is a challenging problem in unsupervised learning, which results in pixel-

wised information loss from It to It−1. The most common method is to circumvent the loss

calculation for the occluded region by inferring the binary occlusion mask Ot−1→t ∈ {0, 1}H×W
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from It−1 to It, where Ot−1→t(p) = 0 means the locations p from It−1 are occluded in It and

vice versa. Following the previous method [77,87], a forward-backward check [70] is used in our

basic approach to estimate the occlusion mask.

We simplify the notion in the following section. Given two adjacent time step {a, b | b > a},
one denotes forward flow Fa→b as Fa, and backward flow Fb→a as F−1

b ; p ∈ RH×W is denoted as

spatial position set of a specific image; Wa(·) : Ib 7−→ Îa is denoted as warping operation from

Ib via Fa→b; Ep(·) represents the statistical expectations along the p.





Chapter 3

Elaboration of Machine Vision:

Human-motivated Unsupervised

Learning of Motion Estimation

Humans and animals learn to estimate motion through spontaneous interaction with the world,

conceptually resembling unsupervised learning, where motion rules are understood without ex-

plicit ground-truth labels. With the ultimate goal of constructing a more human-aligned model,

this chapter incorporates techniques from computer vision (CV) to explore unsupervised mo-

tion estimation methods. We will integrate this unsupervised method with our human-aligned

motion processing model proposed in Chapter 5.

Our exploration proceeds in two aspects. On the one hand, we aim to develop a solution

that mimics the learning capability of humans to achieve accurate motion estimation without

explicit ground truth. To construct a computable image method, we employ techniques based

on warping reconstruction from the computer vision field. On the other hand, current CV

methods face several challenges, particularly when pixel information is lost due to occlusions

and motion blur or when pixel correspondence is impaired by variations in image content and

spatial structure over time. These challenges result in the inability to reconstruct the source

image by warping, leading to confusion about the lost object. Therefore, we aim to propose

solutions to overcome these challenges in unsupervised learning methods.

Inspired by humans’ consistent understanding/ estimation of motion in dynamic environ-

ments, we hypothesize that learning in multi-frame settings and memorizing motion history,

similar to a temporal recurrent network, could enhance understanding of motion laws and im-

prove performance in challenging situations. For instance, areas that lose explicit correspondence

due to occlusions or motion blur might have been visible in previous frames, allowing for more

reliable predictions based on temporal motion history, assuming the motion remains smooth

under a sufficient sampling rate.

We integrate temporal dynamic modeling into the unsupervised learning of optical flow by

35
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developing a lightweight temporal recurrent network. This network is designed to infer current

motion by iteratively processing the causal image sequence and memorizing previous motion

history to enhance prediction accuracy in subsequent frames. Using this model, we simulate

various dynamic scenarios in unlabeled natural scenes, such as occlusion phenomena in multi-

frame environments. We employ a self-supervised distillation method to provide more reliable

pseudo-labels for these challenging scenes. This approach diverges from traditional two-frame

methods that do not account for temporal dynamics and simply augment the scene discretely.

We will demonstrate that this systematic simulation of dynamic scenes offers greater benefits

compared to previous augmentation methods.

Moreover, while existing optical flow benchmarks like Sintel and Flying Chair provide realistic

simulations, they rely on time-consuming 3D modeling and rendering engines. Instead, our

focus is on incorporating augmentation on unlabeled real images in an online manner during

training. Experiments on various optical flow benchmarks have demonstrated the effectiveness

of our human-motivated approach, achieving performance comparable to several representative

methods while offering advantages in memory and computational efficiency.

Further, various complex situations in natural environments, such as object occlusion, motion

blur, limited perspective, and variations in lighting conditions, make accurate correspondence

challenging. Addressing this issue, this study further improves the model architecture by de-

coupling the problem into two sub-tasks: one is to search for determined correspondence within

a pair of frames, and the other is to manage mismatched regions due to occlusion, blur, non-

Lambertain reflection, etc., by incorporating more spatial and temporal context information. To

compensate for low-confidence regions, the proposed network adaptively identifies regions with

correspondence confidence and utilizes temporal and spatial smoothness assumptions for mo-

tion re-prediction. Combined with previous simulations of scene variation, the proposed model

can efficiently learn a variety of complex scenes in a multi-frame environment to optimize low-

confidence regions. Experimental results demonstrate that the proposed model can run at high

speed in real-time tasks while maintaining high accuracy, achieving state-of-the-art results on

the Sintel Clean and Final benchmarks.

3.1 Problem Setting and Motivation

Unlike other vision tasks, where ground-truth labels for dense optical flow are rarely available for

real image pairs, supervised optical flow techniques are typically trained using synthetic data.

However, an inherent mismatch exists between real and synthetic data, leading to a disparity in

data distribution that needs to be addressed to overcome this challenge [104]. The drawback of

using over-intrinsic label rendering and the limitation of synthetic data enhances the viability

of unsupervised optical flow estimation.

Unsupervised learning frameworks use unlabeled videos [193], deriving a photometric loss

that measures the difference between the target image and the (inversely) warped source image
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based on the dense flow field predicted by the network. However, image-warping-based unsu-

pervised learning faces multiple challenges, including brightness and color variations and motion

blur in multi-frame dynamic environments. More importantly, as the images are 2D projections

of 3D space, spatial occlusion induced by objects in motion causes pixel information loss over

frames that cannot be recovered by image warping. Such factors mislead the networks and

degrade performance.

3.1.1 Problem I: Motion is a Dynamic Process

Several studies have sought to address these problems by designing more robust loss func-

tions [69,110], using masks to circumvent the supervision of occluded regions [182], and tracking

occluded pixels in adjacent frames [71]. Based on self-supervised learning, another line of stud-

ies augments images by adding random noise patches to simulate occluded scenes [87, 90, 99].

However, a prevalent limitation observed is that most existing approaches for estimating optical

flow use pairs of images. Although a few methods have employed multiple frames [71,87], these

still use temporally static feedforward CNNs without recurrent feedback in the time dimension.

Moreover, motion is highly related to temporal dynamics, including factors like illumination

shifts, spatial-perspective translations, and motion-induced phenomena such as blur and occlu-

sion, underlining the significance of temporal dynamic relationships. Yet, existing self-supervised

learning methods tend to apply arbitrary transformations based on double frames, such as ran-

domly adding regional noise corruption to one image frame to simulate occlusion [87, 159].

3.1.2 Problem II: Motion is not only Correspondence Matching

In existing models, the most popular methods [66, 171] use a progressive strategy to search

for correspondences across the feature map and gradually refine the optical flow. A critical

step in this process is calculating the similarity at each location in the feature map, typically

implemented by the inner product distance. For instance, PWCNet and RAFT calculate the

correlation volume between features and feed it into the flow estimator. In contrast, GMFlow

uses the inner product distance to match global correspondences and infer optical flow. However,

in complex environments, it is challenging to resolve correspondences between two images. A

typical example is that object occlusion during motion causes direct pixel loss. Additionally,

local blurring of the image, such as motion blur, camera out-of-focus blur, and global or regional

variations in lighting conditions, prevents accurate identification of these abnormal areas, causing

outliers in the correlation volume. For simplicity, we refer to these regions as the Low Matching

Confidence (LMC) regions.

3.1.3 Proposal I: Temporal Dynamic Modelling & Scene Augmentation

To address the aforementioned Problem I, we propose that motion perception should be learned

in temporally dynamic environments to better grasp the essential laws of motion. We intro-
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Figure 3.1: Graph summary of temporal dynamic scene augmentation.

duce an approach for estimating optical flow in dynamic environments, namely ULDENet

(Unsupervised Learning in Dynamic Environments). This model is trained using temporal

causal sequences to ensure a comprehensive understanding of object occlusion and scene dy-

namics. To achieve this, we incorporated three dynamic training enhancers (DTE) based on

self-supervised learning: the Dynamic Occlusion Enhancer (DOE), Content Variation

Enhancer (CVE), and Spatial Variation Enhancer (SVE).

The DOE extracts sub-object blocks from an original data distribution and simulates the

continuous motion of objects across multiple frames, allowing the model to understand object

occlusions over extended periods. We employ a mixed supervision strategy, combining unsuper-

vised and self-supervised losses during DOE training, which provided a reliable pseudo label to

occluded regions, thus enhancing generalization to occlusion scenes.

The CVE simulates variations in image attributes, such as object brightness and chromaticity

dynamics over time. Additionally, it simulates regional motion blur and defocus blur caused by

high-speed movement, thereby improving the model’s robustness in handling such challenging

scenes. Lastly, the SVE simulates spatial object variations caused by camera shake and vibration

in dynamic environments, as well as gradual translations and rotations of the viewpoint.

To evaluate the proposed augmentation strategy, we modified a lightweight PWCNet for our

experiments, incorporating a spatiotemporal dual recurrent block. By leveraging the tempo-

ral smoothness of motion, these temporal dynamic networks propagate prior motions through

hidden states, providing more reliable references for untraceable pixels. Initial experiments

demonstrated that our method, with its few parameters and efficient inference speed, exhibits
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stable convergence over sequences of variable lengths and outperforms counterparts in ablation

studies.

3.1.4 Proposal II: A Decoupled Spatial-Temporal Adaptive Fusion Network

Figure 3.2: Demonstration of spatiotemporal adaptive fusion: No clear correspondence is avail-

able at the part region of the soccer ball due to occlusion, which is identified adaptively and

re-predicted by tracking historical and spatial motion contextual information. Figure is adapted

from [168].

Proposal II constructs a temporal dynamic model to perceive motion, consisting of two

parts: Global Correspondence Matching (GCM) and Spatio-Temporal Adaptive Fu-

sion (STAF) blocks. The GCM is a static model that finds the apparent correspondences

between two images, while the STAF component is a temporal recursive model that adaptively

identifies regions challenging to match and combines temporal and spatial contextual informa-

tion to optimize low-confidence regions. Accordingly, the training method is decoupled into two

parts to optimize both LMC and non-LMC areas in a targeted manner. Similar to how humans

perceive motion, our model learns motion estimation in causal sequences, using only previous

motion history information.

Due to Newton’s first law of motion, an object always has a continuous motion state within

a short time window, meaning that objects occluded in the current frame are usually trackable

in the previous one. Therefore, the historical motion states of the objects provide adequate

temporal contextual information for current motion estimation, especially for the LMC regions.

Building on the scene augmentation method in Proposal I, the STAF blocks are self-supervised

and trained in a multi-frame environment, enabling the network to understand motion occlusion

relations and use motion history to compensate for predicting existing LMC regions. This
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also helps the network understand various types of LMC phenomena through self-supervised

distillation.

To the best of our knowledge, by combining Proposal I and Proposal II, our approach

achieves the best results among the few studies that have applied temporal dynamic models

in unsupervised optical flow estimation tasks. Additionally, our model demonstrates state-of-

the-art performance on the Sintel Clean and Final benchmarks.

3.2 Discussion with Related Works

Supervised methods require annotated flow ground truths to train networks. FlowNet [38]

was the first work to propose learning optical flow estimation by training a fully convolutional

network on the synthetic dataset, FlyingChairs. Then, FlowNet2 [68] proposed stacking multiple

networks as an iterative improvement. SpyNet [139] is a spatial pyramid network that estimates

optical flow in a coarse-to-fine manner and handles challenging scenes with large displacements.

PWC-Net [164] and LiteFlowNet [65] warp features and calculate the cost volumes of all pyramid

layers from the intermediate feature maps of CNNs. IRR-PWC [67] designs pyramid networks

using iterative residual refinement schemes. Recently, RAFT [171] proposed to estimate flow

fields by 4D correlation volume and recurrent network, yielding an excellent performance. The

recent GMFlow [187] turns local correlation matching into global matching, as better results

can be achieved with fewer iterations.

Among the various models, relying on pairs of image feature correlations to estimate optical

flow is essential. However, as mentioned above, pixel-based correspondence appears to be im-

paired by motion phenomena such as occlusion, local blurring, etc. In proposal II, we developed

a temporal recurrent model that adaptively recognizes current LMC regions, which are jointly

refined by introducing spatiotemporal contextual information.

Unsupervised Approaches circumvent the need for labels by optimizing photometric

consistency with some regularizations. Yu et al. [193] were the first to present a method for

learning optical flow based on the constancy of pixel brightness and motion smoothness. Fol-

lowing several studies improved the performance step-by-step, such as adding occlusion rea-

soning [110, 182], multi-frame extension [53, 71, 168], epipolar constraints [198], 3D geometrical

constraints [191, 200] and stereo depth [86, 181]. Based on self-supervised learning, another

branch of work improves performance by learning the flow of ambiguous regions in a knowl-

edge distillation manner [87, 88, 90]. There is a growing tendency to improve performance by

integrating multiple strategies [77,99].

Occlusion remains a fundamental issue during unsupervised learning. Usually, an occlu-

sion mask is employed to remove the photometric losses of occluded regions [182]; thus, such

regions are never supervised. Some studies have proposed solutions from a 3D geometric per-

spective. Additionally, using self-supervised learning, DDflow [88] introduced the concept of

using rectangular noise patches to simulate occlusion phenomena. This idea was further refined
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by Selflow [90], which employed a superpixel algorithm to generate occlusions with a more nat-

ural shape. This strategy of randomly adding noise to images has been widely adopted in recent

studies [91,99,159].

However, we hold the viewpoint that occlusion is a long temporal process influenced by inter-

actions among multiple moving objects across multiple frames. Abrupt masking through random

noise, as utilized in the aforementioned approaches, does not accurately reflect the smooth mo-

tions of objects in natural scenes that adhere to the inertia criterion. Furthermore, images

contaminated by regional random noise could be considered outliers—outside the distribution

of the original dataset—which might potentially degrade network performance when utilizing

the original dataset. Considering this issue, we address the problem by modeling smooth and

dynamic motion scenarios. We achieve this by extracting sub-objects from the original data

distribution and simulating smooth dynamic occlusions based on the Markov property. By im-

plementing a well-designed mixed loss function, we attain complete supervision of both the flows

within occluded regions and the occluder per se.

Temporal Dynamic Models based on RNNs are not commonly used for optical flow

estimation. A few studies sought to model multi-frame optical flow estimations using RNNs

and LSTMs [51, 119]. However, these approaches rely on conventional supervised training and

are applicable to only a few synthetic sequences. Several unsupervised learning approaches

employ multi-frame data to estimate optical flow [53, 87, 90]. Compared to those networks,

proposal II uses a temporally dynamic model that is able to process real-time causal sequences

recurrently. Model inference and training are explicitly decoupled in this study; the prediction of

the LMC region is optimized via self-supervised training. In particular, existing self-supervised

models employ random noise to erase local regions as occlusion hallucinations [77,87,159]. This

discontinuous occlusion is acceptable for a two-image-based inference network. However, it

can potentially impair the proposed temporal recurrent model, which infer continuous motion

patterns across extended temporal environments. We accordingly incorporate a continuous

motion occlusion environment via the pseudo-label method, allowing the model to learn a more

realistic occlusion rule and using the motion history context to predict the optical flow for LMC

regions.

3.3 Temporal Dynamic Modelling & Scene Augmentation

Based on the preliminary of the unsupervised learning background in Section 2.4.3, we intro-

duce a lightweight spatiotemporal dual recurrent network and our basic unsupervised training

approach, which learns to estimate optical flow from unlabeled temporal causal sequences.



42 CHAPTER 3. UNSUPERVISED LEARNING

Figure 3.3: Inference architecture of the spatial-temporal dual recurrent block. The spatial

recurrence is modified from the basic flow inference pipeline of PWCNet [164], including a

cascade of image warping, volume correlation, flow estimation, and context networking. This

decodes the flow field from small to large scales. Figure is adapted from [169].

3.3.1 Network structure

We constructed a dynamic RNN that handles arbitrary temporal series I = {I0, I1, ..., It−1, It},
receives the previous frame It−1, current frame It, and previous hidden state Ht−2 as inputs,

and outputs the current optical flow Ft−1 and hidden state Ht−1 for the next time step. Given

a pair of images, a five-level feature map pyramid P = {I5, ..., I1} is generated by a concise

feedforward CNN for each image, with the size gradually reducing from H
4 × W

4 to H
64 × W

64 .

To ensure spatiotemporal recurrence, we introduce a convolutional GRU block with self-
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guided warping (SGW), i.e., an SGW-GRU block. The SGW-GRU block operates directly on

feature pyramids from low- to high-scale in a spatially recurrent manner. Likewise, the block

operates across image sequences in a temporally recurrent manner. For a feature pyramid at level

l, it has four basic stages of PWCNet [164], i.e., warping→ correlation volume→ flow estimator

→ context network, as shown in Fig. 3.3 (A). The difference is that an extra convolutional

block is added to the context network to generate a temporal hidden state Ht−1 characterized

by 32-channel feature maps at different scales, which implicitly contain contextual information

of motion history during previous moments. The current temporal hidden state is used as input

for the next time stage when it is fed back into the SGW-GRU block.

Given moving objects, there are always differences in spatial locations between the features of

two adjacent time steps. Accordingly, we use the SGW block to self-adjust the spatial locations

of hidden feature maps. In such a block, the correlation between a previously hidden and current

feature is first calculated, and a mini-flow estimator is then employed to derive a flow field that

guides warping when adjusting the spatial arrangement of H l+1
t−2 . Finally, a convolutional GRU

fuses the hidden state H l+1
t−2 to the current features I lt−1 and outputs the fused feature Inew, as

shown in the Fig. 3.3 (B). The module of Conv-GRU applies the basic principle of the original

GRU [23] but replaces the core operation with a fully convolutional approach. Specifically, the

module accepts the previous high-level hidden state H l+1
t−2 and current feature It−1 as inputs,

and generates a fused feature Inew that is input to the flow estimator. This may be formalized

as:

z = σ
(

Conv3×3

(
ConCat

[
H l+1

t−2 , It−1

]))
r = σ

(
Conv3×3

(
ConCat

[
H l+1

t−2 , It−1

]))
q = Tanh

(
Conv3×3(ConCat[r ⊙ It−1, H

l+1
t−2 ])

)
Inew = (1− z)⊙ It−1 + z ⊙ q.

(3.1)

where σ(·) denotes the sigmoid function; ConCat(·) the concatenation of feature maps; and ⊙
the element-wise production.

Regarding temporal recurrence, the previous feedback signal from the deeper layer is trans-

ferred to the current timestep to control the coding behaviors. This temporal feedback provides

prolonged motion history contextual information, which could facilitate predicting the current

motion stage, as demonstrated on the right side of Figure 3.3 (C). Such a design mirrors the

temporal predictive coding of the human visual system [95, 142], wherein higher-order neurons

send feedback signals to lower-order neurons and thus control their behaviors. Integration of the

above modules yields a lightweight network with only 2.50 M parameters, which handles causal

sequences of arbitrary length to estimate optical flow.
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Figure 3.4: Occlusion-aware temporal smoothness regularization. Scenario A: The pixels in a

current frame Ic become invisible in the next frame If ; Scenario B: The pixels visible in the

current frame Ic are invisible in the previous frame Ip. Scenarios A and B cause errors in spatial

alignment, which should be considered during temporal smoothness regularization. The right

side shows the Sintel Clean scene. Figure is adapted from [169].

3.3.2 Occlusion-aware Temporal Smoothness Regularization.

As mentioned in Section 2.4.3, simply masking the occluded region is inadequate in terms of

supervision. Spatial smoothness loss evaluates only low-level RGB similarity. As compensation,

we propose temporal smoothness regularization (TSR) to provide more reliable supervision for

occluded regions. First, we define four adjacent frames {Ik−1, Ik, Ik+1, Ik+2} and three motion

flow fields {Fp, Fc, Ff}, i.e., the forward optical flows of Ik−1 → Ik, Ik → Ik+1, and Ik+1 → Ik+2.

Given the limitations imposed by physical laws, the motion trajectoryM(t) of an object is always

a smooth differential curve, and a video sequence can be regarded as a sampling of the locations

thereof. Given a sufficiently short sampling interval ∆t, we can create a small temporal window

and then derive a Taylor first-order approximation of M(t), i.e., M(t) = M(t0)+∆t · dS
dt

∣∣
t=t0

, or,

M(t) = M(t0) + t · V (t0), where V can be regarded as a velocity vector or the so-called optical

flow within the defined temporal window. With the above assumption, the identical object

could be regarded as moving at a similar speed across {Fp, Fc, Ff}. Thus a triple equation is

established based on reverse warping operation:

F̂ f
c = Ff (p+ Fc(p)), F̂ p

c = Fp(p+ F−1
p (p)).

F̂ p
c ≈ F̂c ≈ F̂ f

c

(3.2)

Where F̂ f
c is the Fc reconstructed from Ff ; F̂

p
c is the Fc reconstructed from Fp F−1

p denotes

the backward flow of Ik → Ik−1. Maintaining the assumption of constant velocity, the above

equation yields the basic temporal smoothness constraint. However, importantly, warping is
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not reversible and an occlusion problem thus arises during either forward or backward optical

flow, as shown on the left of Fig. 3.4. Typically, there are two problematic scenarios. In the

first, pixels in the current frame become invisible in the next frame (A). In the second scenario,

pixels visible in the current frame are invisible in the previous frame (B). Both scenarios cause

errors in spatial alignment. For simplicity, ΩA, ΩB indicate two locations where pixels of Fc

are invisible in Fp and Ff , respectively. Thus, we generate two occlusion masks OA, OB via

forward-backward checking:

O(p) =

1, p /∈ Ω

0 p ∈ Ω
(3.3)

Temporal smoothness depends on the computation of the differential across time, which, in the

discrete case, is equivalent to the computation of the first-order differences across frames. Here,

we simplify this by directly using the Charbonnier loss to evaluate the differences between frames,

thus ensuring smoothness between Fc and the two adjacent frames. Also, the displacement size

of the Fc is utilized as the decay coefficient for temporal smoothing, i.e., locations with more

violent motion have smaller smoothing constraints. The final temporal smoothing regularization

of the current flow Fc is:

ℓtsm ∼

∑
p

[
C
(
S(F̂ p

c ), Fc

)
⊙OA

/
|Fc|
]

∑
pOA(p)

+

∑
p

[
C
(
S(F̂ f

c ), Fc

)
⊙OB

/
|Fc|
]

∑
pOB(p)

. (3.4)

Where S(·) means to stop the gradient from the computational graph and C(·) is the Char-

bonnier loss. At locations p ∈ {ΩA ∩ ΩB}, we do not perform any TSR because the adjacent

frames contain no reliable prior flows. At positions {p|p ∈ ΩA,p /∈ ΩB}, we add only temporal

smoothness from the previous flows Fp. Similarly, temporal smoothness from future flows Ff are

available only for positions {p|p ∈ ΩB,p /∈ ΩA}; Ultimately, the temporal smoothness values

from both Fp and Ff are added to positions {p|p /∈ ΩA ∪ΩB}. The optimized result is that the

Ic approximates the linear interpolations between Ip and If .

Our design includes a prior assumption. Given the temporal smoothness of motion, ΩA and

ΩB tend to have only a few intersections, so objects occluded in the next frame are often visible

in the previous frame. Therefore, motion information occluded via forward propagation can

be supplied by examining past flow. On the lower right side of Fig. 3.4, the background area

occluded by the arm in the forward inference is visible in the backward inference; the motion

information in the previous frame can be tracked using backward flow as the reference.

3.3.3 Training in the Video Sequence

During each training iteration, we sequentially feed N consecutive frames into the network and

simultaneously supervise the N − 1 optical flows generated. We employ warping-based image

photometric similarity, spatial smoothing loss, and occlusion masking. Note that, as we employ

a temporally recursive network, we infer causal sequences and generate optical flow in only one
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direction. Therefore, during training, we first infer the forward optical flow of the entire sequence

and then reverse the image sequence to infer backward optical flow. Finally, a forward-backward

check is performed to obtain the occlusion mask sequence {Ot}N−1
t=1 . Specifically, at the end of

the sequence, we update the weights to decrease the following loss:

L =
1

N − 1

N−1∑
t=1

Lt (3.5)

where Lt is the combination of the multi-scale loss for image pair (It, It+1) and the temporal

smoothness loss:

Lt = λ1ℓsm(Ft) + λ2ℓtsm(Ft−1, Ft, Ft+1) + ℓwarp(It, It+1, Ft, Ot). (3.6)

The λ1 and λ2 hyper-parameters balance the loss weights of the loss function.

3.3.4 Dynamic Scene Augmentation

As indicated by DDFlow [89], self-supervised learning-based distillation effectively improves

unsupervised optical flow estimations and has been widely adopted [77, 87, 90, 99]. Generally, a

teacher model ft(·) processes original pairs of samples I = {Ia, Ib} to generate the optical flow

as an pseudo-label F ∗
a that trains a student model fs(·). Before I is fed to fs(·), a series of

specific image transformations TI(·) : I 7−→ Ĩ are used to increase scenic diversity. Such data

augmentation generates a lower-confidence optical flow Fa, which is then self-supervised using

the pseudo-label from ft(·). To ensure spatial consistency, the pseudo-label must be consistently

transformed using TF (·) : F ∗ 7−→ F̃ ∗. Then, self-supervision based on the pseudo-label is

achieved by considering the Charbonnier similarity between pseudo-label TF (F ∗
a ) and Fa, thus:

ℓself ∼ Ep

(∣∣∣S (Fa(p))− F̃ ∗
a (p)

∣∣∣+ ϵ
)q

(3.7)

Here, we extend this strategy to multi-frame sequences and simulate multiple dynamic nat-

ural variations. The network comes to understand occlusion and variation in a dynamic envi-

ronment. Specifically, we use three training enhancers, i.e., a DOE, an SVE, and a CVE, as

described below.

Dynamic occlusion enhancer

We aim to simulate more naturalistic occlusion hallucinations in the DOE. There are two steps,

the first of which is (i) random cropping. This operation is critical as, in videos, objects often

move out of the frame due to their inherent motion, resulting in an inability to find correspon-

dence between consecutive frames, which could be termed ”out-of-boundary” occlusions. By

reducing images to a smaller dimension through cropping, we can simulate this type of occlu-

sion. We crop the image sequences during preprocessing prior to occlusion transformation. The

second step is (ii) dynamic occlusion simulation. Given a set of frames, we divide the images
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into multiple subregions using a super-pixel segmentation algorithm [162]. Subsequently, n sub-

regions are randomly selected as “occluders”. Rather than adding random noise, we create a

natural texture for each occluder by extracting the textures of the original sample batches. Fi-

nally, we simulate occlusions by randomly placing n occluders into the first frame of a sequence.

Unlike previous work, we simulate the motion of the occluders dynamically in multi-frame se-

Figure 3.5: Mixed supervision strategy with dynamic occlusion. To simulate natural object

motion, we use a super-pixel algorithm to extract subobjects of images that serve as naturally

textured artificial “occluders”, and then apply a Markov process to simulate the smoothness of

random motion, the effect of which is shown in the bottom of the figure (where the occluders are

in yellow). Using the known prior occlusion masks, we combine self-supervised and unsupervised

learning to ensure mixed supervision (blue box). Figure is adapted from [169].

quences. Obviously, objects’ motion always keeps smoothness in natural environments, and

the object’s motion at the next time step depends heavily on the motion state of the current

moment. To better simulate random motions while keeping the above rule, we partially follow

the Markov chain principle to simulate the process. Specifically, we assume the moving state

of an object as a random process S(t), which can be decomposed into two orthogonal vectors

S(t) = [U(t), V (t)]. For any time step t, we introduce Markov properties by assuming its moving

state only depends on the motion state of the previous time step t− 1, i.e.:

Pr [S(t) = st | S(t− 1) = st−1,S(t− 2) = st−2, . . .]

= Pr[S(t) = st | S(t− 1) = st−1]
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The motion states [U, V ] at time t are sampled from a two dimensional Gaussian distributions:

[U(t), V (t)] ∼ N (µ,Σ), where we let

µ =

(
µU (t)

µV (t)

)
, Σ =

(
σ2
U

σ2
V

)
,

by simplistically assume an independent relation between U(t) and V (t). σU , σV are set as a

constant value that controls the variation of the moving process, and the mean µU , µV are set as

equal to the motion state at the previous moment, i.e., [µU (t), µV (t)]T = [U(t− 1), V (t− 1)]T ,

by which a random motion process while keeping smoothness is simulated for each artificial

occluder.

The initial moving state S(0) is also defined as a random variable, where moving speed

|S(0)| is sampled from a 1-D Gaussian distributions N (µ, σ), and moving angle is sampled from

U(0, 2π). To fit the distribution of the dataset, µ is set to be equal to the statistical expectations

of the moving speed across the whole training dataset and σ = µ
3 .

In summary, given a sequence of images {It}, the process of dynamically simulating occlu-

sion consists of the following steps: 1). Randomly cropping the image sequence. 2). Randomly

selecting a keyframe Ik from {It}. 3). Segmenting Ik into sub-regions by the super-pixel segmen-

tation algorithm. 4). Randomly extracting N sub-regions {Ψn}Nn=1 and creating new textures.

5). Randomly assigning {Ψn} at any location in the first frame I0 and initialing the moving

state. 6). Starting from the I0, the 0.85damic masking process is simulated based on Markov’s

principle.

In the actual motion implementation, we simulate not only the object’s translation but also

the object’s rotation, scaling, and distortion, which all obey the proposed Markov process to

ensure relatively smooth motion characteristics.

Mixed supervision

At the moment t, each occluder {Ψt
n}Nn=1 is regarded as the closest object to the lens at the

highest level of occlusion. It is then not difficult to generate the occlusion mask Ot:

Ot(p) =

1, p /∈ ΩΨ

0, p ∈ ΩΨ

where ΩΨ = {Ψt
1∪Ψt

2∪· · ·∪Ψt
N}. As shown in Fig. 3.5, we designed a mixed supervision strategy

to drive model learning occlusion laws in simulated dynamic occlusion sceneries, formalized as:

ℓdoe(t) = ℓ1(t) + ℓ2(t), (3.8)

where ℓ1 avoids losses caused by the occluders, using the pseudo-label to supervise regions

without occluders:

ℓ1(t) ∼ Ep

(
C
(
F̃ ∗
t (p), Ft(p)

)
⊙Ot(p)

)
, p /∈ ΩΨ. (3.9)
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Figure 3.6: Qualitative demonstration of temporal dynamic variations, including content,

spatial variations, and dynamic occlusions. We perform dynamic transformations on the original

image sequence (A), such as the monotonic increase in chromaticity and illumination in (B);

dynamic shifts and warps in spatial positions (C); and dynamic movements of the artificial

occluders in a Markov process (D). Using self-supervised distillation, all of these dynamics are

well-handled by the model. Figure is adapted from [169].

�2 is an unsupervised loss based on image warping, which is available for the regions p ∈ ΩΨ:

�2(t) ∼ SSIM
(
Wt(It+1), It

)
� (1−Ot) + �sm, (3.10)

where SSIM(·) operates only on regions with occluders by the mask 1−Ot. Here, �sm is similar to

equation 2.7, but the image gradient-based attenuation term is modified by replacing the image

It with the occlusion mask Ot, thus restricting smoothing regularization within sub-regions of

each occluder. The DOE with mixed loss strategy are evaluated in the ablation studies (see

Table 3.5).
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Spatial & Content Variation Enhancements

The SVE implements a series of spatial transformations, including random sequence cropping,

rotation, horizontal and vertical flipping, and thin-plate-spline or CPAB transformations [46],

which can actually be regarded as spatial data augmentation. We extend the spatial trans-

formations to continuous time series and simulate them across time. Natural image sequences

exhibit spatial jitter and distortion attributable to environmental vibrations and camera shake.

Several such challenging scenes are included in the Sintel Final dataset [18]; we generalized the

spatial variations by applying a series of random affine transformations along the sequence to

simulate variations and performed object rotation, distortion, scaling, and translation. Such

spatial transformations (except cropping) shift the pixel positions of the entire sequences by

T S
I : {It} 7−→ {ĨSt }, which can also be equalized as:

{ĨSt (p)} =
{
It
(
τθt(p)

)}
, (3.11)

where τθt(·) is the transformation of the pixel coordinates of image It using the transform

parameters of θt. To maintain consistency between the transformed scenes and pseudo-label

F ∗
t , the optical flows must undergo different transformations because the application of different

transformation parameters to It and It+1 varies the optical flow fields. Here, we first track

the flow variation between {τθt , τθt+1} via inverse-affine transformation, superimpose this on the

offset of the original flow field F ∗
t , and finally use τθt(·) to ensure spatial consistency with Ĩt.

The entire process T S
F : {F ∗

t } 7−→ {F̃ ∗
t } can be formalized as:{

Fnew(p) = τ−1
θt+1

(p + F ∗
t (p))− τ−1

θt
(p)

F̃ ∗
t (p) = Fnew (τθt(p))

(3.12)

Given the pseudo-label F̃ ∗
t (p), the loss function based on self-supervised learning by the SVE

is:

ℓsve(t) ∼ Ep

(
C
(
F̃ ∗
t (p), FS

t (p)
))

(3.13)

Similar to the SVE, the CVE performs various transformations of image content. First,

we introduce color jitter following basic data augmentation principles [87], followed by ran-

dom brightness, saturation, hue, and gamma transformation. Gaussian blurring and noise are

randomly introduced over the entire image sequence to render the scenes more challenging.

Aside from static augmentation, the contents of natural scenes vary greatly, including changes

in brightness and hue as illumination varies. We simulated such scenarios by monotonically

increasing or decreasing illumination, saturation, hue, and random jitter over time. Besides, we

simulated regional linear motion blur and camera defocus blur across frames, thus forcing the

network to focus on structural object information rather than pixel differences.

Specifically, the content transformation of a sequence of images can be written as T C
I (·) :

{It} 7−→ {ĨCt }. In a relatively simple case, T C
I (·) neither changes the locations of pixels nor

introduces a new occlusion. Therefore, no extra transform is required for the corresponding
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Figure 3.7: Complete training pipeline based on self-supervised learning. Three dynamic train-

ing enhancers expand the original sequence to scenes wherein the content, spatial position, and

dynamic occlusion vary. Four forward inferences and one backward inference are performed

during each iteration: the first forward and backward inferences are used for basic unsupervised

training on original scenes and computation of confidence masks. The final three forward infer-

ences evaluate extended scenes and are back-propagated using a self-supervised loss function.

The entire process relies on long dynamic sequences, allowing the network to understand varia-

tions and occlusions in a dynamic environment. The execution order is marked from 1○ to 6○.

Figure is adapted from [169].

pseudo-label, and the self-supervised loss of the content variation training enhancer can be

expressed as:

�cve(t) ∼ Ep

(
C
(
F ∗
t (p), F

C
t (p)

))
(3.14)

Qualitative illustrations of the three transformations T O
I (·), T S

I (·), and T C
I (·) are shown in Fig.

3.6.

3.3.5 Self-supervised Distillation

During self-supervised learning, a teacher model generates pseudo-labels to supervise the pre-

dictions of a student model. However, the process can be simplified to online learning based on

a single model that acts as both the teacher and student. We adopt the strategy of ARFlow [87]



52 CHAPTER 3. UNSUPERVISED LEARNING

by running an extra forward pass on each transformed scene using the transformed pseudo-label

as the self-supervision signal. We first expand all scenes using the previously defined transfor-

mations {T O
I (·), T S

I (·), T C
I (·)} to obtain the three scenes {ĨOt }, {ĨSt }, {ĨCt }} based on the original

scene sequence {It}. Training involves four forward inferences, the first of which generates the

optical flow pseudo-label {F ∗
t } of the original scene; the subsequent three yields the optical

flow of the dynamic occlusion, spatial variation, and content variation respectively, which then

undergo flow transformation {T O
F (·), T S

F (·), T C
F (·)} to ensure appropriate image transformation.

By combining the loss functions of Eq. 3.6, Eq. 3.8, Eq. 3.13, and Eq. 3.14, the final loss

function for self-supervised distillation can be formalized as:

Lself ∼
1

N − 1

N−1∑
t=1

Lt︸︷︷︸
1st Infer

+Λ ·
[
ℓdoe(t), ℓsve(t), ℓcve(t)︸ ︷︷ ︸

2nd, 3rd, 4th Infer

]
. (3.15)

where Λ = [λ3, λ4, λ5]
T are the combined weight parameters for self-supervised loss. By back-

propagating Lself , we achieve both basic unsupervised optical flow learning and self-supervised

distillation. The overall pipeline of the self-supervised distillation training is illustrated in Fig

3.7. Another alternative approach involves applying all three enhancement techniques simul-

taneously to the video sequence. However, we chose to treat these scenarios separately due to

concerns about potential complexity and loss of control. The combination of all these tech-

niques could lead to a situation that is overly intricate and difficult to manage. For example,

CVE might distort the color appearance of the simulated moving occluder, introducing errors

into the unsupervised loss function. Furthermore, while DOE involves cropping the image to

a smaller size to simulate boundary occlusion, both CVE and SVE retain the original image

dimensions. Handling these techniques separately facilitates augmenting multi-scale samples in

training.

3.4 Experiments I

We performed comprehensive experiments using several well-established datasets including MPI-

Sintel [18], KITTI 2012 [47], KITTI 2015 [114], and FlyingChair [38]. MPI-Sintel and KITTI

were used to validate the performance of our model compared to state-of-the-art methods. The

FlyingChair dataset was used for model pre-training.

3.4.1 Implementation Details

Using Eq. 3.6 and Eq. 3.15, we set the loss function weights {λ1, λ2, λ3, λ4, λ5} to {50,0.005,0.3,0.3,

0.3} for the Sintel dataset and {75, 0.001, 0.2, 0.2, 0.2} for the KITTI dataset, respectively, which

follows previous optical flow estimation studies [87]. We implemented our method using PyTorch

on a workstation with four parallel RTX A6000 GPUs running CUDA 10.1. All models were

trained by the Adam optimizer [80] with β1 = 0.9, β2 = 0.99. We pre-trained the models on
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Table 3.1: Comparison on the Sintel Benchmark. We employed the average EPE error (“the

lower the better”) as the evaluation metric for the Sintel datasets. Missing entries ‘-’ indicate

that the results are not reported in the publication, and (·) indicates test images used during

unsupervised training. ‘*’ highlights the semi-supervised methods.

Method
Sintel Train Sintel Test

Param.
Clean Final Clean Final

su
p

er
v
is

ed

FlowNetS [38] 4.50 5.45 7.42 8.43 32.07M

LiteFlowNet [65] (1.64) (2.23) 4.86 6.09 5.37M

PWCNet [164] (2.02) (2.08) 4.39 5.04 8.75M

IRR-PWC [67] (1.92) (2.51) 3.84 4.58 6.36M

SelFlow-ft [90] (1.68) (1.77) 3.74 4.26 4.79M

STARFlow [51] (2.10) (3.49) 2.72 3.71 4.77M

RAFT [171] (0.77) (1.20) 2.08 3.41 5.26M

u
n

/s
em

i-
su

p
er

v
is

ed

UnFlow [110] - (7.91) 9.38 10.22 116.58M

OAFlow [182] (4.03) (5.95) 7.95 9.15 5.12M

MFOccFlow [71] (3.89) (5.52 ) 7.23 8.81 12.21M

DDFlow [89] (2.92) (3.98) 6.18 7.40 4.27M

SelFlow [90] (2.88) (3.87) 6.56 6.57 4.79 M

ARFlow [87] (2.79) (3.73) 4.78 5.89 2.24 M

SimFlow [69] (2.86) (3.57) 5.92 6.92 9.70M

UFlow [77] (2.50) (3.39) 5.21 6.50 -

UPFlow [99] (2.33) (2.67) 5.24 6.50 3.49M

OIFlow [91] (2.44) (3.35) 4.26 5.71 5.26M

ALFlow* [195] (1.94) (2.55) 3.96 5.35 2.24M

ULDENet (Ours) (2.20) (2.65) 3.50 4.70 2.50M

FlyingChair with a batch size of eight and learning rate of 1e−4, followed by formal training on

the Sintel or KITTI dataset. In the first stage, we used the basic unsupervised loss function

with a sequence length of six, batch size of four, and learning rate of 1e−4 over 100 epochs of

training. In the second stage, we performed 50 epochs of intensive training using self-supervised

distillation, where the sequence length was eight per iteration, the batch size was four, and the

learning rate was 5e−5 for Sintel and 8e−5 for KITTI. Gradient clipping was applied during all

training to accelerate convergence.

In terms of preprocessing, images from the Sintel dataset were cropped to 384 × 832 and
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Table 3.2: Comparison on KITTI Benchmark. KITTI 2015 Test uses the Percentage of Optical

Flow Outliers (FI) as the evaluation metric. Others are employed with the average EPE as the

evaluation metric (the lower, the better). ‘-’ indicates that the results were not reported in the

publication, and (·) indicates test images used during unsupervised training. ‘*’ highlights the

semi-supervised methods.

Method
KITTI 2012 KITTI 2015

Param.
Training Test Training Test

su
p

er
v
is

ed

FlowNet2-ft [68] 1.28 1.8 2.30 11.48% 162.5M

PWCNet [164] 1.45 1.7 2.16 9.60% 8.75M

IRR-PWC [67] - - 1.63 7.65% 6.36M

SelFlow-ft [90] 0.76 1.5 1.18 8.42% 4.79M

STARFlow [51] - - - 7.65% 4.77M

RAFT [171] - - 0.64 5.27% 5.26M

u
n

/s
em

i-
su

p
er

v
is

ed

UnFlow [110] 3.29 - 8.10 23.3% 116.58M

OAFlow [71] 3.55 4.2 8.88 31.2% 5.12M

DDFlow [89] 2.35 3.0 5.72 14.29% 4.27M

SelFlow [90] 1.69 2.2 4.84 14.19% 4.79M

EpiFlow [198] (2.51) 3.4 (5.55) 16.95% 8.75M

NLFlow [173] 3.02 4.5 6.05 22.75% -

ARFlow [87] 1.44 1.8 2.85 11.8% 2.24M

UFlow [77] 1.68 1.9 2.71 11.13% -

UPFlow [99] 1.27 1.4 2.45 9.38% 3.49M

OIFlow [91] 1.33 1.6 2.57 9.81% 5.26M

ALFlow* [195] (1.22) 1.5 (2.29) 9.65% 2.24M

Ours (1.15) 1.3 (2.23) 9.13% 2.50M

inferred to be at the original sizes during validation; the images in the KITTI dataset were

resized to 256×832 for both training and validation. We used random image horizontal flipping

and sequence reversion to augment the datasets. During training, we mixed Clean, Final, and

Albedo scenes from the Sintel training set. We employed the multi-view extension version of the

KITTI dataset for sequence training and the flow ground truths were used only for validation.

The standard average endpoint error (EPE) and percentage of erroneous pixels (F1) served as

evaluation metrics of optical flow. During the validation of the Sintel dataset, we dynamically

input all frames of each scene into the model and validated the results for each frame. During
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Figure 3.8: (A) Visualization of results on Sintel and KITTI test benchmark. We qualitatively

compared the results to those of ARFlow-MV [87] and UFlow [77], where the red box indicates

the region wherein our method dominates. Quantitative comparisons are shown in Tables 3.1 and

3.2. All results were provided by the official test server; (B) Visualized analysis on Sintel val set.

Baseline: ULDENet with basic unsupervised learning. DTE: dynamic training enhancer. MF:

multi-frame inference. The figure demonstrates that DTE significantly improves performance in

dynamic and occluded regions. Figure is adapted from [169].

the validation of the KITTI dataset, we input frames 1st–11th and validated the results of frame

10th only.

3.4.2 Comparison of the Sintel & KITTI benchmarks

We compared our method with both supervised and unsupervised approaches using the Sintel

Clean and Final datasets. The test results were validated by the official Sintel website. In Table
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3.1, our method achieves the highest accuracy on test datasets while maintaining relatively low

parameter overheads. Specifically, on the Sintel test set, our results for Clean scenes surpassed

those of the previous OIFlow [91], registering an 18% decrease in the EPE metric with only a

48% memory overhead. When juxtaposed with the latest semi-supervised method, ALFlow [195],

our model exhibited improved generalization performance with a comparable number of model

parameters and inference speed (ours: 2.50M, 17ms/frame; ALFlow: 2.24M, 16ms/frame).

Furthermore, our method was evaluated using both the KITTI 2012 and KITTI 2015 bench-

marks. The quantitative results are presented in Table 3.2. When pitted against other unsuper-

vised learning methods, ULDENet displayed superior EPE performance. On the KITTI 2015

dataset, our approach surpassed UPFLow [99], achieving a 9% error reduction in EPE (from 2.45

to 2.23) while using only 71% of the UPFlow parameters. For the KITTI 2015, we reduced the

F1-all value from UFlow’s [77] 11.1% to 9.1%, an 18.0% error reduction. On the KITTI 2012,

ULDENet, when applied to the training set, reduced UPFlow’s 1.27 EPE to 1.15, amounting to

a 9% error reduction.

Qualitative comparisons for the Sintel and KITTI test benchmarks, corresponding to the

table values, are displayed in Fig. 3.8 (A). Our model’s gains are marked in the yellow dashed

box, which typically highlights regions prone to occlusions and dynamic variations. Fig. 3.8

(B) delves deeper into this phenomenon by individually visualizing the results of different model

configurations. The baseline exhibits inadequate results in dynamic and occlusion zones, typ-

ical challenges for optical flow estimation. Our proposed Dynamic Training Enhancer (DTE)

significantly alleviates such errors. This is because DTE simulates multiple dynamic variation

scenarios and occlusion phenomena in self-supervised training, offering the model the correct

responses to navigate these challenging scenes. Furthermore, multi-frame inference refines flow

predictions by incorporating additional temporal context. The final performance of our pro-

posed model, as shown in Tables 1 and 2, results from the synergy of the various components

we introduced. In the subsequent ablation study section, we offer a more detailed analysis and

discussion.

3.4.3 Ablation Study

An extensive ablation study was conducted. The Sintel training set was subdivided into separate

training and validation sets using [87]. AEPE errors for all pixels (all), non-occluded pixels

(NOC) and occluded pixels (OCC) are reported.

Main ablation

All components that we used, including the multi-frame recurrent inference structure (MFI),

TSR, and the dynamic training enhancer (DTE), were comprehensively verified using the Sintel

dataset. As indicated in Table 3.3, ‘Base’ represents the baseline, i.e., the original lightweight

PWCNet operating in the double-frame inference mode. The MF achieves multi-frame training
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Table 3.3: Main ablation study on different combinations of the proposed components. Base:

baseline of the original lightweight PWCNet with double-frame inference. MF: multi-frame

training and inference structure. TSR: temporal smoothness regularization. DTE: dynamic

training enhancer.

Base MF TSR DTE
Sintel Clean Sintel Final

Param.
ALL NOC OCC ALL NOC OCC

✓ 2.23 0.97 19.71 3.23 1.80 23.69 2.10M

✓ ✓ 2.17 0.91 19.36 3.12 1.74 22.86 2.50M

✓ ✓ ✓ 2.10 0.88 18.74 3.06 1.70 22.51 2.50M

✓ ✓ ✓ 1.75 0.81 15.21 2.81 1.63 19.83 2.50M

✓ ✓ ✓ ✓ 1.67 0.77 14.54 2.76 1.61 19.37 2.50M

and inference via the spatial-temporal dual recurrent block, which greatly improves performance

but increases the number of parameters by 0.4 M. After adding TSR, the model becomes more

robust in occluded regions. TSR more reliably deals with occluded regions by exploring prior

motion in adjacent frames, and the EPE of OCC regions in the clean dataset falls from 19.36 to

18.74. DTE significantly improves network performance without the need for additional memory

or computational overhead. Quantitatively, the network performance improves from an EPE of

2.17 to 1.75, with a 21% decrease in the EPE of OCC regions. After integrating all strategies,

we eventually improved performance from an EPE of 2.23 to 1.67 for the Clean dataset, and

from 3.23 to 2.76 for the Final dataset, thus reducing the EPE by an average of 20%.

Network Structure

Table 3.4 concisely compares models with different structures. To make a fair comparison, we

used the same loss strategy of ARFlow for all models. Our network substantially outperformed

PWCNet [164] and required fewer network parameters. Compared to the multi-frame approach

ARFlow-MV [87], which extracts five adjacent frames before and after the current time, we only

input frames before the current time, thus allowing ULDENet to be fitted to a real-time task.

Also, our method handles sequences of arbitrary lengths, unlike most static multi-frame methods

such as ARFlow-MV, SelFlow [90]and MFOccFlow [71]. Quantitatively, we significantly reduced

the EPE at the cost of a slight increase in memory overhead.

Although our model is trained in a dynamic environment with multiple frames, it still shows

good generalization in terms of two-frame inference after convergence. Specifically, we split each

scene of the Sintel dataset into different frames to verify the accuracy w.r.t. the inference frames;

the results are shown in Fig. 3.9. The EPE of the model gradually decreases as the number

of inference frames increases, indicating that multi-frame inference increases the gain on the

Final dataset with more complicated scenes, in turn suggesting that ULDENet is optimal when



58 CHAPTER 3. UNSUPERVISED LEARNING

Figure 3.9: Network EPE performance with increasing numbers of inference frames. After

multi-frame dynamic training, the model converges using sequences of arbitrary lengths. The

sequence in the table indicates that the network uses all frames of the scene during inference.

The model performance gradually improves as the number of inference frames increases.

working in complex and dynamic real-time environments.

We experimentally evaluated model runtime performance via inference over 100 consecutive

frames (512 × 512). The real-time processing speed was only 17 ms per frame, which is more

than two times faster than the well-known RAFT model (39 ms). During inference, our model

recurrently iterates over new frames; as the number of frames increases, the processing time

would be expected to increase linearly. However, recursive inference also produces more frames

of optical flow as time passes, maintaining a constant average processing time per frame. This

makes our model appropriate for processing continuous video streams, such as the Sintel dataset,

without additional time. Our model is well-suited for dynamic real-time scenarios with over 50

FPS high inference speed.

Dynamic training enhancer

During self-supervised learning, the DTE improves the generalization of the three specific scenes

and thus greatly enhances model performance. We separately validated the performances of the

DOE, SVE, and CVE and combinations thereof.

Table 3.6 summarizes the DTE ablation studies using the Sintel Clean, Sintel Final, KITTI
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Table 3.4: Ablation study on model architectures. The AEPEs in specific regions of the scene

and the numbers of CNN parameters are shown.

Net Structure
Sintel Clean Sintel Final

Param.
ALL NOC OCC ALL NOC OCC

PWCNet [164] 2.48 1.19 21.71 3.47 1.98 25.19 8.75M

PWCNet-small [164] 2.76 1.28 23.92 3.62 2.16 28.15 4.05M

ARFlow [87] 2.30 1.08 20.00 3.19 1.84 22.77 2.24M

ARFlow-MV [87] 2.24 1.04 19.60 3.18 1.86 22.36 2.37M

Ours-seq 2.17 0.91 19.36 3.12 1.74 22.83 2.50M

Table 3.5: Ablation study using different combinations of the three training enhancers. Base:

ULDENet featuring basic multi-frame unsupervised training. DOE: dynamic occlusion training

enhancer; SVE: spatial variation training enhancer; CVE: content variation training enhancer.

Base DOE SVE CVE
Sintel Clean Sintel Final KITTI-15 KITTI-12

ALL NOC OCC ALL NOC OCC ALL NOC OCC ALL NOC OCC

✓ 2.17 0.91 19.36 3.12 1.74 22.86 2.65 1.92 5.86 1.42 0.92 4.32

✓ ✓ 1.86 0.85 16.25 2.90 1.69 20.42 2.43 1.76 5.38 1.28 0.85 3.81

✓ ✓ 1.96 0.75 17.87 2.98 1.63 22.17 2.55 1.82 5.77 1.35 0.86 4.18

✓ ✓ ✓ 1.79 0.78 15.82 2.88 1.68 20.22 2.37 1.72 5.24 1.24 0.83 3.67

✓ ✓ 1.92 0.79 17.23 2.94 1.66 21.36 2.50 1.86 5.60 1.31 0.86 3.96

✓ ✓ ✓ ✓ 1.75 0.81 15.21 2.81 1.63 19.83 2.28 1.62 5.17 1.19 0.78 3.59

2012, and KITTI 2015 datasets, where the ‘Baseline’ is ULDENet with the basic unsupervised

loss combination and TSR. Quantitatively, DOE alone reduces the EPE from 2.17 to 1.86,

providing the best improvement of 14.3%, and the SVE and CVE yield 10% and 11.5% perfor-

mance gains, respectively. Combining the three reduces the EPE from 2.17 to 1.75 (20% error

reduction).

Upon separately evaluating the OCC and NOC regions, it’s evident that DOE most effectively

refines predictions in the OCC zones, trimming the EPE from 19.36 to 16.25 for the Sintel Clean

dataset. The CVE also slightly improved OCC regional accuracy; this can be attributed to the

dynamic noise and regional blurring are similar to the information loss caused by occlusion. In

the regular NOC regions, both the CVE and SVE reduced network prediction errors.

The dynamic variation and static image transformations are shown in Table 3.6, where CT

and ST perform identical content & spatial image transformations across all frame sequences,

including image flipping and Gaussian blurring similar to those of the data augmentation method
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Table 3.6: Ablation study comparing dynamic scene variation to static data augmentation.

Baseline: ULDENet structure with basic multi-frame unsupervised training; Stc Occ: static

random noise masking; Dyc Occ-sparse / mix: dynamic occlusion simulation with mixed loss

supervision. Stc CT / ST: static content transformation / spatial transformation. Dyc CV /

SV: dynamic content variation / spatial variation.

Enhancer Strategy
Sintel Clean Sintel Final

ALL NOC OCC ALL NOC OCC

Baseline 2.17 0.91 19.36 3.12 1.74 22.83

+Stc Occ 2.06 0.90 18.21 3.03 1.78 21.15

+Dyc Occ 1.86 0.85 16.25 2.90 1.69 20.42

+ Stc CT 2.04 0.81 18.44 3.03 1.71 22.01

+ Dyc CV 1.92 0.79 17.23 2.94 1.66 21.36

+ Stc ST 2.07 0.77 19.00 3.08 1.73 22.44

+ Dyc SV 1.96 0.75 17.87 2.98 1.63 22.17

[87]. Stc Occ refers to image cropping and random noise occlusion of image subregions with

the original unsupervised losses [90]. All hyperparameters were consistent with the dynamic

scenario. It is clear that dynamic variation and occlusion achieved higher performance than

static image augmentation; our dynamic occlusion simulation with mixed occlusion loss (Dyc

Occ) outperforms Stc Occ by 10% gains.

3.5 Decoupled Spatiotemporal Fusion Network

The previous section 3.3 introduced a temporal dynamic scene argumentation method (Proposal

I), demonstrating the effectiveness of considering temporal relations across frames. Building on

Proposal I, this section modifies the inference structure of the spatiotemporal adaptive fusion

network (STAFNet), which operates iteratively over a continuous sequence of frames to estimate

the current optical flow.

Specifically, STAFNet’s function can be decoupled into two parts: the global correspondence

matching (GCM) block and the spatiotemporal adaptive fusion (STAF) block. The GCM block

is a time-independent model that focuses on the apparent correspondence between two images.

In contrast, the STAF block is a temporal dynamic model that identifies and refines the LMC

(Low Match Confidence) regions using spatial and temporal context information. By integrating

the self-supervised learning method from Proposal I, the STAF block is expected to be driven

to leverage spatiotemporal context to refine the LMC areas.
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Figure 3.10: Correspondence entropy distribution: Each location’s correspondence can be con-

sidered as a two-dimensional probability distribution for which information entropy characterizes

the degree of confidence in the matching. Figure is adapted from [168]

3.5.1 Global Correspondence Matching

The GCM block is designed to find apparent pixel correspondences between two images with

the assumption that all pixels in a pair of images should have a unique correspondence.

Figure 3.11 shows two consecutive video frames {It−1, It}. We first extract downsampled

dense features {Xt−1, Xt} ∈ RH×W×C with a weight-sharing convolutional network, whereH,W ,

and C denote height, width, and feature dimension, respectively.

Considering that the correspondences in the two frames should share high feature similarity,

we first compare the feature similarity for each pixel in Xt−1 with respect to all pixels in Xt by

computing their inner product distance [61]. This can be implemented efficiently with simple

matrix multiplication:

M =
Xt−1X

T
t√

C
∈ RHW×HW , (3.16)

where each scalar in the correlation volume M(x1, y1, x2, y2) represents the correlation value

between a pair of coordinates (x1, y1) and (x2, y2), and
√
C is a normalization factor to avoid

large values after the dot-product operation. For any location p1 = (x1, y1) inXt−1, it is assumed

that its corresponding location with the greatest similarity in Xt is p2 = (x2, y2). In this case p1,

p2 should be considered as a correspondence between two images, thus the motion flow from p1

to p2 can be derived by subtracting the coordinates, i.e., Ft−1→t(p1) = (x2−x1, y2− y1). Based
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Figure 3.11: Global correspondence matching block (GCM): the GCM block uses only a pair of

pictures to extract the global correspondence and the global correspondence volume is obtained

by the inner product distance of the features. The coarse forward-backward optical flow, forward-

backward consistency confidence, and entropy distribution can be inferred subsequently. The

adaptive gate plays a vital role in controlling the fusion of spatiotemporal contextual information,

the details of which are described in Fig. 3.12. Figure is adapted from [168]

on this principle, the dense motion flow from It−1 to It can be calculated using the following

equation:

Ft−1→t ∈ RH×W×2 = softmax (M) ·G−G (3.17)

where G ∈ RHW×2 are the normalized 2D Euclidean coordinates of whole images. Softmax

is a flexible way to assign the maximum correspondence of each spatial coordinate differentiably.

We adopt the structure of the supervised learning method, GMFlow [187], which uses the

Swin-transformer [92] to search global corresponding matching between two images. Specif-

ically, six layers of stacked transformer blocks are used to extract deeper features based on

attention mechanisms. We define the transformer operation between {Xt−1, Xt} as Φt−1
t (·) :

RH×W×C �−→ RH×W×C . The embedded features {Φt−1
t (Xt−1),Φ

t−1
t (Xt)} are used for global

correlation matching to derive the dense motion flow, as represented in Eqs. 3.16, and 3.17.
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The main difference in the transformer part with GMFlow is that calculations are per-

formed on the 1/8 scale, which drastically reduces the computational complexity, and reduces

the inference time by 30% of the original time. Furthermore, reducing the window size of the

self-attention block to 1/2 of the original setting does not result in any significant performance

drop, but the computational complexity is reduced by half.

Matching Confidence Metric

The above approach works well for objects with clear correspondence between pairs of images,

but it cannot effectively address pixels without an apparent matching relationship. For example,

if an object in It−1 is occluded or blurred in It, the matching relationship would be ambiguous.

We propose two strategies to evaluate the confidence in global matching that provide essential

guidance for the subsequent adaptive fusion block.

As shown in Figure 3.10, we first analyze this phenomenon by visualizing the entropy dis-

tribution of the correspondence volume. According to Eq. 3.16, we denote the normalized

correspondence volume as P , i.e., P = Softmax(M) ∈ RHW×HW . We assume that each location

(i, j) in the first frame has a potential corresponding location in the second frame, which can

be represented by a two-dimensional probability distribution P (i, j) ∈ RH×W . When match-

ing correspondence at (i, j) becomes ambiguous due to information loss, the two-dimensional

probability distribution correspondingly becomes divergent, resulting in a high entropy value

indicating that it is difficult to solve a clear correspondence. According Shannon’s concept of

entropy [150], the correspondence entropy of any location (i, j) can be obtained, as follows:

E(i, j) = −
H∑
i=0

W∑
j=0

P (i, j) logP (i, j) (3.18)

Another confidence metric is based on the forward-backward optical flow consistency check.

First, one can obtain the backward motion flow by performing the inverse operation of Eq. 3.17.,

i.e.,

Ft→t−1 ∈ RH×W×2 = Softmax (MT ) ·G−G. (3.19)

For a moment t, the forward flow Ft−1 and backward flow F−1
t should satisfy: Ft−1 =

−F−1
t (p + Ft−1(p)). This equation does not hold in regions where the correspondence between

the forward and backward directions does not match, thus defined as a low-confidence region

(i.e., unmatched region). Based on this definition, the confidence C ∈ RH×W×1 can be described

by:

C = Tanh

(∣∣∣Ft−1 + F−1
t (p + Ft−1

(
p)
)∣∣∣2(

|Ft−1|2 + |F−1
t |2

)
× δ

× α

)
. (3.20)
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The denominator is the weight decay based on the optical flow displacement; δ = 0.01 is a

fixed scale factor, Tanh(·) is a nonlinear mapping function that compresses the confidence level

between (0, 1); α > 0 is a trainable scale factor controlling the shape of the mapping function.

Both entropy distribution and forward-backward consistency are used to represent the match-

ing confidence, as H = {E,C}, which are further transformed into an adaptive gate via nonlinear

projection. The adaptive gate plays a vital role in controlling the fusion of spatiotemporal con-

textual information, thereby providing additional temporal and spatial context to regions with

low confidence. The visualization is shown in Figure 3.11.

3.5.2 Spatial-Temporal Adaptive Fusion

For regions with no obvious matching relationship, an effective approach is to optimize the

motion flow using more historical motion-context and spatial-context information. It is worth

noting that for the HMC region, only two frames are sufficient to find an accurate corresponding

match, and fusing additional information would instead make the model struggle to converge

due to information redundancy. Therefore the designed spatiotemporal adaptive fusion module

uses the redundant spatiotemporal contextual information in the LMC region.

Temporal Recurrent Fusion

The inference pipeline of STAFNet over continuous causal sequences is shown in Figure 3.12,

where the GCM block in the left part of subfigure (A) is used to generate explicit correspondences

and coarse forward-backward optical flows. The confidence measure of the correspondence is

inferred simultaneously, as expressed by the entropy distribution and the consistency of forward-

backward flows. The motion flow, image features, and correspondence confidence are first non-

linearly embedded (1×1 convolution with Tanh activation) as a 128-dimensional spatial motion

context S ∈ RH×W×128, which is subsequently fused with the motion Gated Recurrent Unit

(GRU) to obtain temporal contextual feature T ∈ RH×W×128.

The GRU is used to integrate the motion context at each time step and to provide a long-

term historical motion context for the current temporal state, which is helpful for the network to

predict the motion of the LMC region. Basically, motion GRU follows the principle of the original

concept of GRU [23] but replaces the operation with fully convolutional approaches; it takes the

previous temporal context Tt−2 and current motion feature St−1 as input and generates a fused

feature Tnew that serves as the temporal motion context, the process of which is formalized as:

T̂ =WF−1
t−1

(Tt−2)

z = σ
(

Conv3×3

(
ConCat

[
T̂ ,St−1

]))
r = σ

(
Conv3×3

(
ConCat

[
T̂ ,St−1

]))
q = Tanh (Conv3×3(ConCat[r ⊙ Tt−2,St−1]))

Tnew = (1− z)⊙ St−1 + z ⊙ q.

(3.21)
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Figure 3.12: Whole inference pipeline of the spatiotemporal adaptive fusion network

(STAFNet): the GCM Block, illustrated in Figure 3.11 and shown in the darker blue part

of subfigure (A), is a temporal static model that relies only on the current two images to reason

through the apparent forward-backward flows, which are subsequently fed into the STAF block

for further refinement, as illustrated in subfigure (B). The STAF block re-predicts the motion

field of the low-matching-confidence (LMC) regions by tracking the more spatiotemporal motion

context. Figure is adapted from [168]

where σ(·) denotes a sigmoid function; ConCat(·) denotes the concatenation of feature maps; and

� presents element-wise production. At each GRU fusion stage, the temporal motion context

of the previous moment is spatially aligned with the current moment by warping the operation

of backward optical flow WF−1
t−1

(·), and the whole process is differentiable.

After the GRU, the current spatial motion context and the historical temporal motion context

are generated, both of which are fed into the adaptive fusion block to optimize the LMC regions.

Adaptive Fusion Block

Due to information loss, there is no direct correspondence in LMC regions. Predictions of LMC

regions can be rescued by considering additional temporal and spatial contextual relationships

of the motion field. Spatial smoothness is widely present in natural objects, and is accompanied

by similar optical flows in adjacent locations. It is no coincidence that the identical object also

obeys the smoothness principle in adjacent time steps due to the restrictions of physical laws,

resulting in similar motion fields.
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The STAF block is illustrated in Figure 3.12 (B). After applying an additional layer of

the cross-attention transformer, the spatial and temporal contexts are fed into the temporal

flow updater. As illustrated in sub-figure (C), the temporal flow updater contains two output

pathways that act on different functionalities; specifically to update the temporal flow F∗ via

recurrent residual compensation and to transform confidence H to the adaptive fusion gate

G ∈ RH×W .

The temporal flow is computed using the historical motion context and the current motion

context, which is recurrently updated over time. We formulate the first path of the flow updater

as a nonlinear mapping to generate residual flow uθ : RH×W×C 7−→ RH×W×2. The updating

law of the temporal flow is represented by the following:

F∗
t =WF−1

t
(F∗

t−1) + uθ

(
WF−1

t
(F∗

t−1),Ft, T ,S
)
. (3.22)

The warping operation WF−1
t

(·) is to track the object’s location at the previous time step by

backward flow and warp the grids to the current location. Considering that there is also a tiny

variation in the instantaneous motion of the identical object within the adjacent frames, the

second term is attempts to this variation and rectify it using residual compensation.

For each LMC location p
′

= (i, j), we define a proximity domain around p

N (p
′
)r = {p′

+ ∆x|∆x ∈ Z2, 0 < |∆x| ≤ r} (3.23)

as the set of integer offsets that are within a radius of r units of p
′

using the L1 distance.

Considering the strong motion similarity in proximal locations, all of the flow vectors in spatial

flow {Ft−1(p)|p ∈ N (p
′
)r} and temporal flow {F∗

t−1(p)|p ∈ N (p
′
)r} are weighted and integrated

to predict a new flow vector. We use an attention mechanism to generate fusion weights, i.e., the

weight of spatial fusion depends on the inner product distance of features between the spatial

motion context S(p
′
) ∈ R128 and each adjacent location N (p

′
)r in S, whereas temporal fusion

weights depend on the inner product distance between S(p
′
) and each location N (p

′
)r in the

temporal context T . The specific operation is expressed as

Wss = {S(p
′
) · ST (p)√
C

| p ∈ N (p
′
)r}

Wst = {S(p
′
) · T T (p)√
C

| p ∈ N (p
′
)r}

Wss,Wst = Softmax (ConCat[Wss,Wst]) ,

(3.24)

where the Softmax(·) is used for energy normalization.

Eventually, the refined optical flow is generated by the following equation, where G serves as a

gating adaptive control of fusion level for different locations, thus assigning more spatiotemporal

context information to the LCM regions.

Fs
t−1(p

′
) =

∑
p∈N (p′ )r

G(p) ·Wss(p) · Ft−1(p)+

G(p) ·Wst(p) · F∗
t−1(p) + (1− G)Ft−1(p)

(3.25)
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3.5.3 Decoupled Training

Training strategy is an important aspect of unsupervised learning tasks. We innovatively de-

coupled the optimization objective to fine-tune the GCM and STAF blocks, respectively. The

GCM block is focused on extracting the apparent correspondence between two images, whereas

the STAF module learns to explore more spatiotemporal contextual relationships to optimize

the LMC regions.

Basic Unsupervised Training

The basic unsupervised learning strategy is employed for the global correspondence block. We

follow similar strategies in section 3.3.3 that sequentially feed N consecutive frames into the

network and compute the loss of generated N − 1 optical flows for backward propagation.

Specifically, at the end of a sequence, we update the weights of the GCM block so as to

decrease:

LGCM =
1

N − 1

N−1∑
t=1

Lt (3.26)

where Lt is the combination loss for image pair (It, It+1).

Optimizing LMC regions via self-supervised training

There is a variety of variants in natural video sequences that result in ambiguous correspondence

between adjacent frames, including mutual occlusion within objects, objects shifting outside

image boundaries, motion blur caused by rapid movement, out-of-focus blur caused by camera

perspective shifts, the illusion of light and shadow caused by variation in local/global illumination

conditions, etc.

To enable the STAF block to cope better with these situations, we coupled our proposal I,

which simulates various challenging scenes and utilizes the self-supervised learning approach for

self-distillation.

Simulation of LMC regions

We incorporated the dynamic scene augmentation method in section 3.3.4 and simulated various

possible scenarios of LMC regions in continuous sequences. In particular, as the STAF model

is a dynamic temporal block that extracts historical motion information over a long period,

we follow the laws of physics in our simulations, i.e., continuity and smoothness of motion and

variation in natural environments. Such laws are crucial for the model to exploit spatiotemporal

contextual information. For example, for a current object A, it may be difficult to obtain an

accurate correspondence due to dynamic out-of-focus blurring and occlusion. However, the

object is clearly visible in the previous time frame (which is very common in a video sequence).

Thus the temporal motion smoothness is valuable for predicting the current trajectory of A.
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Occlusion is one of the most common phenomena that leads to Loss of Motion Consistency

(LMC). We modified the previous mixed supervision method described in Section 3.3.4 into

a more direct self-supervised approach. This involves generating pseudo labels for artificial

occluders using inverse affine transformation. Specifically, the affine transformations on an

image denote the shift of the spatial coordinates of pixels, which act on the whole sequence, as

represented by:

{Ĩt(p)}Nt=1 =
{
It
(
τθt(p)

)}N

t=1
, (3.27)

where τθt(·) is the transformation of pixel coordinates at image It (the occluder in this case) with

transform parameters of θt. As different transformation parameters are applied on It and It+1

will lead to variation in the optical flow field, causing the illusion of apparent motion. In this

case, one should track the flow variation between {τθt , τθt+1} via inverse-affine transformation,

so as to generate forward optical flow of occluders Vδ, i.e.,

{Vδ
t (p)}N−1

t=1 = {τ−1
θt+1

(p)− τ−1
θt

(p)}N−1
t=1 .

Eventually, the flow of the occluders will directly replace the original object flow at its spatial

location. Defining the spatial grid covered by the occluder A as ΦA, the generation process of

pseudo label V̂ is given by:

{V̂t(p)}N−1
t=1 =

{
{Vt(p)}N−1

t=1 , p /∈ ΦA

{Vδ
t (p)}N−1

t=1 , p ∈ ΦA

In the experiment, multiple occluders were created with independent motion trajectories.

During occluder movement, the original object is smoothly obscured across multiple frames,

naturally creating LMC regions that can be supervised using pseudo-labels, as shown in Figure

3.13.

Figure 3.13: Simulation of dynamic occlusion and with the pseudo label. Figure is adapted

from [169].
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3.5.4 Efficient Training Step

The basic unsupervised training in subsection and the self-supervised training in subsection

3.5.3 are combined to optimize the parameters of GCM and STAF blocks. During the inference,

the current two frames are first fed into the GCM, and the apparent correspondence volume is

obtained via Eq. 3.16. Through further inference, one can obtain the forward flow, backward

flow, forward-backward consistency confidence, and entropy distribution simultaneously, where

the forward flow is supervised by Eq. 3.26.

The coarse optical flow generated by the GCM block is optimized in the STAF block using

spatial-temporal contexts and by developing the final optimized result, as well as the interme-

diate product, recurrent temporal flow, both of which are optimized using self-supervised loss

functions from Eq. 3.7. The whole network parameters are supervised by

Lall =
1

N − 1

N−1∑
t=1

λ1ℓph + λ2ℓsm + λ3ℓself . (3.28)

Due to limitations of GPU memory, images are always cropped to be smaller in training

(e.g., images in the Sintel dataset are typically cropped from 436× 1024 to less than 384× 832).

Likewise, the number of frames input per inference is restricted because the memory burden

increases linearly with the number of frames.

In practice, we optimize the training process to reduce the GPU storage burden by disabling

the computational graph cache, which is easily implemented in the PyTorch framework with the

torch.no_grad(). In the experiments, the accuracy of the inference results was proportional

to the number of input frames. Similarly, a larger image view effectively reduced the boundary

occlusion effect. Therefore, we designed an Efficient self-supervised Training algorithm (ET)

based on the temporal dynamic model to take advantage of larger-view images and longer

temporal sequences.

Specifically, we first perform forward and backward inference using images at their original

size in relatively long sequences and obtain the forward and backward flows separately. High-

confidence results are extracted by discarding the initial results of the front and tail frames, which

serve as pseudo-labels for subsequent self-supervision. The non-cropped results are also used to

generate a full-view occlusion mask O, accompanied by boundary dilated warp [91], to perform

global warping. The above process does not consume additional GPU storage, because the

gradient tracking is disabled. In addition, we carry out backpropagation and empty the cache

immediately after the completion of each subtask. We do not sum the loss functions before

updating the weights uniformly. This strategy is similar to that of multitasking optimization,

which significantly reduces the memory load while preserving performance [194]. The specific

algorithm is listed in Algorithm 1 for a more detailed description.

In the experiments, in addition to reducing the GPU storage burden over by 70% compared to

the conventional self-supervised approach [87], the proposed training algorithm also significantly

improved the model’s performance, as shown in Table 3.7.
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Algorithm 1 Efficient self-supervised Training algorithm (ET)

Input: Dataset containing consecutive frames {It}∞t=1, s.t. It ∈ RH×W×3, model parameters

Θ = {Θgcm,Θstaf}
1: Initialization: Θgcm, Θstaf , N , M , K, n = 0

2: repeat

3: n← n + 1

4: loading N consecutive frames I = {It}Nt=1

5: Stop GPU caching of computation graph (Inference mode)

6: Computing forward flow: {Vt}N−1
t=1 = fΘ(I)

7: Computing backward flow: {V −1
t }2t=N = fΘ(I−1)

8: Inferring full-view occlusion mask {Ot}N−1
t=1 by consistency check

9: Cropping the sequence to a smaller size; removing the first and last K images in the

sequence:

{Ît}N−2K
t=1 ← {It}Nt=1; {V̂t}N−2K−1

t=1 ← {Vt}N−1
t=1 ; {Ôt}N−2K−1

t=1 ← {Ot}N−1
t=1

I,V,O = {Ît}N−2K
t=1 , {V̂t}N−2K

t=1 , {V̂t}N−2K
t=1

10: Enable GPU caching of computation graph (Training mode)

11: Feeding the I into model, the loss is calculated based on E.q. 3.26, and O is used to avoid

low-confidence regions

12: Backpropagation and updating Θgcm; Free GPU cache

13: repeat

14: Utilizing I, V to create new a scene with LMC regions Î and corresponding pseudo

labels V̂ based on Section 3.5.3

15: Feeding the I into the model; the loss is calculated based on Eq. 3.7, and V̂ is used for

self-supervision

16: Backpropagation and updating Θ; free GPU cache

17: until Finishing all LMC scenarios

18: until n > M

Output: Optimized model parameters Θ∗
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Table 3.7: Main ablation study on different combinations of the proposed components. GCM:

Global Correspondence Matching block baseline; STAF: Spatial-Temporal Adaptive Fusion

block; UT: Unsupervised Training; DT: Decoupled Training; ET: Efficient Training algorithm

based on Decoupled Training

GCM STAF UT DT ET
Sintel Clean Sintel Final KITTI

Param. R. T.
ALL NOC OCC ALL NOC OCC ALL NOC OCC

✓ ✓ 2.31 0.88 21.07 3.34 1.72 26.61 2.16 1.17 7.72 4.64 M 22 ms

✓ ✓ ✓ 2.04 0.81 18.44 2.97 1.68 21.48 1.87 1.06 6.43 7.04 M 28 ms

✓ ✓ ✓ 1.48 0.73 12.63 2.22 1.30 15.52 1.40 0.94 4.02 7.04 M 28 ms

✓ ✓ ✓ ✓ 1.32 0.69 11.06 2.01 1.24 13.30 1.33 0.92 3.67 7.04 M 28 ms

3.6 Experiment II

3.6.1 Implementation Details

The hyperparameter settings for the loss configuration, optimizer, and GPU machine environ-

ment in Experiment II were similar to those used in Experiment I (Section 3.4). We first

pre-trained the model on FlyingChair with batch sizes of 8 and a learning rate of 2e−4, followed

by two stages of formal training on the Sintel or KITTI dataset. In the first stage, we used the

basic unsupervised loss function with a sequence length of 6, a batch size of 4, and a learning

rate of 1e−4 for 100 epochs of training. The self-supervision weight was increased linearly from

0 to our setting. In the second stage, we performed 50 epochs of intensive training using self-

supervised distillation, in which the sequence length was set to 12 per iteration (N = 12, K=2

in Algorithm 1).

For image preprocessing, the images from the Sintel and DAVIS datasets were first resized

to 448× 1024 then cropped to 384× 832 and inferred at the original size in the validation; the

images in the KITTI dataset were resized to 384 × 1216, and then cropped to 256 × 832 for

training and 384× 1216 for validation. We also adopted random image horizontal flipping and

sequence reversion for dataset augmentation.

In training, we mixed Clean, Final, and Albedo scenes from the Sintel training set and paired

them for training. As for training on the KITTI dataset, we employed its multi-view extension

version for sequence training. Notably, we only touched the images of the training set in all

training procedures, and the flow ground truth was only used for validation.

3.6.2 Ablation Study

An extensive ablation study was conducted to demonstrate the effectiveness of each technical

component. The Sintel training set was subdivided into separate training, and validation sets,

following the settings in [87].
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Figure 3.14: Quantitative demonstration on DAVIS dataset. Figure is adapted from [168].

Global Evaluation

We validated the proposed blocks globally, including GCM, STAF, decoupled training, and ET

algorithms. The quantitative data are described in Table 3.7, where the occlusion and non-

occlusion regions of the Sintel and KITTI datasets are reported. From the data, the proposed

components all improved the network performance independently. The STAF block did not

increase the inference time excessively, although it introduced an additional 2.4 M parametric

count. The combination of the decoupled training and the STAF block cumulatively reduced

the EPE from 2.31 to 1.48 (a 36% performance improvement) for the Sintel Clean dataset, and

from 2.16 to 1.40 (a 35% performance improvement) for the KITTI dataset. Combined with the

well-designed ET algorithm, the final performance improvement was close to 43% for the Clean

dataset and 38% for the KITTI datasets.

Evaluation on Confidence Metric

We employed entropy distribution E and forward-backward consistency confidence C to charac-

terize the LMC regions, which were mapped as the core metric to guide the fusion of spatiotem-

poral contexts by adaptive gating. We verified the effectiveness of E, C, and Adaptive Gating,

respectively; the results are shown in Table 3.8. The Baseline in the first row of the table was

trained using the standard unsupervised approach, and then we fixed the value of each confi-

dence metric to one and retrained the model to convergence to obtain the data. Qualitatively,

adding gating provides flexible control of the spatiotemporal context flow into the LMC regions.

Furthermore, the entropy distribution and consistency confidence provide more useful clues for

the evaluation of LMC regions. The final combined strategy improved the network performance

by about 13%.
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Table 3.8: Ablation study on LMC metrics. Baseline: STAFNet with unsupervised training; σ:

Adaptive Gating Control; E: Entropy distribution; C: Forward-backward consistency confidence.

σ E C
Sintel Clean Sintel Final

ALL NOC OCC ALL NOC OCC

Baseline 2.34 0.90 21.30 3.33 1.80 26.55

✓ - - 2.25 0.84 20.61 3.18 1.75 23.60

✓ ✓ - 2.09 0.86 18.73 3.01 1.76 21.10

✓ - ✓ 2.17 0.82 19.83 3.08 1.72 22.55

✓ ✓ ✓ 2.04 0.81 18.84 2.97 1.68 21.48

Table 3.9: Ablation study of LMC augmentation. Baseline: STAFNet with unsupervised train-

ing; Pseudo-label: Occlusion simulation by pseudo-labeling; All: Combined three augmentations

together.

Simulation Scene
Sintel Clean Sintel Final

ALL NOC OCC ALL NOC OCC

Baseline 2.04 0.81 18.84 2.97 1.68 21.48

+ pseudo-label 1.64 0.79 14.10 2.49 1.62 15.45

+ regional blur 1.76 0.76 15.59 2.62 1.57 17.88

+ color variation 1.80 0.74 16.14 2.73 1.48 20.52

+ All 1.48 0.73 12.63 2.22 1.30 15.52

Evaluation of LMC region simulation

In the proposed decoupled training, we designed three scenarios causing LMC, including oc-

clusion pseudo labeling, random local blurring, and global/local illumination variation. The

quantitative statistics are presented in Table 3.9. All three simulated scenarios improved the

model’s performance, with masking pseudo-labeling improving the performance most signifi-

cantly.

3.6.3 Comparison with State-of-the-art

We compared our approach with several current leading methods using both the KITTI and

Sintel datasets. STAFNet achieves the best results on both the test and training sets, with

a considerable margin on the Sintel dataset. The quantitative comparisons are presented in

Table 3.10, where we simultaneously compare the proposed method with the current advanced

supervised and unsupervised methods. From the EPE measure, SAFTNet’s results are among

the top in all metrics in the Sintel dataset and ahead of SMURF [159] by 22% accuracy for
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Table 3.10: Comparison with previous methods on the Sintel Benchmark. We used the average

EPE error (the lower the better) as the evaluation metric for the Sintel datasets. Missing entries

‘-’ indicate that the result is not reported in the compared paper, and (·) indicates that the testing

images were used during unsupervised training. The best unsupervised and supervised results

are bolded.

Method
Sintel Train Sintel Test

Param RT
Clean Final Clean Final

Supervised
RAFT [171] (0.77) (1.20) 2.08 3.41 5.26 M 39 ms

RAFT-OOD 4.44 5.97 - - 5.26 M 39 ms

unsupervised

UPFlow [99] (2.33) (2.67) 5.24 6.50 3.49 M 30 ms

OIFlow [91] (2.44) (3.35) 4.26 5.71 5.26 M -

SMURF [159] (1.71) (2.58) 3.15 4.18 5.26 M 39 ms

ULDENet (Exp. I) 2.20 2.55 3.50 4.70 2.50M 30 ms

SAFTNet (1.20) (1.60) 2.44 3.89 7.04 M 28 ms

SAFTNet-DAVIS (1.29) (1.76) 2.42 3.71 7.04 M 28 ms

Clean and 7% for Final on the test set. In addition, STAFNet is even ahead of many of the

supervised learning models [51,66,164], but still has a considerable gap with the solid supervised

learning model RAFT [171]. However, the disadvantage of supervised learning is that the

dataset is restricted to specific domains, and cross-domain data distribution usually leads to

severe performance degradation. We selected RAFT for verification. The results are shown in

Table 3.10, RAFT-OOD (out of domain), demonstrates that the performance of training with

a large amount of out-of-domain data was still not as good as unsupervised learning within

the domain, where the RAFT-OOD was trained using a large sample combination out of the

domain, including data from KITTI, Flythings, Flychairs, etc., and was fine-tuned on the KITTI

dataset.

When considering the inference speed, network parameters, and accuracy, despite the addi-

tional parameter burden, we maintained the advantage of high-speed inference while achieving

the best accuracy, which is more critical because several megabytes of parameters are not a

problem for today’s storage devices, but the speed of inference affects whether the model can

be applied to high-speed real-time tasks.

We also performed a comparison using the KITTI dataset. The results are shown in Table

3.11, which shows that the results of STAFNet were on par with those of OIFlow [91], but slightly

lower than UPFlow [99] in both the training and test sets. We speculate that the performance

gap between Sintel and KITTI is due to the difference in the distribution of their flow statistics.

For the DAVIS and Sintel datasets, camera views are slow-moving or stationary in most cases. In

contrast, KITTI has high-speed ego-motion issues in a vehicle-moving environment, resulting in



3.7. CONCLUSION 75

Table 3.11: Comparison on KITTI 2012 Benchmark. We used the average EPE error (the lower,

the better) as an evaluation metric for the Sintel datasets. Missing entries ‘-’ indicate that the

result is not reported in the compared paper.

Method UFlow [77] ARFlow [87] OIFlow [91] UPFlow [99] Ours

Train 1.68 1.44 1.33 1.27 1.33

Test 1.9 1.8 1.6 1.4 1.6

Test-Noc 0.9 - 1.0 - 1.0

a large range of motion fields out of the image boundary, potentially damaging the performance

of the global correspondence matching module. Exploring non-linear matching methods could

be a promising approach to generalize the global correspondence matching model for datasets

like KITTI, suggesting potential avenues for future research.

3.6.4 Augumentation on Natural Image

Benefiting from the unsupervised learning method that does not require labels, we exposed the

model to additional training on the DAVIS natural dataset; we randomly extracted images from

Sintel and DAVIS as samples at a rate of 50 %, while the rest of the settings were kept the

same as in subsection 3.6.1. The extended training not only produced clear motion fields on

the DAVIS dataset, but also its generalization performance on the Sintel test set improved, The

DAVIS dataset results are qualitatively shown in Figure 3.14, and its generalization performance

on the Sintel dataset is shown in the last row of Table 3.10.

3.6.5 Comparison with Prototypes

We evaluate the performance of our models on the Sintel dataset using a supervised learning

approach and compare it to the prototype model, GMFlow [187]. To ensure fairness in the

comparison, we maintain consistency in the training strategy for both models. Both models are

trained directly on the Sintel training set without pre-training and utilize the same weighted

sequential loss function as 1e−4. However, there are structural differences in the model architec-

ture, which results in our training and inference being conducted in a multi-frame environment.

For the comparison, we selected GMFlow with only a single inference at a 1/8 scale, named

GMFlow-8, which has a similar computational volume to our model. The results are presented

in the Table 3.12.

3.7 Conclusion

This chapter explores motion estimation using unsupervised and self-supervised learning meth-

ods. We propose a multi-frame-based unsupervised method that enables the model to learn
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Table 3.12: Comparison with prototypes in supervised learning; We used the average EPE error

(the lower, the better) as an evaluation metric for the Sintel datasets. RT: running time; Param.:

memory overhead.

Method Clean Final RT (ms) Parm. (MB)

GMFlow-8 [187] 1.07 1.69 25ms 4.70M

STAFNet 0.90 1.33 28ms 7.04M

motion estimation directly from unlabeled real videos, serving as an alternative training method

for our human-aligned model discussed in Chapter 5. Additionally, we incorporate techniques

from computer vision and propose several strategies to address challenges in current warping-

reconstruction-based methods. Recognizing that motion is a smooth and dynamic process span-

ning multiple frames, we introduce solutions based on temporal dynamic modeling and present

two proposals to enhance the training protocol and model architecture.

Proposal I applies unsupervised learning to long-term dynamic environments using multi-

frame scene augmentation strategies. To tackle challenges such as occlusion, brightness variation,

and motion blur, we introduce three temporal dynamic training enhancers—DOE, CVE, and

SVE—which collectively improve performance by about 20% without adding computational or

memory overhead. Combining these techniques, the proposed lightweight model achieves com-

parable performance to current state-of-the-art results, demonstrating the efficiency of temporal

dynamic modeling for unsupervised optical flow estimation.

Building on Proposal I, Proposal II designs a more advanced temporal recurrent structure

to complement the earlier approach. Motion estimation is decoupled into apparent match-

ing regions and LMC regions, with the Spatiotemporal Adaptive Fusion Network (STAFNet)

introduced for self-supervised motion estimation. Techniques such as dynamic occlusion pseudo-

labeling, efficient training algorithms, and confidence description are proposed. Integrating all

components, STAFNet achieves state-of-the-art performance on both the Sintel Clean and Sintel

Final datasets.

We will show in Chapter 5 that the proposed unsupervised method allows our human-aligned

model to learn motion perception with performance comparable to that of supervised methods.



Chapter 4

Limitations of Current Machine

Vision Models to Predict Human

Motion Perception

Chapter 3 investigates unsupervised learning of motion estimation, incorporating several strate-

gies from the computer vision field. As a key area for studying image-computable models,

current methods in the computer vision field, powered by deep learning and deep neural net-

works, demonstrate excellent performance in existing benchmarks and show promise in real-

world applications and industrial fields. Similarly, in visual motion estimation, current computer

vision models can accurately estimate object motion and cope with complex scenarios in the

natural world. These models, at least at a performance level, provide promising insights for

achieving human-aligned capabilities in motion perception. In this chapter, we investigate the

(dis)similarities between several representative machine models and human motion perception,

testing whether these state-of-the-art models can replicate human visual motion perception. 1

Specifically, we incorporate the in silico-psychophysical method to examine how well rep-

resentative motion estimation models from the computer vision field can explain known psy-

chophysical phenomena of human motion perception. We also analyze the factors accounting

for the similarities or dissimilarities between human perception and machine models. Overall,

we will show that there is a gap between human perception and model response in some known

psychophysical stimuli, which can be explained by structural or inner mechanism misalignment

and the generalization problem of the training dataset. The specific findings are listed as follows:

1. We found that most DNN-based models did not generalize well to simple experimental

stimuli unless they underwent special hybrid training, which included simple stimuli and

non-texture motion patterns in the training set.

1The supplementary video demo of this Chapter can be found in https://github.com/

KUCognitiveInformaticsLab/VideoDemo_Zitang/tree/main/chapter%204
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2. DNN-based models cannot account for perceptual motion reversals perceived by humans

with contrast-reversed patterns and a missing fundamental grating. However, some of these

models can explain the barber-pole illusion and spatial motion integration. In contrast, a

motion-energy-based model shows the opposite pattern of results.

3. The interpretation of motion stimuli by DNN-based models is influenced by the training

set, training method, and model architecture. Supervised training enables the model to

have stronger capabilities than unsupervised learning. Advanced structures, such as Raft,

are capable of propagating and integrating motion through recurrent iterations.

4.1 Introduction

The study of motion is a historical and classic topic in human vision. Earlier models, such as

the Reichardt model [57], the motion energy model [2], and the gradient-based model [60, 97],

explain the mechanisms of human motion perception from different perspectives. With the rise

of deep learning, motion perception based on deep neural networks has also achieved significant

success in the field of computer vision. In this context, motion perception is defined as optical

flow estimation, which is the projection of the apparent motion of objects in a scene onto the

image plane of a biological vision system or a visual sensor.

In 2015, FlowNet [38] was the first to adopt convolutional neural networks (CNNs) to handle

the optical flow estimation problem. Recognizing the powerful capabilities of CNNs in optical

flow estimation, considerable research has been conducted in this field, resulting in the devel-

opment of many accurate and high-performing models. These artificial neural networks often

outperform humans in terms of accuracy on specific datasets and have been highly successful in

engineering applications. However, we aim to determine whether DNN-based models can better

represent the human visual system and whether they operate similarly to human vision systems

using an in silico psychophysical approach.

To this end, we tested several representative computer vision models, including:

• FFV1MT [155], a bio-inspired model based on motion energy constraints.

• FlowNet [38], the first DNN optical flow estimation model using encoder-decoder architec-

ture.

• FlowNet2 [68], an engineering-oriented large network composed of several sub-FlowNet.

• RAFT [171], one of the most advanced optical flow estimation architectures,

• ARFlow [87], an unsupervised learning-based optical flow estimation model.

• IRR-PWC [66], a representative model that integrates classical ideas based on coarse-to-

fine refinement.
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Table 4.1: Summary of different motion estimation models. M-S: multi-scale methods; R-D: re-

current decoding methods; SV: supervised learning; USV: unsupervised learning; Biocomputing

methods

Name Param. M-S R-D SV USV Bio

FFV1MT N.A. ! ! ! !

FlowNet 39.18M ! ! !

FlowNet2 162.52M ! ! !

RAFT 5.26M ! !

IRR-PWC 6.36M ! ! !

ARflow 2.24M ! ! !

All models are summarized in Table I. Various stimuli were used to test the responses of these

different networks.

4.2 Test on Simple Stimuli

We first adopted the pre-trained models from the original papers. All models were fine-tuned

on the Sintel [18] dataset to achieve the highest accuracy reported in their paper.

We generated a drifting Gabor and a simple moving box as test stimuli. Without specific ex-

planation, each stimulus was set to 512×512 with a constant moving speed of 4 pixels per frame

by default. For the sinewave, we set a reasonable spatial frequency (32 pixels per cycle). To our

surprise, although all models performed well on the Sintel dataset, they had poor generalization

performance on simple stimuli commonly used in vision research. Figure 4.1 shows a straightfor-

ward scenario where a white box moves rightward against black backgrounds. The color-coding

map illustrates the relationship between flow vectors and colorful visualization. All tested DNN-

based models predict unstable flows that deviate significantly from human perception. As one of

the state-of-the-art optical flow estimation models, RAFT achieved satisfactory performance on

the challenging Sintel dataset but could not cope with the simpler stimulus mode here. Besides,

different DNN models exhibited different behaviors for the same stimulus despite training on the

same dataset. As for the biological-orientated model, despite the low spatial separation ability

FFV1MT based on motion energy computing demonstrated a reasonable response of moving

direction.

4.3 Mixed Training Strategy

We found that these DNN models all prefer textured regions with rich gradient cues as back-

grounds, especially natural textures. To strictly control for confounding elements, the experi-

mental stimuli used in vision studies often consist of unnaturally simple elements. The current
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Figure 4.1: (A). Response on the naturalistic scene; (B). Responses on the moving box and drift-

ing Gabor. There is a significant performance gap between the two datasets, and the response

of CV models failed to replicate the human perception of these stimuli that are commonly used

in vision science
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Figure 4.2: Responses of RAFT trained on different datasets. NT: simple non-texture dataset;

DF: drifting grating dataset.

motion datasets in the computer vision field do not cover such stimuli, which may result in poor

generalization of the models. Almost all existing deep learning models are unable to generalize

to simple stimuli used in psychophysics, making it challenging to analyze DNN models using

some classical psychophysical methods.

In addition, we trained the RAFT model on a separate dataset. The results suggest that

current motion datasets are not comprehensive enough to generalize to the motion stimuli used

in vision science. Different dataset distributions also affect the behavior of the network, as

illustrated in Figure 4.2. To address this issue and mitigate individual biases associated with

different training histories, we developed a mixed training approach. We trained models using

multiple datasets in a mixed manner.

Specifically, we combined the MPI-Sintel, KITTI, FlyingChairs, 3D FlyingThings, and two

additional designed datasets into a single large dataset. Samples were randomly extracted ac-

cording to a probability distribution during training. Including non-textured stimuli and drifting

gratings enabled the models to generalize to different non-textured conditions while providing a

potential ”slow-world” Bayesian prior to solving ambiguous one-dimensional motion [184]. As

shown in the bottom of Figure 4.2, our hybrid training strategy allowed the model to generalize

to both simple non-textured stimuli and complex natural environments. Furthermore, robust
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responses to simple stimuli allowed us to analyze the network using standard psychophysical

stimuli. In subsequent sections, we use the re-trained model for analysis by default. These re-

trained models were employed in the psychophysical studies discussed in the following sections.

4.4 Motion Illusions

Missing Fundamental Illusion:

The human visual system exhibits a strong bias toward detecting motion from the Fourier

component, which is demonstrated by the “missing fundamental illusion” [2, 17] in Fig.4.3 (A).

This illusion occurs when the first spatial harmonic of a square wave is removed, resulting in a

reversal in the perceived motion direction. FFV1MT shows a similar interpretation to humans

because it is designed to detect motion from Fourier components. In contrast, CV models, which

are designed to infer optical flow based on structural correspondence, do not exhibit this bias.

As shown in Fig.4.3 (A), RAFT’s response is biased to structural motion, which occurs to hu-

mans only under specific conditions, where a high-level attentive tracking system dominates. [48].

Reversed Phi:

In Fig.4.3 (B), humans perceive a continuous motion for a four-stroke reversed phi in which image

shift direction and luminance contrast are reversed at even numbers of frame transition [5]. The

DNN-based models (e.g., RAFT) can not perceive continuous motion for a four-stroke stimulus

and generate an opposite rotating direction for frame transitions with reversed phi (see [190] for

a similar observation). The FFV1MT, on the other hand, can generate continuous motion simi-

lar to humans’ response, which indicates that the energy model is easier to generate continuous

motion than CV models.

Second-order Motion:

There are many kinds of second-order motion that could be perceived by humans, where we

choose drift-balanced motions [25] and theta motion [197] as stimuli. The experimental results

show that all models are unable to produce significant responses to second-order motions. The

response of supervised DNNs is basically close to zero. The unsupervised model, ARFlow,

and FFV1MT can detect some noisy motions that differ significantly from humans’ perception

(Fig.4.3, C).

Barber pole illusion:

The barber pole illusion is a well-known example of how the spatiotemporal energy-based optic
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Figure 4.3: Responses on classical motion stimuli & illusion. (A) Missing fundamental illusion:

humans demonstrate a strong illusion of a leftward motion, while the majority of DNN models

detect the rightward motion; (B) Reverse Phi illusion: humans perceive a continuous clockwise

motion for a four-stroke reverse phi, while RAFT detected a reversed direction between frames

1-2 and 2-3; (C) We choose drift-balanced motions [25] and theta motion [197] as second-order

motion stimuli.
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Figure 4.4: Barber pole illusion. We show the result of RAFT (Computer Vision), FFV1MT

(Motion energy-based model), and Human response with the H:W-ratio growth. Generally,

computer vision models can perceive the high-order feature motion, but the motion energy

model only captures the Fourier motion.

flow undergoes higher-level distortions to facilitate tracking of feature motion [166]. Specifically,

as the height-width ratio of visual stimuli varies, humans’ perceived direction shifts from oblique

to vertical [45], as illustrated in Fig.4.4. Generally, DNN models demonstrate a similar shift in

perceived direction, suggesting that the model can track features beyond simple frequency-based

motion. In contrast, FFV1MT only captures the low-level Fourier motion.
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Figure 4.5: Evaluation of motion integration using plaid stimuli; {}-M represents the models

that are retrained in a mixed manner.
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4.5 Motion Integration

4.5.1 Motion Integration on Plaid

Early visual motion processing must resolve the ambiguity of local motion signals, which are

detected by one-dimensional motion sensors with spatially oriented receptive fields [44]. Infer-

ring two-dimensional vectors from local one-dimensional motion sensor outputs is an essential

function of the visual motion perception system. Component stimuli (sinusoidal gratings with

a single frequency component and moving direction) and plaid stimuli (consisting of two com-

ponents with different parameters) have proven effective for examining this integration percep-

tually. Psychophysical studies have demonstrated that humans can integrate the motions of

plaid components under various conditions. Theoretical approaches for combining these vectors

include the intersection of constraints (IoC), which is accurate but complex to implement phys-

iologically [116], and a weighted vector-average (VA), which effectively approximates correct

motion in most situations. The latter method’s predictions often align with errors observed

in visual processing during brief presentations or when the image is degraded by low contrast

or noise [160]. Figure 4.5 investigated motion integration using Type I and Type II plaids,

respectively. Basically, the majority of deep neural network models demonstrated the ability to

integrate the two components and generate a stably integrated direction, except for FlowNet,

which could not generalize this type of motion stimuli.

For Type I plaids, the models replicated motion directions close to the predictions of both

the IoC and VA. For Type II plaids, the models exhibited directions primarily oriented towards

the IoC prediction, but with minor deviations towards the VA prediction across different models.

This pattern also captured a similar tendency observed in human perception.

4.5.2 Motion Integration with Frame and Occlusion Constraints

More complicated scenarios are designed for testing motion integration with frame constraints

and occlusion/ layer cues. Our investigation reveals the existence of a motion integration mech-

anism in some DNN models, as illustrated in Fig. 4.6. First, as exemplified by the RAFT and

ARFlow, the supervised learning models exhibit stronger motion integration capabilities than

unsupervised learning models. In addition, the RAFT shows stronger spatial motion pooling for

local drifting Gabor (ambiguous motion) than for local drifting plaids (unambiguous motion).

This indicates the model’s tendency to prioritize local integration of motion signals over global

integration. Once the local ambiguity is resolved, the global integration process is suppressed,

the mechanism behind which is similar to the adaptive integrating motion strategy observed in

humans [4]. In the third column of the figure, where a rotating box is presented, the RAFT

model exhibits good integration of the four edges of the frame, thereby resolving the aperture

problem. However, when occlusion occurs in the fourth column, all models lose their spatial

integration ability, deviating from human perception [108].
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Figure 4.6: Test on Global Motion integration with frame constraints and occlusion cues. Gray

arrows indicate the direction perceived by humans. Red arrows indicate the direction of physical

motion.

4.5.3 Motion Integration with Recurrent Process

Figure 4.7 (A) illustrates the performance of DNN models when tasked with interpreting the

motion of a translating hollow diamond. Notably, FlowNet2.0 exhibits a robust capability to

synthesize local motion from the diamond’s four segments, suggesting that deeper architectural

frameworks may augment a DNN’s capacity for motion integration. In contrast, the RAFT

model’s response deviates from that of the other models. It integrates motion not only from

the four segments but also extends this integration into the diamond’s inner regions, potentially

indicating advanced motion integration mechanisms exclusive to RAFT.

To explore this phenomenon, we further analyzed the recurrent decoding process in the

RAFT model. Our analysis reveals that its distinctive capabilities likely stem from the recurrent

decoding strategy, which leverages a Gated Recurrent Unit (GRU) to iteratively refine optical

flow by looking up local correspondences. The second row of Figure 4.7 visualizes this dynamic,

showing how motion initially recognized at the boundaries progressively permeates the inner

regions through subsequent decoding iterations.

During the final layer of the encoding phase, visualization of the average activation within
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the feature map reveals that the model responds solely to the edges of the diamond, with no

activation in the inner areas. However, as the decoding phase advances, the recurrent process

facilitates a gradual transfer of motion energy from the peripheral edges to the core areas enclosed

by the frame. Although this propagation pattern diverges from typical human responses, it

underscores the inherent ability of models equipped with recurrent decoding blocks to convey

motion information across extended spatial distances.

Figure 4.7: Motion integration with recurrent process. (A) response of three DNN models

on a translating Hollow diamond; (B) the recurrent decoding process of RAFT; {}-M indicates

models that retrain in a mixed manner.

4.6 Conclusion and Discussion

In this chapter, we verified and summarized the performance of current DNN-based motion mod-

els compared to human visual motion perception. Through multiple psychophysical stimuli, we

identified similarities and dissimilarities between computer vision models and human perception

of motion. Our findings provide insights on how to effectively employ deep learning technologies

to model the human motion perception system.

Firstly, we found that the training dataset and strategy significantly affect the behavior of

structurally identical models. Similarly, models with different architectures exhibit different

behaviors even when trained with the same strategy. Secondly, many deep learning models

prefer naturally distributed textures and show poor generalization toward simple psychophysical

stimuli with non-textured backgrounds. To address this, we propose a mixed training strategy
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coupled with two self-designed datasets to enhance the generalization of DNNs on simple stimuli.

Thirdly, we found that models with recurrent decoding blocks, such as RAFT, possess a specific

mechanism for motion integration, primarily occurring during the decoding phase. Finally, none

of the models exhibited the same perception of second-order motion as humans. Supervised

learning-based models showed almost no response, while unsupervised learning-based models

responded to local pattern changes, differing from human perceptions.

Additionally, we found that most existing models are based on a two-frame correspondence

matching architecture, focusing on improving optical flow accuracy rather than predicting hu-

man responses. However, such a design misaligns with the mechanisms used in the human vision

system, particularly lacking consideration of the temporal dynamics of motion perception sys-

tems. As a result, these DNN models are unable to explain certain motion phenomena, such as

the missing fundamental illusion, motion aftereffect (MAE), and four-stroke reverse phi.





Chapter 5

Human-aligned Visual Motion

Processing Model: First-order

motion

Visual motion processing is essential for animals and AI agents to perceive and interact with dy-

namic environments. With the final goal of building a human-aligned motion process, the previ-

ous Chapter 4 investigated the similarities and dissimilarities between human motion perception

and existing computer vision models. Although computer vision models demonstrate powerful

results in accurately inferring physical motion at the sub-pixel level, they exhibit significant

misalignment in structural consistency and plausibility with biological systems. Additionally,

their responses to multiple experimental stimuli deviate substantially from human perception,

indicating a considerable gap between the two approaches.

In another branch of human vision science, extensive cognitive neuroscience and psychophys-

ical studies attempt to explain and model the inner mechanisms of human visual processing.

However, the majority of these studies focus on concise cases to understand parts of the mech-

anism, using simple stimuli like drifting gratings, plaids, and random dots. Few studies focus

on image-computable models that can extract informative motion flow from complex natural

scenes. Models with such capabilities in a manner consistent with human visual processing have

yet to be established.

We propose an image-computable model of human motion perception that bridges the gap

between biological and computer vision models, combining insights from both fields. We divide

motion perception into two parts: first-order and higher-order motion processing. This chapter

focuses on first-order motion, while the higher-order (second-order) motion problem will be

discussed in Chapter 6.

Specifically, in this chapter, we introduce a novel two-stage approach that combines trainable

motion energy sensing with a recurrent self-attention network for adaptive motion integration

and segregation. This model architecture aims to capture the computations in V1 and MT, the

91
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core structures for motion perception in the biological visual system, while providing the ability

to derive informative motion flow for a wide range of stimuli, including complex natural scenes.

In silico neurophysiology reveals that our model’s unit responses are similar to mammalian neural

recordings regarding motion pooling and speed tuning. The proposed model can also replicate

human responses to a range of stimuli examined in past psychophysical studies. Experimental

results on the Sintel benchmark demonstrate that our model predicts human responses better

than the ground truth, whereas state-of-the-art computer vision models show the opposite. Our

study provides a computational architecture consistent with human visual motion processing,

although the physiological correspondence may not be exact.

5.1 Introduction

Visual motion perception is essential not only for humans and animals to perceive and inter-

act with the world but also for artificial agents to process various dynamic visual tasks. As

such, visual motion estimation has been extensively studied by both biological vision and com-

puter vision research communities. The key issue lies in estimating optical flow, an array of

instantaneous image motion vectors [49, 176].

Vision science has revealed that optical flow estimation in the human visual system (HVS)

is primarily served by a pathway that includes the primary visual cortex (V1 [63, 64]) and

middle temporal (MT [22, 146]) area. A significant portion of neurons in area V1 are sensitive

to the direction of local motion, while those in area MT integrate and segregate local motion

signals for global flow interpretation. The MT process also helps to overcome the aperture

problem [130]. Several computational models of area MT have been proposed [152, 184], but

mechanisms that can fully encapsulate a variety of motion integration abilities of MT neurons

and/or human perception have yet to be developed [129]. Furthermore, previous studies tested

the models using only simple artificial stimuli. It remains challenging to create a human-like

optical flow extraction mechanism that can derive informative motion flow for a wide range of

stimuli including complex natural videos.

On the other hand, optical flow estimation has recently made remarkable progress in the

field of computer vision. FlowNet [38] pioneered the use of fully convolutional neural networks

for dense optical flow estimation, and various approaches based on DNNs have emerged subse-

quently [68, 165, 171, 187]. Owing to the powerful representation ability of DNNs, these models

outperform humans in estimating the ground-truth optical flow of natural scenes [189]. Conse-

quently, one might expect DNN-based optical flow estimation algorithms to become promising

models of human visual motion processing, similar to how ImageNet-trained DNN models pro-

vide good computational models of human object recognition [188]. However, since computer

vision optical flow models are designed solely to find local image correspondences between pairs

of frames on the image coordinates [38], they cannot explain systematic or adaptive deviations

of human perceived motion from local ground truth (GT) [189]. Moreover, existing DNN mod-
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els often exhibit instability when dealing with non-textured stimuli commonly used in vision

science [167].

In this chapter, we leveraged the flexibility of DNNs to construct an image-computational

model of human motion processing. While recent studies successfully used DNNs to elaborate

the understanding of the neural mechanism of visual motion processing [115, 118,143,144,161],

we aimed to make a model that can explain a broader range of physiological and psychophysical

phenomena, including those whose neural mechanisms are not yet clear. From an engineering

standpoint, we aimed to make a human-aligned optic flow algorithm while maintaining a flow es-

timation capability comparable to the state-of-the-art (SOTA) CV models. Our model extracts

dense informative motion flows for a wide range of inputs in a way consistent with physiologically

measured neural responses and psychophysically measured human motion perception. It con-

sisted of two stages. The first stage, which mimicked the function of V1, comprised of neurons

with multi-scale spatiotemporal filters to extract local motion energy. Unlike previous models

of V1 [2, 134, 152], the filter tunings were learnable to fit natural optic flow computation. The

second stage, which mimicked the function of MT, recurrently integrated local motion signals

and solved the aperture problem. We constructed an undirected fully connected graph from

the map of local motion energy and used the attention mechanism [37, 178] for adaptive global

motion integration and segregation.

We evaluated the performance of our model from several aspects. In in-silico neurophysiol-

ogy, we found that our model’s neurons exhibited direction and speed tunings similar to those

observed in mammalian physiological recordings in V1 and MT [117, 135]. In simulations of

psychophysical findings, our model showed good generalization from simple artificial stimuli

(e.g., drifting Gabor) to complex naturalistic scenes. Our model produced human-like responses

for several conventional motion stimuli and illusions, including global motion pooling and the

barber-pole illusion. Furthermore, the mode’s response to natural scenes was closer to that

of humans in comparison to other computer vision models. Our two-stage model provides a

computational architecture consistent with human visual motion processing, although the phys-

iological correspondence may not be exact. This achievement is not only valuable in terms

of neuroscientific understanding of human visual computation but also for the development of

human-aligned machine vision that stably recognizes the world as humans do.

5.2 Molding of Two-stages Motion Perception System

5.2.1 First-stage: Local Motion Energy Computation

Spatiotemporal separable Gabor filter: Since we aimed at an image-computable model,

the input is a sequence of grayscale images S(p, t) for all spatial positions p = (x, y) within

the image domain Ω and for all times t > 0. The goal of the first-stage neuron is to capture

local motion energy at a specific spatiotemporal frequency, which is associated with the function
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Figure 5.1: Molding of motion perception system. (A): The first stage is built using a group of

trainable motion energy units to capture local motion energy; (B): Motion energy calculation

based on spatiotemporal separable filters, a sub-block of (A); (C): Demo of spatiotemporal

separable filters, a sub-block of (B).

of a direction-selective neuron in the V1 cortex. The responses of neurons can be modeled as

3D Gabor filters [75, 76]. Gabor filters are known to be optimal in the sense that they achieve

maximal resolution in both the spatiotemporal and associated frequency domains [16]. To save

computational complexity, we decomposed 3D spatiotemporal filters into filters separable in

space and time. The spatial component is described by 2D Gabor filters G(·), and the temporal
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component T (·) is described by a 1D sinusoidal function with exponential decay. Specifically,

given x′ = x cos θ + y sin θ and y′ = −x sin θ + y cos θ within the receptive field, the impulse

responses of spatial and temporal complex filters are defined as: G(x, y; fs, θ, σ, γ) = exp
(
−x′2+γ2y′2

2σ2

)
exp (i (2πfsx

′)) , s.t. {x, y |(x2 + y2 ≤ R2)}

T (t; ft, τ) = exp
(
− t

τ

)
exp (2πi (ftt)), s.t. {t | 0 ≤ t < T}

(5.1)

The parameters in red are designed to be trained to fit the dataset, where fs and ft denote the

spatiotemporal frequency tunings of the filter with the preferred speed v ∝ ft
fs

, and θ determines

the preferred moving orientation; σ and γ control the shape of the Gabor filter, and τ controls

the degree of attenuation of the temporal impulse response. All parameters are subject to

certain numerical constraints, such as θ being limited to [0,2π) to avoid redundancy; fs and

ft are limited to less than 0.25 pixels per frame to avoid spectrum aliasing, etc. The response

of a simple direction-selective cell Ln to a video stimuli S(p, t) can be computed via separate

convolutions:

Ln(x, y, t; Θ) = (S∗G)∗T =

∫∫∫
S(X ,Y, T ) ·Gn(x−X , y−Y) ·Tn(t−T )d(X ,Y)dT +α1 (5.2)

where α1 can be learned as spontaneous firing rates. Further, local motion energy is captured

by a phase-insensitive complex cell in the V1 cortex, which computes the squared summation

of the response from a pair of simple V1 cells with approximately orthogonal spatiotemporal

receptive fields [2]. We denote the pair of orthogonal (even and odd) simple V1 cells as:{
Lo
n(x, y, t; Θ) = (S ∗ Im[G]) ∗ Re[T ] + (S ∗ Im[G]) ∗ Im[T ]

Le
n(x, y, t; Θ) = (S ∗ Re[G]) ∗ Re[T ]− (S ∗ Im[G]) ∗ Im[T ],

(5.3)

where Re(·) and Im(·) extract the real and imaginary parts of a complex number; ∗ denotes

convolution operations. Then, the response of a complex cell Lc
n is obtained from a combination

of the quadrature pair of the simple cells using the motion energy formulation:

Lc
n(x, y, t; Θ) = (Lo

n(x, y, t; Θ))2 + (Le
n(x, y, t; Θ))2 (5.4)

Multi-scale Wavelet Processing: The convolution kernel of our spatial filter has a fixed size

of 15 × 15, which imposes a physical limitation on the receptive field of each unit. To enhance

the flexibility of the receptive field size, we employed a multi-scale processing strategy, as shown

in Fig. 5.1 (A). Specifically, we constructed an image pyramid consisting of eight images scaled

linearly from H × W to H×W
16 . In total, 256 independent complex cells are deployed across

different scales, with the lower scale having a larger receptive field and a preference for a faster

motion speed. This approach is computationally efficient for capturing large-scale displacements

in engineering applications [15, 164], and enables the representation of different groups of cells

sensitive to short- and long-distance motions [20]. The N complex cells {Lc
n}Ni capture motion

energy on multiple scales. We applied energy normalization to each cell to ensure consistent

energy levels:

L̂c
n(t) =

K1L
c
n(t)∑N

i=1 L
c
i (t) + σ1

, (5.5)
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where σ1 is the semi-saturation constant of the normalization, and K1 > 0 determines the

maximum attainable response. We interpret the response, denoted by L̂n(t), as the model

equivalent of a post-stimulus time histogram (PSTH), which is a measure of the neuron’s firing

rate. Physiologically, such responses could be computed via inhibitory feedback mechanisms

[19, 58]. Considering the spatial arrangement of images, it is expected that motion energy

responses should exist at each spatial location generated by the same complex cell groups.

Bilinear interpolation is used to resize the multi-scale motion energy into the same spatial size

= H×W
8 . In the context of DNNs, this is mainly to balance the trade-off between the spatial

resolution and computational overhead, and the final output of the first stage is a 256-channel

feature map E ∈ R
H
8
×W

8 that captures the underlying local motion energy, which partially

characterizes the cellular patterns of the V1 cortex in a computational manner [2].

5.2.2 Second-stage: Global Motion Integration and Segregation

The receptive field size of first-stage neurons limits their ability to capture only local motion.

Advanced spatial integration is an essential requirement for a motion perception system to

solve the aperture problem [130]. Spatial integration could involve several mechanisms, such

as object recognition and segmentation [50], depth estimation [126], contour structure inference

[94], etc., which rely on substantial prior information that may go beyond the capabilities of

classical modeling methods. DNNs, with their massive number of parameters and flexibility,

offer a suitable solution. However, the spatial integration of local motion requires more flexible

connectivity relations than what can be achieved by general convolutions, which are limited by

their local receptive field [183]. To overcome this limitation, we propose a computational model

based on the attention mechanism and recurrent processing to model the function of motion

integration.

Constructing a Graph Structure: First, to establish more flexible connections between

cells, we discard the Euclidean space structure within the image and construct topological spaces

with an undirected weighted graph G = {V,A}, where V is the set of nodes; A represents the

adjacent matrix based on the graph. Each spatial location p(i, j) is treated as a node, and the

feature of each node is derived from the whole set of local motion energies E(i, j) = {L̂c
n(t)}256i=1.

The connection between any pair of nodes is computed using a specific distance metric, and

strong connection relationships are formed between nodes whose local motion energy patterns

are similar.

Specifically, given a reshaped feature map F ∈ RHW×256, the features at each of its locations

are first locally embedded into the graph space, as φ(F) = GELU(F ·WΘ1) ·WΘ2 , where

WΘ ∈ R256×256 is a group of trainable parameters. The distance between any pair of nodes

(i, j) is calculated by the cosine similarity, which is similar to the self-attention mechanism in

current transformer structures [37, 178, 180]. We employ the adjacency matrix A ∈ RHW×HW

to represent the connectivity of the whole topological space, and A is a symmetric semi-positive
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definite matrix defined as:

A(i, j) = A(j, i) =
φ(F)i · φ(F)j
∥φ(F)i∥∥φ(F)j∥

. (5.6)

We perform exponential scaling of the connections between graphs using the matrix A, given

by exp(As), where s is a learnable scalar restricted to the range (0,10) to avoid overflow. The

smaller s, the smoother the connections across nodes and vice versa. Finally, a symmetric

normalization operation is utilized to balance the energy, given by

A := D− 1
2 exp(sA)D− 1

2 ,

where D is the degree matrix with

D = diag

∑
j

exp(sAi,j)


n

i−1


. As such, an energy-normalized undirected graph structure is constructed, as illustrated in

the top side of Fig. 5.2 (B). Intuitively, this adjacency matrix represents the neuron’s affinity

or connectivity within the space, with strong and global connections built across neurons with

related motion responses.

Recurrent Integration Processing: Recurrent neural networks (RNNs) are often used

to simulate neurons in the brain, as they are flexible in modeling temporal dependencies and

feedback loops, which are fundamental aspects of neural processing in the brain [149]. We use

a recurrent network, rather than multiple feedforward blocks, to simulate the process of local

motion signals being gradually integrated into MT and eventually converging to a stable state.

As shown in Fig. 5.2 (A), the local motion energy from the first stage is divided into

two recurrent streamlines. One is the motion energy E ∈ RH×W×256, which is continuously

updated in the loop, while the other is embedded in the attention space to generate the graph

adjacency matrix to control motion integration, denoted as F ∈ RH×W×256. In each iteration,

the adjacency matrix is first constructed using F. Subsequent motion integration is achieved

through a simple matrix multiplication, which is computationally similar to the information

propagation mechanism in transformers [178,180] and can also be considered a simplified version

of graph convolution [82]. The integrated motion information is passed through two independent

Conv-GRU blocks to update the motion energy E and feature F, respectively. The Conv-GRU

represents a gated recurrent unit [26] implemented in a convolutional manner, and we adopt

a spatiotemporal separable approach following RAFT [171]. The motion integration process

approximates the ideal final convergence state of the motion energy Ek → E∗ through recurrent

iteration.

Decoding the Motion Flow: We adopt the same strategy of decoding the 2D optical flow

in each iteration. Initially, the integrated motion is E projected back to the energy space with

a positive value using a square operation, followed by an energy normalization operation:
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Figure 5.2: Molding of motion perception system (A): The second Stage is constructed by using

a self-attention mechanism and recurrent processing to simulate the function of global motion

integration. We use an identical flow decoder to visualize the dense optical flow at each iteration.

See Figure 5.3 for details of RMIB and legend.

Ê(i, j) = {K2E
2(i, j)}/{

HW∑
i,j

E2(i, j) + σ2
2}.

The resulting response Ê ∈ RH×W×256 is interpreted as a post-stimulus time histogram and

the motion energy is constrained to the same energy space as the local motion energy from stage

I, as we further design an identical flow decoder to project the energy of each spatial location

into the optical flow. The structure of the flow decoder is a nonlinear mapping process consisting

of multiple 1 × 1 convolution blocks with residual connections, which are referred to in several



5.2. MOLDING OF TWO-STAGES MOTION PERCEPTION SYSTEM 99

Figure 5.3: Molding of motion perception system (B): The global motion integration process

based on a self-attention mechanism, named recurrent motion integration block (RMIB), a sub-

block of Figure 5.2.

current advanced optical flow estimation models [87, 164]. Additionally, a convex upsampling

strategy [171] is employed to restore the optical flow’s original resolution. The entire architecture

of stage II is illustrated in Fig. 5.2 (A, B).

5.2.3 Training Strategy

Current methods for estimating optical flow using deep neural networks (DNNs) can be catego-

rized into unsupervised/self-supervised and supervised learning approaches. While unsupervised

learning methods intuitively mimic creatures’ interactions with the world, most current methods

based on differentiable image warping [78, 111, 159] still attempt to approximate the physical

motion ground truth (GT). Therefore, in this work, we primarily focus on the supervised learn-

ing approach, which is more straightforward as recent research suggests that human perception
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of motion is reasonably similar to physical GT [189]. Our primary aim is to evaluate how well

the model approximates human motion perception rather than its accuracy in predicting GT.

To train and evaluate the model, we constructed a dataset containing various natural and

artificial motion scenes. Specifically, we incorporated the Sintel benchmark [18], the DAVIS

dataset with pseudo-labels generated by FlowFormer [62], as well as self-created multi-frame

datasets with non-texture motions and drifting grating motion. Including simple motion stimuli

and drifting gratings allows the model to generalize under different non-texture conditions while

providing a potential slow-world Bayesian prior [184]. The model is first pre-trained with simple

motion and subsequently fine-tuned on complex natural scenes to facilitate convergence [68].

To ensure the model performs in a manner conceptually similar to how humans unsuper-

visedly learn motion estimation by watching natural videos, we also provide results from the

unsupervised learning version. This version maximizes the reconstruction loss by warping image

pairs based on intermediate optical flow. We incorporated dynamic scene augmentation and

the self-distillation technique proposed in Chapter 3. The results of the unsupervised learning

version will be discussed in Section 5.4, along with the supervised learning results. More specific

training details can be found in the section 5.5. 1.

5.3 Analyses

Fig. 5.4 shows the distribution of trained parameters in the first stage: (A) presents the distri-

bution of velocity and orientation of the units; (B) displays the spatiotemporal frequency tuning

of the units; (C) demonstrates that the complex cells in the first stage are capable of handling

single-frequency component motions such as drifting gratings. The design of the trainable mo-

tion energy unit allows for optimal fitting to the flow statistics of the dataset. Although the

distribution of the trained parameters appears to lack specific characteristics other than unifor-

mity, it does reflect the effect of training. To validate the effectiveness of training the motion

energy units, we conducted experiments with a fixed tuning parameter design using a uniform

distribution sampled at equal intervals in terms of spatiotemporal frequency and orientation.

The results showed that stage I, without the fitting function, significantly degraded the model’s

ability to estimate motion. (See Our-fixed in Table 5.1 for details).

The following three parts are conducted for analysis: 1) In silico neurophysiological test of the

activation pattern of the units; 2) Psychophysical stimulus tests comparing human perception

and model response; 3) Natural scene test of the generalizability of the model in complicated

scenarios.

5.3.1 In silico Neurophysiological Study

Directional Tuning: Some V1 and MT neurons respond selectively to a specific range of

1The project code are publicly available on https://huggingface.co/spaces/Zitang/

Self-attention-based-V1MT-motion-model

https://huggingface.co/spaces/Zitang/Self-attention-based-V1MT-motion-model
https://huggingface.co/spaces/Zitang/Self-attention-based-V1MT-motion-model
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Figure 5.4: Properties of trained complex cells in stage I, where the ability to tune simple

motions with a single spatiotemporal frequency component has emerged.

motion directions. To investigate the directional tuning of the units in our model, we utilized

in silico neurophysiology to measure the activation patterns of 256 units in response to drifting

Gabor and plaid stimuli. A plaid consists of two superimposed drifting Gabors, as illustrated

in Fig. 5.5 (C). Analysis of the data revealed three distinct groups of units based on their

partial correlation to Gabor and plaid stimuli: 1) Component cells, which always respond to the

direction of a Gabor component; 2) Pattern cells, which respond to the integrated (coherent)

motion direction of plaid; and 3) Unclassified cells, which do not show a clear preference for

either component or pattern motions, as illustrated in Fig. 5.5 (C).

The distribution of these cell types is not uniform, with component cells being more com-

monly found in the primary visual cortex (V1), while pattern cells are more often observed in

the MT and MST regions [117]. In agreement with this, as illustrated in Fig. 5.5 (A) (B), our
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Figure 5.5: In silico neurophysiological test: directional tuning. (A, B, C): Analysis of the

direction tuning of different groups of neurons for 1D drifting Gabor and 2D plaid stimuli; Stage

II-N means the result from iteration Nth in stage II; The neural distribution in (A) is redrawn

from [117]. See section 5.5 for implementation details.

model demonstrates that in the first stage, most units tend to be component cells, whereas the

number of pattern and unclassified cells increases in the second stage. In addition, we employed
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the maximizing activation method [192] to reversely render their cellular preferences, showing

that the second-stage unclassified units respond to more complicated motion patterns consisting

of both central and background motions, as presented at the bottom of Fig. 5.5 (B). This sug-

gests that the classical classification of motion neurons into component and pattern cells might

be insufficient to characterize the motion integration properties of these neurons.

Figure 5.6: In silico neurophysiological test: speed tuning. Stage II-N means the result from

iteration Nth in stage II; (A, B, C): Analysis of the spectral receptive field and speed tuning

of different groups of neurons. Neurons’ spectral receptive fields in (A) are redrawn from [138].

Two neural distributions in (B) are separately taken from [85] and [136]. See section 5.5 for

implementation details.
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Spectral Receptive Field and Speed Tuning: We test the spectral (spatial-frequency-

vs-temporal-frequency) receptive field of the model’s units using a combination of drifting Gabors

with different spatiotemporal frequencies. Two dimensional oriented Gaussian contours are

used to depict the receptive field of the 256 cells, fitted by minimizing the least square error.

The results are shown in Fig 5.6 (A). Visually, the distribution of the receptive field tilt angle

spreads from horizontal/vertical directions to oblique directions (Fig. 5.6, B). This indicates

that the units in stage II have significant speed tuning compared to stage I. Speed tuning is a

characteristic of higher-order visual motion neurons [135] and is often found in the MT area [137].

This tendency can be seen from the distribution of the partial correlation between the actual

receptive field and its speed prediction/independent prediction [136], as demonstrated in Fig.

5.6 (C). Our two-stage process shows a degree of consistency with the change in mammalian

neural distribution from the V1 to MT area.

5.3.2 Psychophysical Analysis

Figure 5.7: Missing fundamental illusion. By removing the base frequency of the Fourier series

of the original square wave, the spectrum energy is flipped, and the perceived motion direction

appears reversed. The size of the shaded area (right side) indicates the pixel-wise standard

deviation (STD) of the response.

Fourier motion:

In the “missing fundamental illusion” [17], as shown in Fig. 5.7 (C), when the first spatial

harmonic is removed from a square-wave grating with a quarter-cycle shift, the human perceived

motion direction appears reversed.

This occurs because the dominant energy in Fourier space is oriented leftward, and human

perception can be influenced by the Fourier components of the motion. Consider a square wave
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with period T . The square wave f(t) can be defined as:

f(t) =

1 for 0 ≤ t < T
2

−1 for T
2 ≤ t < T

The Fourier coefficients ck of f(t) are non-zero only for odd harmonics and can be calculated as:

ck =


2

ikπ if k is odd

0 if k is even

If the signal f(t) is shifted in time by T/4, i.e., t0 = T
4 , the Fourier coefficients will be multiplied

by a phase factor:

f(t− T

4
)↔ cke

−ikω0
T
4 = cke

−ik 2π
T

T
4 = cke

−ik π
2

Therefore, the Fourier series of the square wave with a time shift of T/4 is:

f

(
t− T

4

)
=
∑
k odd

(
2

ikπ
e−ik π

2

)
eikω0t (5.7)

=
2

π

(
cos(ω0t)−

1

3
cos(3ω0t) +

1

5
cos(5ω0t)− · · ·

)
(5.8)

where ω0 = 2π
T is the fundamental frequency. When the first harmonic cos(ω0t) is removed, the

remaining dominant energy becomes negative, corresponding to motion in the opposite direction.

Our model, whose first stage estimates motion from the Fourier components [25], can pre-

dict the reversed moving direction, similar to human response. In contrast, computer vision

models like RAFT, GMFLOW, and FlowNet, designed to infer optical flow based on structural

correspondence, either demonstrate poor generalization ability to these stimuli or do not ex-

hibit motion bias from the Fourier component. These experimental results indicate that human

motion perception is not solely based on tracking the object’s correspondence.

Mario Reversed-Phi Illusion [190]: This stimulus demonstrated the reverse-phi illusion

in psychology, where the subject perceives continuous motion despite the absence of actual

motion. Current DNN models provide unstable results for this kind of motion (see [190] for

the result of FlowNet2.0 [68]), while our model produces the illusion of motion similar to the

continuous motion perceived by humans; check Figure 5.9 for our result.

Motion Integration: The direction of 1D motion stimuli, such as drifting Gabors, is

ambiguous due to the aperture problem. When presented alone, they are perceived to move

in orthogonal directions of stripes. When superimposed with other 1D motion components in

different orientations, 2D directions consistent with both components are perceived. Pattern

motion neurons in MT may contribute to this phenomenon. The second stage of our model can

explain this as well, as shown in Fig. 5.8. Psychophysics also demonstrates motion integration

across space. Fig. 5.8 (A) shows a psychophysical stimulus consisting of drifting Gabors [4].

These Gabors have a variety of local directions and speeds, yet all of them are consistent with
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Figure 5.8: Psychophysical stimulus tests motion integration. (A, B) : Spatial integration

of 1D and 2D motions. In the stimulus panels, grey arrows indicate the direction perceived

by humans, while red arrows indicate the direction of physical motion. The middle panel of

(B) : is the heat map representing the neuron’s connectivity from a selected local region (circle

center) to other regions, with the warmer color indicating a stronger connection. The human

psychophysical data in (A), were redrawn from the [4].

one global 2D motion (downward in this case). When viewed as a whole, humans do perceive

coherent downward motion. Stage II of our model predicts both the perceived direction and

speed of the global Gabor motion.

Fig. 5.8 (B) compares spatial motion integration between 1D Gabor motion (left) and 2D

plaid motion (right). Humans are able to perceive global downward motion only in the former

case: The heat maps depict how units with high activity establish long-distance connections to

resolve the aperture problem when subjected to Gabor (ambiguous motion) stimuli. In contrast,

the plaid stimuli (determined motion) suppress these long-distance connections. In the latter

case, local integration of motion signals takes priority over global integration. Once the local

ambiguity is resolved, the global integration process is suppressed. Our model can predict such

adaptive motion pooling in human visual processing [4].

Furthermore, the barber pole illusion demonstrates how locally ambiguous 1D motion is

affected by the shape of the moving area [166]. Specifically, as the height-width ratio of the

visual area varies, human perception of direction shifts from oblique to vertical [45] (Fig. 5.10).
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Figure 5.9: Mario reverse-phi illusion. Stimuli is adopted from [190].

Figure 5.10: Barber pole illusion. The human psychophysical data were redrawn from the [45].

Our model can predict the shift in perceived direction in stage II, showing its ability to integrate

motion signals with boundary orientations. For more video demonstrations, such as the reverse

phi illusion [6], please see section 5.5 for details.

Comparison of Complex Natural Scenes: The proposed model can effectively handle

natural scenes, as demonstrated in Fig. 5.11 (A). Natural stimuli contain diverse spatiotemporal

frequency components, leading to complex activation patterns in Stage I. From the decoded

flow field, the motion of stage I is limited to localized areas. For example, local motion cannot

be found in untextured road areas. This situation necessitates long-range interactions with

the surrounding spatial context, which our recurrent integration process in stage II effectively
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Figure 5.11: Performance on complex natural scenes.(A): Our model can estimate a dense

natural optical flow with recurrent integration. “Stage II-N” refers to the outcomes from the

Nth iteration in Stage II, with visualizations illustrating neuron connectivity via heat maps.

These maps highlight connections from a selected local area (Visualizer) to other regions(B):

Similarity of our model estimation to human perceived flow on the Sintel dataset. larger red

circles show a closer response to humans over the GT, while blue circles indicate the reverse.

Despite being trained to fit the GT, our the model uniquely exhibits a higher correlation with

human responses than with the GT.

accomplishes. It is evident from the affinity heat map (right side of subfigure A) that object and

background areas are clearly segregated in stage II. This suggests that the integration mechanism

based on attention has the potential to combine motion integration and object segmentation

into a single framework. These two processes are considered highly relevant in the human visual

system [56]. In the bottom scene, the affinity heat map in stage II clearly distinguishes different

regions, such as separating the girl from the background and adaptively building connections
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over occlusions.

We used psychophysically measured optical flow from the Sintel dataset [189] as a benchmark

for naturalistic scene flow perceived by humans. We first show the general distribution of our

model’s response and human data, illustrated by a polar map 5.12 (A) and (u,v) vector map

(C). Globally, the model well captured the human’s response with a high deceptive ability of

R = 0.81.

Further, Our model was compared to several optical flow estimation methods used in com-

puter vision, including classical algorithms like Farneback, as well as SOTA DNN-based models.

We evaluated officially released DNN models that utilize a wide range of inference structures,

such as multi-scale inference [38, 68], spatial recurrent models [171], graph reasoning [98], and

vision transformers [187].

As shown in Table 5.1, we computed both the Pearson correlation coefficients and vector

endpoint errors (EPEs) between the model prediction and human response, or ground truth

(GT). Additionally, we examined the partial correlation between humans and models while

controlling the impact of GT:

ρmodel = rresp model ·GT =
rresp model − rresp GT · rmodel GT√

1− r2resp GT

√
1− r2model GT

, (5.9)

where r is the Pearson correlation. This measure is critical in validating the models’ ability to

capture the characteristics of the human response, as any model could appear to have a high

correlation with the human response by just approximating the GT due to a high correlation

between the human response and GT [189].

Quantitatively, the proposed model outperformed all compared models in terms of partial

correlation. The RAFT-val in the table is the RAFT framework trained on our dataset as val-

idation and indicates that our mixed training set also improves the explanatory power of the

human response. Fig. 5.12 (B) shows that our model significantly improves the partial corre-

lation across iterations in Stage II, indicating that the proposed recurrent motion integration

architecture can generate more human-like deviations from GT, which is a trend not present

in a similar recurrent network, RAFT. In Fig. 5.11 (D), one can directly see that our model

prediction is more similar to human-perceived flow than the GT flow.

Table 5.1 also shows the results of three biologically-inspired models. FFV1MT [155] is

a model capable of computing dense optical flow using direct decoding of the Simoncelli &

Heeger V1-MT mechanism. The other two models are modified versions of MotionNet [144] and

DorsalNet [115], recently proposed DNN-based models for the explanation of neural responses to

visual motion stimuli. Since the original models are designed to recognize global motion only, we

tested general multi-layer 3D CNN (a core component of MotionNet and DorsalNet) with residual

connections, and a pre-trained DorsalNet with frozen parameters, with a linear flow decoder to

compute dense flow, trained on natural dense optical flow datasets. Our model outperforms

these biologically-inspired models in predicting human responses. The low performances of
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Figure 5.12: Comparison of our model’s motion estimations with human-perceived motion on

the Sintel Benchmark.

Table 5.1: Model v.s. Human v.s. Ground truth. ρ : Partial correlation between human &

model controlling GT; r: Pearson correlation coefficient; epe: vector end-point error; uv, dir,

spd represent motion components in Cartesian space, direction, and speed, respectively.

Method ρuv ρdir ρspd

v.s. Human v.s. GT

ruv rspd rdir epe ruv rspd rdir epe

Farneback [42] 0.27 0.23 0.11 0.41 0.91 0.34 2.02 0.34 0.33 0.92 1.96

FlowNet2.0 [38] 0.39 0.26 0.34 0.92 0.90 0.96 0.94 0.95 0.94 0.98 0.47

RAFT [171] 0.20 0.22 0.14 0.92 0.90 0.96 0.93 0.98 0.99 0.99 0.25

RAFT-val 0.43 0.17 0.42 0.92 0.89 0.96 1.01 0.92 0.89 0.98 0.69

AGFlow [98] 0.30 0.16 0.20 0.93 0.90 0.96 0.92 0.98 0.98 0.98 0.27

GMFlow [187] 0.34 0.32 0.17 0.91 0.84 0.96 1.03 0.93 0.90 0.97 0.73

FlowFormer [62] 0.36 0.14 0.32 0.93 0.91 0.95 0.90 0.98 0.97 0.98 0.42

FFV1MT [155] 0.31 0.16 0.31 0.83 0.64 0.92 1.48 0.59 0.84 0.94 1.29

3DCNN 0.27 0.29 0.42 0.83 0.86 0.95 1.31 0.83 0.86 0.96 1.14

DorsalNet [115] 0.17 0.19 -0.10 0.20 -0.08 0.86 2.35 0.20 -0.04 0.86 2.33

Ours-fixed -0.02 0.12 0.16 0.31 0.23 0.78 2.24 0.35 0.18 0.80 2.29

Ours-Stage I 0.34 0.23 0.35 0.71 0.71 0.92 1.52 0.67 0.67 0.92 1.49

Ours-Stage II 0.57 0.43 0.47 0.91 0.88 0.95 0.98 0.86 0.87 0.95 1.04

the FFV1MT model and the modified DorsalNet also suggest that accurately estimating dense

optical flow is a challenging task, requiring specific design considerations to address complex and

long-range spatial interactions, large jumps, and boundary effects, the complexities of which are

not adequately captured by simple mechanisms.

Furthermore, we provide a qualitative demonstration of our model against other related

motion models. As shown in Figure 5.13, we compare three relevant models: a pre-trained
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Figure 5.13: Qualitative comparison between our model and other related models. Please refer

to the video in the 5.5 for a detailed view of the stimuli used. FFV1MT: estimating dense

optical flow with simple decoding of the Simoncelli & Heeger V1-MT mechanism. General

3DCNN: multi-layer stacked 3DCNN with residual connection, trained on natural dense optical

flow dataset. DorsalNet+decoder: pre-trained Dorsalnet (freeze param) with one layer of 3D

convolution as a linear flow decoder, decoder trained on natural dense optical flow dataset.

DorsalNet with a linear flow decoder, a general 3D CNN (the basic structure for MotionNet

and DorsalNet), and FFV1MT [155], the only model known to calculate dense optical flow with

simple decoding of the Simoncelli & Heeger V1-MT mechanism. These models fall short in

terms of dense optical flow estimation accuracy or fail to account for the global integration of

local motions. This outcome suggests that a simple linear decoder cannot handle dense optical

flow, particularly in complex real scenes. In addition to flexible spatial pooling and accurate
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estimation of dense optical flow, our model consistently displays human-perceived Fourier motion

in missing fundamental stimuli through motion energy computation simulating V1 neurons.

The comparison with other models highlights the difficulty of achieving such diverse capabilities

simultaneously in a single model.

5.4 Discussion on Unsupervised Learning

Figure 5.14: Qualitative result of unsupervised learning methods. We incorporated the unsuper-

vised learning method proposed in Chapter 3 into our model and trained it on natural videos.

The results indicate that unsupervised learning methods can replicate many characteristics of su-

pervised learning, such as the missing fundamental illusion, and are capable of handling natural

scenes. However, the unsupervised model exhibits weaker motion integration abilities compared

to its supervised counterpart. Moreover, unsupervised learning is more sensitive to variations

in luminance, such as moving shadows from vehicles, which will also be recognized as motion.
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Animals spontaneously develop motion perception abilities by interacting with dynamic en-

vironments, a behavior akin to the concept of unsupervised learning. To imbue our human-

oriented model with more natural learning behaviors, we incorporate the unsupervised learning

method proposed in Chapter 3 and train it on natural videos. The core method is based on

image-warping, which involves inputting two consecutive frames into a model that predicts an

initial optical flow field. This predicted flow is then used to warp the second frame to align with

the first frame. The difference between the original first frame and the warped second frame,

known as the reconstruction loss, is calculated, and the model is optimized by minimizing this

loss, thus learning to estimate optical flow without the need for labeled data. In addition to the

basic multi-scale reconstruction loss, we employ dynamic scene augmentation methods, enabling

the model to learn motion patterns in multi-frame dynamic environments.

We present the results of the unsupervised version in Figure 5.14. Generally, unsupervised

learning can drive the model to recognize motion and handle various scenarios, such as Fourier

motion and natural scenes, similar to supervised learning. The primary difference between su-

pervised and unsupervised learning lies in motion integration ability. Although the unsupervised

learning method demonstrates some integration capability, it is significantly weaker than the su-

pervised one, as illustrated by the motion integration of global Gabor stimuli between Figure 5.8

and 5.14. Additionally, unsupervised learning is more affected by pixel luminance shifts, as its

reconstruction loss function mainly relies on photometric loss. This can sometimes misinterpret

luminance shifts as object-level motion, such as the movement of the shadow of the car in the

bottom row. Thus, a more sophisticated strategy is needed for unsupervised learning methods

in AI agents to achieve human-like perception by interacting with natural environments.

5.5 Methods and Implementation details

This section includes some of the implementation information and methods used in the study.

Furthermore, to enhance the visual representation, we have created videos showcasing select

stimuli. 2

5.5.1 Dataset

Current methods for estimating optical flow using DNNs can be categorized as unsupervised/self-

supervised and supervised learning approaches. While unsupervised learning methods are intu-

itively similar to creatures’ interaction with the world, most current methods based on differen-

tiable image warping [78,111,159] still attempt to approximate physical motion GT. Therefore,

we choose to use the supervised learning approach, which is more straightforward as recent

research suggests that human perception of motion is highly similar to physical GT [189].

2The supplementary video demo can be found in https://github.com/KUCognitiveInformaticsLab/

VideoDemo_Zitang/tree/main/chapter%205

https://github.com/KUCognitiveInformaticsLab/VideoDemo_Zitang/tree/main/chapter%205
https://github.com/KUCognitiveInformaticsLab/VideoDemo_Zitang/tree/main/chapter%205
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To train and evaluate the model, we construct a dataset containing various natural and

artificial motion scenes. Specifically, we incorporate the Sintel benchmark [18], the DAVIS [133]

dataset with pseudo-labels generated by FlowFormer [62], as well as self-created multi-frame

datasets with non-texture motions and drifting grating motion.

Simple non-texture motion: As the name suggests, non-texture motion refers to sce-

narios where both the moving object and the background exhibit low texture density. We

incorporate non-texture motion as part of our training data due to the incompleteness of exist-

ing optical flow datasets. Our observations show that current DNN models exhibit suboptimal

generalization performance on simple stimuli commonly employed in vision research, such as a

drifting grating and a simple moving box. (Check Figure 4.2).

There are various explanations for this phenomenon. First, non-texture stimuli, such as

drifting gratings, present multiple ambiguous motion solutions, which may confuse the model.

Additionally, the model may not have been trained on non-texture datasets, leading to difficulties

in generalizing to such stimuli. Consequently, the model’s instability causes significant deviations

from human interpretation in such pure experimental scenarios, hindering the study of the model

using stimuli commonly employed in vision science.

To alleviate the problem, we used a concise method to construct a non-texture dataset.

We first employed a superpixel algorithm [1] to extract the self-regions of natural images, fol-

lowed by a low-pass filter to smooth out the texture. We practiced affine transformations to

simulate two-dimensional translations, rotations, deformations, etc., of the object and inverse

affine transformations to track the optical flow. The motion of each step is sampled from a ran-

dom Gaussian distribution, and we use a Markovian stochastic process to simulate inter-frame

smoothed motion over multiple frames, where the current moment’s motion is correlated with

the previous motion state. Specifically, we assume that random object movement S(t) can be

decomposed into two orthogonal vectors S(t) = [U(t), V (t)]. For any time step t, we introduce

Markov properties by assuming that the motion state depends only on the motion in the previous

time step t− 1:

Pr [S(t)] = Pr[S(t) = st | S(t− 1) = st−1] (5.10)

The motion states [U, V ] at time t are sampled from the 2D Gaussian distributions with condition

of previous motion state. Check Figure 4.2 for the demo of the non-texture training sample.

Drifting Grating: Drifting gratings are commonly used stimuli in visual studies, which

contain only a single spatiotemporal frequency component. We used five different combinations

of frequencies linearly sampled from (0, 1
16 ] (pixel/ frame), four different temporal frequencies

linearly sampled from (0, 18 ] (pixel/ frame), and eight different orientations sampled uniformly

between (0, 2π]. In total, there are 160 scenes, and each contains 32 continuous frames. Due

to the aperture problem, there is no single solution for this class of motion, but we defined the

labels with the slowest moving speed as perpendicular to the spatial stripe, which is most similar

to the human interpretation. Incorporating this class of datasets into the training provides a
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potential slow-world Bayesian prior of humans [184] to solve the ambiguous motion. Check

Figure4.2 for the demo of the training sample.

5.5.2 Training

Environment: For the model training, we implemented our method using the PyTorch 2.0

framework on a workstation equipped with four parallel Nvidia RTX A6000 GPUs, running on

the CUDA 11.7 runtime. The data analysis was conducted using MATLAB, as well as Python

packages such as SciPy and Pandas.

Timing Setting: Considering the current mainstream playback frame rate (25 FPS) and

the time of the human visual impulse response (about 200 ms), we set the temporal window of

the first stage to 6 frames (spanning 200 ms). In training, 11 consecutive images (400 ms) are

fed into the model. The instantaneous velocity in the middle of the image sequence, i.e., the

fifth frame, is used as the label for supervised training. The MSE loss was used to supervise the

output from each iteration from Stage I to Stage II:

LMSE =
1

N

N∑
i=1

(yi − ŷi)
2

Hyperparameters: The total trainable parameters of the model is 14.7 M. During train-

ing, we set the iteration as eight in stage II. A total of nine flow fields are generated per inference,

and we employ a sequence loss based on mean square error [171] to measure the difference be-

tween the predicted optical flow and the GT flow. The model is first pre-trained with simple

motion and subsequently fine-tuned on complex natural scenes to facilitate convergence [68].

Specifically, we first train the model on simple no-texture motion and drifting grating for 150

epochs with a learning rate (lr) of 1e−4, and then fine-tune it on the Sintel and DAVIS dataset

for an extra 150 epochs with a learning rate of 0.5e−4. The entire training process was opti-

mized using the Adam optimizer [81] with linear decay of the learning rate and a batch size

of 24. Mixed precision training and gradient clipping techniques were employed in all training

stages for faster convergence. For image preprocessing, all images were resized to 448× 960 and

then randomly cropped into 384 × 576. We also adopted random image horizontal flipping for

data augmentation.

5.5.3 In Silico Neurophysiological Test

We utilized drifting Gabor or plaid (superimposed by two Gabor components) with a single

frequency component as the input stimulus (Check Figure 2.7).

Referring to Figure 5.1 (D), the model’s response value at Stage I, or after the remap op-

eration of each iteration in Stage II, was considered as the poststimulus time histogram of the

unit. We averaged the responses across spatial dimensions using a Gaussian weighted window to
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obtain the activation distribution of the total of 256 units, i.e., R1×1×256, with respect to input

stimulus. The image sequence is generally set to 512× 512 with full contrast.

Directional tuning

We used a single frequency drifting-Gabor and plaid (superimposed by ±30 degrees) as the stim-

ulus input. First, we selected 12 directions uniformly sampled from (0, 2π]. For each direction,

we linearly sampled 8×8 = 64 sets of spatiotemporal frequency combinations and thus obtained

64 directional tuning curves for each unit using the drifting-Gabor stimulus. We selected the

spatiotemporal frequency with the largest tuning standard deviation as the preferred frequency

st∗ of each unit. Then, we input the Gabor and plaid with the frequency configuration of st∗ into

the model and obtained the direction tuning curve of each unit. Denoting the model’s tuning

curve on the drifting-Gabor with st∗ as C and the tuning curve on the plaid with st∗ as P, we

calculated the directional tuning capability of each cell using a pair of partial correlations:

Rpattern =
(rp − rcrcp)√(

(1− r2c )
(
1− r2cp

)) , Rcomponent =
(rc − rprcp)√((

1− r2p
) (

1− r2cp
)) , (5.11)

where rc is the correlation of the P with the component prediction, which is generated by the

superimposed± 30-degree shift of the C; rp is the correlation of the P with the pattern prediction,

which is equal to C; and rcp is the correlation between the two predictions. We labeled units

as ”component” if the component correlation coefficient significantly exceeded either 0 or the

pattern correlation coefficient, whichever was larger. Similarly, we labeled units as ”pattern” if

the pattern correlation coefficient significantly exceeded either 0 or the component correlation

coefficient. Units were labeled as ”unclassified” if both pattern and component correlations

significantly exceeded 0 but did not differ significantly from one another, or if neither correlation

coefficient differed significantly from 0. The visualized result is plotted in Figure 5.5

We employed maximum activation technology [192] to render the unit’s preferred motion

stimuli reversely. The initialized motion stimuli are composed of spatiotemporally incoherent

Gaussian white noise I ∈ RH×W×T , which is continuously updated by a gradient ascent method

to maximize the activation response of each unit. The activation response of each unit is obtained

by a weighted average pooling of its responses a ∈ RH×W across all spatial locations. To consider

the continuity of the motion, we add temporal smoothing and spatial smoothing regular terms

based on the first-order gradient to the optimization function, which is defined as:

A(I) =
∑
Ω

Giai + w

(∣∣∣∣∂I(x, y, t)

∂x1

∣∣∣∣+

∣∣∣∣∂I(x, y, t)

∂y

∣∣∣∣+

∣∣∣∣∂I(x, y, t)

∂T

∣∣∣∣) ; (5.12)

where Ω denotes the set across the image space and G is a 2D Gaussian kernel defined on the Ω.

We iterate I := I + w ∂
∂IA(I) so as to maximize the unit’s activation. Each unit went through

approximately 300 iterations to generate the following stimuli:

1. For component units (Stage I), which prefer motion components of a single spatiotemporal

frequency.
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2. For pattern units (Stage II-1), which prefer textures or plaids that move in a specific

direction.

3. For unclassified units (Stage II-4), which have a variety of complex motion formats that

go beyond the interpretation of simple directional tuning.

Spectral Receptive Field and Speed Tuning

To investigate the spectral properties of the units, we used a combination of drifting-Gabor

stimuli with different spatiotemporal frequency components. We first sampled 16 directions

uniformly from the interval (0, 2π]. For each direction, we tested 10× 10 = 100 spatiotemporal

frequency combinations, with 10 logarithmically spaced spatial frequencies between 0.004 and

0.125 pixels/cycle and 10 logarithmically spaced temporal frequencies between 0.04 and 0.25

pixels/frame. Then we selected the direction with the largest sum of activations across all 100

spatiotemporal combinations as the preferred motion direction D∗. Each unit under its D∗ has

10×10 responses under different spatiotemporal combinations, constituting a grid in logarithmic

coordinates. This grid of responses is visualized on the bottom left side of Figure 5.6 (D) and is

referred to as the spectral receptive field of each unit.

Following [135], we use a 2D oriented Gaussian profile to fit the spectral receptive field of

each unit, where the 2D Gaussian is defined as:

P = A · exp

(
û2

σ2
x

+
ω̂2

σ2
y

)
+ p, s.t.

{
û = (u− x) cos θ + (ω − y) sin θ

ω̂ = −(u− x) sin θ + (ω − y) cos θ
(5.13)

The Matlab fmincon function is used to search the best fitting based on the LSE loss function

within {(θ, σx, σy, x, y) | θ ∈ [0, π2 );σx,y ∈ (0,∞); x, y ∈ [−1, 1]}:

ℓlse = ||P −RF ||+ w
sin(2θ)

exp( |σ1−σ2|√
σ1×σ2

)
, (5.14)

where the second term is a weighted regularization to prevent tilting (i.e., 0 < θ < 90) when

the receptive field is close to a circle. The fitting results are illustrated in Figure 5.6 (A), where

each red dot represents the midpoint of the receptive field and the slope of the bar indicates the

orientation of the receptive field, which is consistent with the visualization style in [135].

We further employed a pair of partial correlations to validate the speed-tuning capability for

each unit [137]:

Rindep =
(ri − rsris)√

(1− r2s )
(
1− r2is

) , Rspeed =
(rs − riris)√(

1− r2i
) (

1− r2is
) (5.15)

where Rindep and Rspeed are the partial correlations of the response filed with the independent

and speed-tuned predictions, ri is the correlation of the data with the independent prediction,

rs is the correlation of the data with the speed-tuned prediction, and ris is the correlation of the

two predictions, as shown in Figure 5.6 (B). Here, the spatiotemporal-frequency-independent
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prediction is computed by taking the outer product of the two 1D tuning curves, and the

speed-tuned prediction is computed by shifting the temporal frequency as a function of spatial

frequency so that the preferred speed is independent of the speed tuning of the unit. (See [137]’s

Figure 5 for details).

5.6 Discussion and Conclusion

DNNs have achieved impressive performance in various vision tasks, and their ability to ex-

plain the HVS is an active area of research. Recent studies have employed DNNs to model

and understand the neural mechanism of visual motion. For instance, Rideaux et al. [143, 144]

and Nakamura and Gomi [118] used multilayer feedforward networks, while Storrs et al. [161]

used a predictive coding network (PredNet), to model biological visual motion processing, and

found similarities to neurophysiological data. De Jong et al. [32] found that the spatiotemporal

frequency tuning properties of some units in FlowNet resemble those found in mammalian neu-

rons. DorsalNet [115] uses first-person perspective video stimuli to train a 3D ResNet model to

predict self-motion parameters, which helps the model recapitulate the neural representation of

the dorsal visual stream.

With a similar goal in mind, this Chapter simplified the biological motion process pipeline

and proposed a two-stage architecture that models the complete pathway from images, through

neural representations, to the perceptual response. Through end-to-end training using a wide

range of datasets, our model generalizes well from simple stimuli to complex natural scenes and

partially captures important characteristics of motion-processing neurons, including a change

in spatiotemporal tuning from V1 to MT areas. To model the motion integration function, we

introduced a novel recurrent process based on the attention mechanism. This process successfully

explains a wide range of physiological findings (e.g., a change in the population of component

and pattern cells from V1 to MT) and psychophysical findings (e.g., global motion pooling). It

also improves the partial correlation with human psychophysical response. The success of the

attention mechanism in motion integration could be attributed to its similarity to the human

visual grouping mechanism [109] or similar feature grouping/binding that may be accomplished

using a top-down attentional selection mechanism [175].

While we show that the attention-based recurrent network is a promising computational

model of human visual motion grouping and segmentation, how its complex architecture (where

all responses can be influenced by all other responses) is actually implemented in the human brain

remains an open question. Another limitation of the current model is that it does not process

several important abilities of human motion perception, such as non-Fourier (second-order)

motion detection [25], which will be further discussed in Chapter 6. Our model does not take into

account the benefits of biological processing, such as energy efficiency. In conclusion, combining

classical motion energy and advanced deep learning technology is a promising approach to bridge

the gap between human and DNN motion perception systems. The proposed architecture and
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recurrent process offer insights into the underlying mechanisms of motion perception and open

up new avenues for future research.





Chapter 6

Human-aligned Visual Motion

Processing Model: Second-order

Motion

In the previous Chapter 5, we built a human-aligned visual motion processing model. This

model, based on motion energy computation, efficiently captures motion based on the local

brightness of spatial patterns, defined as first-order motion.

Nonetheless, many animals, including flies, cats, and humans, can visually recognize image

motion not only from shifts of spatial patterns defined by luminance modulations but also

from those defined by high-level image features such as temporal modulations and contrast

modulations (second-order motion). The model proposed in Chapter 5 is theoretically not

applicable to such second-order motion. Meanwhile, although current computer vision models

perform very well in estimating object motion in complex natural scenarios, these models show

a different interpretation of second-order motion and generate noisy responses, as we previously

observed in Figure 4.3.

In this chapter, we investigate the second-order motion problem from two aspects. First,

from an engineering point of view, we ask why computer vision models can’t recognize second-

order motion despite coping well with complex natural scenes. We also explore how to enable

our model and computer vision systems to naturally recognize second-order motion without

specifically fitting second-order motion samples. From a scientific perspective, second-order

motion perception in human vision has been extensively studied using carefully designed artificial

stimuli (e.g., drift-balanced motion) to control first-order motion components. However, why

and how the visual system has acquired this perceptual ability in natural environments remains

poorly understood. What advantages or functionalities does the second-order motion perception

system provide us?

With the above questions, we hypothesized that the biological system might naturally learn

second-order motion perception for the purpose of estimating correct physical object motion
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amidst internal optical fluctuations produced, for example, by highlights of glossy materials and

refractions of transparent materials. As a proof concept, we developed a DNN-based model to

process both first- and second-order motions in natural scenes. The model was based on our

two-stage model proposed in Chapter 5, consisting of a trainable motion energy sensing and a

recurrent self-attention network, each inspired by biological computations in V1 and MT. For

preprocessing for complex second-order features, we added a second input pathway with a vanilla

multi-layered convolution network. The model was trained on two distinct optical flow datasets

generated by rendering random object motion: one with purely diffuse reflection (PD) and the

other with non-diffuse (ND) material properties, the latter including ample optical turbulence

made by specular reflections and transparent refractions. The ND-trained model demonstrated

significantly better recognition of various types of second-order motion, aligning closely with

human performance measured in our psychophysical experiments. Also, this performance was

unachievable without the second input pathway. The results suggest that second-order motion

perception might have evolved, at least partially, to help robust estimation of object motion

while countering optical fluctuations under natural environments.

Ultimately, this chapter presents the first candidate that effectively generalizes both first and

second-order motion phenomena in natural scenes. It aligns closely with human psychophysical

responses and mammalian neurophysiological trends.

6.1 Introduction

Creating machines that perceive the world as humans do represents a significant research chal-

lenge with profound implications for both cognitive science and engineering applications. In,

cognitive science, researchers endeavor to yield image-computable models of the human cognitive

system, enhancing our understanding of the brain’s inner functioning.

The typical computational model in this context is the Heggerburger-like V1-MT model

[152, 184], wherein V1 uses spatiotemporal filters to extract luminance-defined motion. While

such prototypes effectively explain artificial stimuli like moving gratings and plaids, it is difficult

to cope with more complex natural sceneries. Current Studies in the CV field, instead, focus on

extracting subsequent frames’ spatial correspondence to solve the optic flow estimation. From

early methods based on spatial-temporal gradients and luminance-constant assumptions [97] to

current DNN-based methods [38,171], the performance in this field has steadily improved, now

capable of handling most of the established naturalistic datasets, like Sintel [18] and KITTI [113].

While the current model effectively replicates the motion from spatial shifts defined by

luminance modulations (first-order motion), it does not encompass the full spectrum of the

motion stimuli and all the natural scenarios, such as the flow of the transparent river, which

is the particular case of the higher-order motion. Extensive studies have shown that many

animals, including macaques [128], flies [172], and humans [10], can recognize not only first-

order motion but also second-order motion, which is defined by higher-order image features
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such as temporal and contrast modulations. A characteristic difference between first and second-

order motion is a noticeable tilted pattern in the luminance spatiotemporal Fourier spectrum,

which can be extracted from first-order but not second-order motion [21, 25], as illustrated in

Figure 2.5. Accordingly, the Fourier-based first-order system cannot recognize the second-order

motion, both direction and speed. In contrast, neurophysiological and psychophysical studies

suggest that creatures able to recognize second-order motion may have different processing

pathways/mechanisms independent of first-order in the visual systems [27,83], as illustrated in

Figure 6.1.

Figure 6.1: Dual channel structure in the previous study. Figure is redrawn from [27]

The wide-existing of the second-order motion system in the creatures implicitly suggests the

system’s heavy need to extract second-order motion from outside the environment. However,

the natural implementation of second-order motion remains poorly understood since current

studies are often limited to using artificial stimuli (e.g., drift-balanced motion) to control first-

order motion components. A significant challenge lies in defining specific natural scenarios to

link the second-order motion systems since second-order motion signals appear relatively sparse

in natural settings. For instance, state-of-the-art (SOTA) CV models, trained on “realistic”

motion datasets, achieve extremely high accuracy with current natural datasets. However,

they struggle to recognize second-order motion like humans (As shown in Chapter 4). This

discrepancy suggests that learning to estimate natural motion does not necessarily equip AI

agents with the ability to recognize second-order motion. In contrast, biological systems have

independently developed this capability, evolving through dynamic interactions with natural

environments. This paradox prompts questions about the meaning of second-order motion in

natural settings and the potential advantages that second-order motion perception might have

offered to the human vision system.

To solve the question, we contend that the second-order feature is quite ample in ‘real’

daily life rather than the video clip used to train the current model. First-order motion is
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Figure 6.2: The optical turbulence on the surface with non-diffuse materials. Simulated by

Blender and spatiotemporal gradient.

typically characterized as brightness shifts, adhering to a constant-brightness constraint,i.e.,

I(x, y, t) = I(x + δx, y + δy, t + δt), where the optic flow directly corresponds to the actual

movement of objects, as shown in Figure 6.2.

However, non-first-order motion arises when local optic flow is interfered with and does not

correctly indicate an object’s physical motion. For example, the background is unequally illu-

minated, the viewing point is unstabilized, etc. One of the most significant contributors to this

discrepancy is the optical turbulence generated by objects composed of non-diffuse materials.

The reflective properties of specular and glossy materials, for example, can dramatically alter

an object’s original light reflectance pathways. This alteration is not merely a distortion but a

dynamic, nonlinear transformation that intensifies with the object’s motion and changes in light-

ing conditions. Transparent materials add further complexity, creating layered optical effects

that significantly impact optic flow. While theoretical models like the bidirectional scattering

distribution function (BSDF) [127] attempt to encapsulate these phenomena, their predictability

is compromised in real-world settings due to a complex mix of material attributes and environ-

mental influences. We propose that these intricate, untrackable optic turbulences align closely

with second-order motion cues, which are beyond the capabilities of pure first-order systems.

Our hypothesis posits that the second-order visual system plays a critical role in complementing

the first-order system. It is uniquely equipped to interpret and counter the optic flow turbulence

and noise generated during the motion of objects, particularly those involving complex material

properties. This advanced processing is essential for accurately discerning the true motion of

objects amidst the chaotic optic signals prevalent in natural settings.

As a proof concept, we developed a DNN-based unified model to process both first- and
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second-order motions in natural scenes. The model was based on our prototype two-stage model

proposed in Chapter 5, consisting of a group of trainable motion energy sensing to capture local

motion and a recurrent self-attention network for adaptive motion integration and segregation,

each inspired by biological computations in V1 and MT. For preprocessing for complex second-

order features, we added a second input pathway with a vanilla multi-layered 3-D convolution

network and constructed a double-channel network. Such design not only aligns with the two-

channel processing pathway observed in physiological studies [28,84] but also enables the model’s

hardware ability to extract non-linear spatiotemporal features related to second-order motion.

More importantly, we rendered a unique naturalistic optical flow dataset by manipulating the

material parameters of the objects while keeping the object, illumination, scenes, and motion

variables within the same distribution. This results in two distinct datasets: one characterized by

purely diffuse reflection (PD) and the other featuring non-diffuse (ND) material properties; the

latter includes ample optical turbulence made by specular reflections and transparent refractions.

Our strategy is to train the model, especially for second-order motion extractors, to recognize

the correct physical object-level motion while countering the optical interferences during the

motion process. We aim to elucidate the relationship between second-order motion processing

capabilities and material properties in various environments by systematically manipulating the

first-order and second-order channels on the different datasets.

To precisely quantify how material properties impact second-order perception, we also con-

tribute the first dataset of second-order motion with more naturalistic modulation. Furthermore,

we enable the model to spontaneously understand the second-order motion and eventually de-

velop a system that simulates the human motion perception system, capable of accommodating

both first-order and second-order motions with certain neurophysiological and perceptual sim-

ilarities to previous observations. At the intersection between computer vision models and

biological computing, this study represents an effort to meld classical neuron computation in

human vision science with advanced deep learning technologies. It presents the first framework

that effectively generalizes both first- and second-order motion phenomena, extending from clas-

sical experimental stimuli to complex natural scenarios. While detailed results and discussions

will follow in subsequent sections, it is notable that our initial findings show a promising cor-

relation with human psychophysical responses in naturalistic first/second-order motion scenes

and appear to align with key trends observed in mammalian neurophysiological studies.

6.2 Results

We begin by introducing the fundamental motion processing pipeline of our dual-channel model.

Subsequently, we explore the model’s advanced motion integration capabilities, ranging from

experimental stimuli in vision science to complex natural scenarios. Following this, we extend

the model’s application to higher-order motion processing, powered by subordinate high-order

motion channels. We will demonstrate the relationship between material properties and the
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Figure 6.3: Two-Stages motion perception system prototype. The first stage mimics the

V1 function by detecting local motion, while the second stage leverages a graph network for

recurrent motion integration and segregation. Stage I incorporates dual channels to process

both first-order and second-order motion; the first-order channel focuses on capturing Fourier-

based motion using motion energy units, whereas the second-order channel employs norm 3D

CNN layers to extract higher-order features.

model’s ability to perceive second-order motion. Furthermore, we employ several specialized

benchmarks to quantify the role between first-order and higher-order motions and compare the

performance of second-order motion against current representative models in realistic scenarios.

6.2.1 Two-stages Processing Model

Our prototype model involves two-stage motion processing that combines the classical motion

energy sensors (Stage I) and modern DNNs (Stage II). Stage I is designed to capture local

motion energy, simulating the function of the V1 area. In contrast, Stage II focuses on global

motion integration and segregation, simulating the primary function of the MT area. The

red route in Fig. 6.3 depicts the classical first-order motion process. Specifically, we built

256 trainable motion energy units, each composed of quadrature 2D Gabor spatial filters and

quadrature temporal filters, to capture spatiotemporal motion energy of input videos in a multi-

scale wavelet space. The key implementation difference from previous motion energy models is

that we embedded computation in the deep learning framework, i.e., each motion energy neuron’s

parameters, such as preferred moving speed and direction, are trainable to fit the dataset. Stage
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II incorporates the modern DNNs connected with the previous motion energy model. It builds a

fully connected graph on local motion energy, where each spatial location is regarded as a node,

and all nodes are interconnected. We adopt a self-attention mechanism to build the graph’s

topological structure, and the recurrent motion integration is a performer based on the graph to

generate global motion interpretation and solve motion aperture problems (Stage II, Fig. 6.3).

The whole model is supervisedly trained to estimate the pixel-wise object motion within the

naturalistic datasets [18]. See the method part for details.

The motion energy channel is limited to capturing first-order motion. To enable the extrac-

tion of higher-order motion information, we introduce an alternative channel, depicted by the

gray route in Fig 6.3, which uses multi-layer 3D CNNs ahead of motion energy computation

to extract nonlinear spatiotemporal features. This dual-channel design draws inspiration from

observations in previous studies [28].

6.2.2 Materials Properties & Second-order Motion Perception

Despite incorporating a second channel aimed at extracting non-first-order features, our model

remains unable to identify second-order motion when trained solely on existing motion datasets.

This limitation reflects broader challenges within the CV field, where DNN-based models strug-

gle to spontaneously capture second-order motion perception through training on conventional

motion estimation tasks [167]. To validate our initial hypothesis, we constructed a unique

dataset while controlling object material properties, creating two distinct subsets: one exhibit-

ing Lambertian reflection and the other featuring non-Lambertian properties, including glossy,

transparent, metallic surfaces, etc (Fig. 6.4). The goal is to train the model, with a particular fo-

cus on second-order motion extractors, to identify physical object-level motion while mitigating

optical interferences caused by non-Lambertian reflection during motion.

To quantify the second-order motion perception ability, we developed the first benchmark

using natural images with second-order modulation, including classical drift-balance motion and

naturally occurring phenomena such as water waves and swirl flow fields (Fig. 6.5). These scenar-

ios, often indiscernible in Fourier space, introduce optical challenges such as chaotic reflections

and refraction. The human psychophysical study indicated a strong correlation (mean=0.97,

std= 0.02) in detecting various second-order modulations(Fig. 6.6), in contrast to the lower

correlation (mean=0.23, std=0.13) observed in representative CV models, RAFT.

Our findings, depicted in Fig. 6.7 B, indicate that both the training set’s material properties

and the model’s structural design significantly affect second-order motion perception. Training

with non-Lambertian materials markedly enhanced the recognition of all second-order motion

types, approaching human-level precision (mean correlation = 0.92). In contrast, the original

motion energy model and computer vision model, RAFT, even trained with non-Lambertian

data, showed limited ability in second-order motion perception, particularly for drift-balanced

motion. In Fig. 6.7 A, we investigate the direction-tuning abilities of the first-order and higher-
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Figure 6.4: Material-controlled natural motion dataset. We manipulate material properties to

create two extensive motion datasets with optical flow labels; one features purely reflective ma-

terials, while the other includes non-Lambertian materials such as specular, glossy, translucent,

and anisotropic surfaces.

order motion channels using in silico-neurophysiological methods. Testing first- and second-

order drifting grating in various directions and analyzing the results with a modified circular

variance [106], we observed that the motion energy (ME) units primarily responded to the first-

order motion. In comparison, the second-order channel exhibited enhanced tuning ability for

second-order motion, further improved by training on non-Lambertian materials.

Additionally, we evaluated second-order motion perception using our benchmark, comparing

the Pearson correlation between models’ response and carrier motion against multiple SOTA

optical flow estimation models, such as RAFT, GMFlow, and the multi-frame method VideoFlow
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Figure 6.5: Second-order Benchmark Demonstration. The first large second-order benchmark

is generated through more naturalistic modulations, such as water waves and swirl effects, ap-

plied to natural images. This dataset is utilized to either train models for second-order motion

estimation tasks or to quantify their capability in recognizing second-order motion.

[151]. As shown in Fig. 6.7 (A), our model exhibited the highest correlation and stability in

this context, closely approximating human performance levels. Besides, We found that while

non-Lambertian properties assist second-order motion perception in most models, current CV

models still struggle to recognize second-order motion, exhibiting lower correlation and high

variance. This discrepancy may be attributed to structural differences, as our model is built on

spatiotemporal filters that aim to emulate human motion processing mechanisms, whereas CV

models primarily focus on tracking explicit pixel correspondence between frames. Second-order

motions, such as drift-balanced motion, lack such correspondence across frames, leading these

models to generate noise. In Figure 6.8, we further show more quantitative demonstrations of

the interplay between material properties and the model’s response to the second-order motion.
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Figure 6.6: Human response on second-order motion. Our psychophysical experiments demon-

strate that humans reliably and accurately perceive a range of second-order motions.

6.3 Discussion

DNNs have demonstrated remarkable capabilities across a variety of vision tasks, and their

potential to explain the HVS is an active area of research. Recent studies have leveraged DNNs

to probe and decode the neural and perceptual mechanisms underlying visual motion. For

instance, Rideaux et al. [143,144] and Nakamura and Gomi [118] utilized multilayer feedforward

networks, while Storrs et al. [161] employed a predictive coding network (PredNet). These

studies discovered notable parallels with neurophysiological data in modeling biological visual

motion processing. Similarly, De Jong et al. [32] observed that certain units in FlowNet exhibit

spatiotemporal frequency tuning properties akin to mammalian neurons. DorsalNet [115] adopts

first-person perspective video stimuli to train a 3D ResNet model, enabling it to predict self-
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Figure 6.7: Interplay between material properties and second-order motion perception. (A):

Directional tuning curves of model units are tested using first-order and second-order gratings,

with a modified circular variance measure quantifying directional tuning (ranging from 0 to

1, where 0 indicates a uniform distribution). (B): (Left): Pearson correlation across various

types of second-order motion. The error bars represent a 95% confidence interval. (Right):

Detailed Pearson correlation across all modulation types. Mod1 to Mod7 represent random

noise, Gaussian blur, water wave, Fourier phase shuffle, random pixel shuffle, swirl, and drift-

balanced motion.

motion parameters and recapitulate the neural representation of the dorsal visual stream. With

the same goal in mind, our research seeks to trade off the mechanisms of HVS and the engineering

potentialities, establishing a comprehensive model capable of replicating human multi-order
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Figure 6.8: Demonstration of the interplay between material properties and second-order

motion perception.

motion perception across both experimental and complex natural settings.

A generalized computational model: We simplified the biological motion process pipeline

and proposed a V1-MT architecture that models the complete pathway from images, through

neural representations, to the perceptual response. Through end-to-end training using a wide

range of datasets, our model generalizes well from simple stimuli to complex natural scenes and

partially captures important characteristics of motion-processing neurons, including a change

in spatiotemporal tuning from V1 to MT areas. In addition, we integrate a high-order motion

channel into our framework, enabling the model to spontaneously develop second-order motion

detection capabilities at a level comparable to human performance.

To model the motion integration function, we introduced a novel recurrent process based

on the attention mechanism. This process successfully explains a wide range of physiological

findings (e.g., a change in the population of component and pattern cells from V1 to MT) and

psychophysical findings (e.g., global motion pooling). It also improves the partial correlation

with human psychophysical response. The success of the attention mechanism in motion in-
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tegration could be attributed to its similarity to the human visual grouping mechanism [109]

or similar feature grouping/binding that may be accomplished using a top-down attentional

selection mechanism [175].

The Interplay between First-order and Higher-order Channels: We aim to com-

prehend the roles of first-order and second-order motion perception in nature. We propose

that optic turbulence caused by non-Lambertian reflection significantly impacts second-order

motion. Although some research suggests that second-order motion might be related to trans-

parency [31, 148], material perception [10, 123, 131], or some invisible object inference [3], a

systematic quantification and verification of these factors have not been investigated yet.

As a first candidate, we employ a biological-orientated model and controlled material prop-

erties to systematically verify the relationship between second-order motion and material prop-

erties. The results, shown in Fig. 6.7, clearly support our hypothesis. Further, as illustrated

in Fig. 6.9, supplementary experiments were conducted to elucidate the interplay between the

first-order and higher-order channels, which details an experiment that assesses the impact of

the higher-order motion channel. We trained three distinct motion models to estimate realistic

motion and evaluated their performance on non-Lambertian and Lambertian surfaces:

• Type I: Single-channel model (pure motion energy model).

• Type II: Dual-channel model with a higher-order channel pre-trained for second-order

motion estimation, with fixed parameters during joint training.

• Type III: Fully trained dual-channel model.

Performance evaluation using end-point error (EPE: lower is better) on both Lambertian and

non-Lambertian datasets showed significant enhancement in performance on non-Lambertian

datasets when integrating a fixed second-order extractor (Type II) into the first-order channel.

We also highlight the second-order channel’s effectiveness in motion estimation under extreme

noise conditions in natural scenarios, such as turbulent water flow and moving box with water

fluctuation (Fig. 6.10). We humans can perceive the local optical noise generated by fluctuating

water. However, globally, we can also infer the general moving direction of the flow. This is

highly related to the functionality of second-order motion. The isolated second-order motion

may be rarely observed in natural environments; more often, it coexists with first-order motion

as the optical fluctuation. The computer vision models failed to consider this aspect, as they

are largely affected by local optical noise and generate broken optical flow fields. Hence, we hold

the view that joint consideration of first- and second-order motion may potentially make the

vision system more stable and reliable even in complex natural environments.

First-order motion, characterized by luminance shifts under a constant-brightness constraint,

correlates directly with physical object movement, a principle widely utilized in CV fields such

as the Lucas-Kanade methods. However, non-first-order motion occurs when local luminance

shifts are influenced by optical turbulence from non-Lambertian materials, failing to indicate
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Figure 6.9: The roles between first-order and higher-order motion channels: The efficiency of the

higher-order motion extractor is evaluated using both Lambertian and non-Lambertian datasets.

We explore three model configurations: an ME model restricted to first-order motion extraction,

an ME model with a frozen second-order motion extractor (ME+SEC), and an ME model with

a trainable second-order channel. Findings suggest that the primary first-order motion system

is capable of non-Lambertian motion estimation, while the second-order channel enhances the

primary system’s ability to counteract material optical noise, yielding more stable results.
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Figure 6.10: Second-order motion in natural environment. Up: water flowing in the river;

Down: the moving box with the vibration water. We humans can perceive the local optical

noise generated by fluctuating water. However, globally, we can also infer the general moving

direction of the flow.

the correct physical motion. The reflective properties of specular and glossy materials can

significantly alter light reflectance pathways, casting noisy-like optical interference, commonly

observed in natural settings with liquid fluctuations and extreme weather conditions. In such

complex optical environments, a higher-order motion detection system is necessary to aid the

primary vision system in accurately tracking object motion. Combining the results in Fig. 6.7

and Fig 6.9, it is suggested that second-order motion perception has evolved, at least partly, to

ensure reliable object motion detection amid optical turbulence in natural settings.

Overall, the results underscore that human motion perception is not solely dependent on

“motion” per se. It involves an intrinsic interaction with higher-level vision functions beyond

brightness shifts. The human vision system has evolved specialized channels and mechanisms

to handle this complex information, incorporating separate first-order and higher-order motion

processing areas [27, 83], along with the ventral and dorsal streams, for distinct functionalities.
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Insights from such biological concepts have influenced numerous computer vision works, such as

the Two-Stream Net [153]. Similarly, our dual-channel strategy demonstrates promising results

in extending basic first-order motion perception to include higher-order motion perception, which

is closely related to other vision functions like depth estimation, layering, and segmentation. It

is anticipated that a foundational vision model that links multiple vision functions will continue

to be a progressive direction for better understanding and simulating the human vision system.

Limitations: Our study highlights the inadequacy of motion energy-based models in cap-

turing higher-order features in specific scenarios, such as non-Fourier motion depicted in Fig.

6.5. To address the limitation above, human-like vision systems require higher-order feature

extractors beyond basic first-order motion systems. While our approach integrates multi-layer

3D CNNs to serve this role, it inevitably compromises the model’s transparency and explain-

ability. We can hardly interpret which high-order features that being extracted and utilized to

infer the optical flow, such as long-temporal statistics, depth cues, occlusion, structural con-

straints, or layer estimation Actually, these features surpass mere motion perception and touch

the integration of the broad function of the human vision system [123].

Additionally, we employ a simplistic, linear fusion approach in our model to merge first-

order and higher-order channels, while the interaction between first- and second-order signals

remains controversial in the current study, and may be much more complicated for the real

human system [100]. Considering these challenges, future research may focus on developing

more controllable feature extraction methods, which would clarify the roles of specific features

or cues in relation to particular scenes. Moreover, first-order and higher-order features each

have their merits in different scenarios, and an adaptive combination and interaction offer a

promising avenue for further exploration.

Impacts on Computer Vision Models: our study suggests the potential of drawing in-

spiration from the HVS to mitigate the limitations and instabilities inherent in contemporary

CV models. For instance, the instability of CV methods in certain scenarios is often linked

to their focus on matching pixel correspondence between frame pairs [141]. This strategy dif-

fers from the human motion perception mechanism, which depends on dynamic spatiotemporal

features and demonstrates exceptional stability and adaptability in interpreting physical object

motion. As we observed, the integration of a second-order motion system, adept at extracting

long-term, higher-order features, is essential in aiding the primary system to estimate object

motion accurately. This addition not only combats noise and optical turbulence but also results

in a more stable and reliable motion estimation model, particularly useful in challenging sce-

narios such as adversarial attacks [141] or extreme weather conditions [147]. We believe these

advancements offer significant insights to enhance the motion estimation in CV field to develop

a more reliable and stable model.
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6.4 Methods

6.4.1 Model Structure

We explain our biological-oriented model into two stages: Stage I and Stage II. As illustrated in

Fig. 6.3, Stage I comprises two channels: the first channel simulates the initial biological system

with motion energy constraints, while the second channel uses 3D CNNs to enable non-first-order

feature extraction.

The details of the first-order motion channel structure are described in Chapter 5. In the

second-order channel, we employ standard 3D CNNs to extract non-first-order features. This

channel consists of five layers of 3D CNNs, each with a kernel size of 3× 3× 5, interconnected

through residual connections and non-linear ReLU activation functions. The 3D CNN layers

serve as a preprocessing step for extracting non-linear features, which are then processed through

motion energy constraints, as previously described, to calculate the motion energy. The input to

this channel is a sequence of RGB images, and the output is formatted to match the first-order

channel, denoted as E2 ∈ R
H
8
×W

8
×256. Both the first-order and second-order channel activations

undergo the same normalization process, after which they are merged using a 1× 1 convolution.

This fused output is then fed into Stage II.

6.4.2 Training Strategy

In this work, we use a supervised learning approach, guided by the similarity between human

motion perception and physical ground truth (GT) as suggested by [189]. Our focus is on

how well the model mimics human motion perception, rather than its precision in predicting

GT. Our dataset includes various natural and artificial motion scenes, incorporating the Sintel

benchmark [18], and our custom multi-frame datasets with non-textured and drifting grating

motions. This diverse dataset helps the model adapt to different non-textured scenarios and

introduces a slow-world Bayesian prior [184].

For studying second-order motion, we develop datasets for Lambertian, non-Lambertian,

and second-order motions, integrating them into our training to handle specific verifications.

Throughout the training, we use a sequential pixel-wise mean-square-error loss to minimize the

difference between GT and model predictions.

Environment: We conducted model training using the PyTorch 2.0 framework on a work-

station with four Nvidia RTX A6000 GPUs in parallel, utilizing CUDA 11.7 runtime. Data

analysis was carried out using MATLAB and Python libraries, including SciPy and Pandas.

Timing Setting: Accounting for the standard playback frame rate of 25 FPS and the

human visual impulse response duration (approximately 200 ms), we configured the temporal

window of Stage I to cover 6 frames (200 ms). For training, sequences of 11 consecutive images

(400 ms) are inputted into the model. Supervised training utilizes the instantaneous velocity

at the sequence’s midpoint, specifically the fifth frame, as the training label. The second-order



138 CHAPTER 6. MODELLING SECOND-ORDER MOTION

channel, employing 3D-CNN, is designed with an extended temporal sequence of 15 frames (600

ms) to effectively capture long-term spatiotemporal features.

6.4.3 Datasets Generation

Dataset Rendering

We utilized Kubric’s pipeline [52] to generate extensive motion datasets, integrating Py-bullet

[30] for physics simulation and Py-blender [14] for rendering. Our approach involved selecting a

variety of 3D models and textures from resources like ShapeNet and GSO, coupled with natural

scene HDRI backgrounds from Polyhaven [196] for realistic lighting and textures.

In the process, objects were positioned at specific heights in the 3D scene. Using Py-bullet,

we simulated the physical dropping and interactions between objects. Camera placements were

carefully chosen for optimal viewing angles. Blender then rendered these 3D scenes into 2D

images, simultaneously generating a detailed motion flow field for each pixel, as shown in Fig.

6.5

Material properties were manipulated using the principled BSDF function to create natural-

looking optical effects. This included generating materials with both Lambertian and non-

Lambertian reflections, controlled by parameters like metallicity, specular, anisotropy, and trans-

mission. Other aspects, such as optical flow distribution, illumination, and object and scene

arrangement, were standardized to maintain consistency across the dataset.

Second-order dataset modulation

We generated two types of second-order motion datasets, named SEC-A and SEC-B. SEC-A

serves as a benchmark for quantifying second-order motion perception in humans and models.

It comprises 40 scenes, each with seven different types of second-order motion modulations.

To fix first-order motion interference, we selected natural static images and generated random

carrier motions using a Markov chain. We assume the random carrier movement S(t) can be

decomposed into two orthogonal vectors S(t) = [U(t), V (t)]. At any time step t, the motion

state depends solely on the previous time step t− 1:

Pr [S(t)] = Pr[S(t) = st | S(t− 1) = st−1] (6.1)

The motion states [U, V ] at time t are sampled from 2D Gaussian distributions, conditioned on

the previous motion state. Each carrier is modulated by specific second-order motion modula-

tors, including pure spatial (Local blur), pure temporal (Drift-balanced motion), and spatiotem-

poral modulations (Others). Random noise and Local blur involve applying sparse Gaussian

noise or Gaussian blur to carrier regions. Water wave, swirl, and random flow field modulations

warp local pixels with specific flow fields. For instance, for (x, y) ∈ (−π, π) and t > 0, the flow

field of the water wave fu,v,t =
[
∂K
∂x ,

∂K
∂y

]
is generated by simulating spatiotemporal water wave
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dynamics: {
K(r, t) = cos(2πfr) · e−γr2 · cos(2πξt) · e−δt2

r =
√

x2 + y2
(6.2)

Parameters f , ξ, and δ control the dynamics of the wave. By superimposing multiple water

wave fields with varied dynamics on different locations, we create chaotic local optical turbulence

concurrent with the carrier motion, resulting in the real carrier motion being obscured by local

optical noise and invisible in Fourier space. This phenomenon epitomizes the characteristics of

second-order motion. Similarly, Random flow field or shuffle Fourier phase modulation involves

warping pixels or the Fourier phase of original local regions using a randomly sampled Gaussian

flow field.

SEC-B is designed to train networks to directly recognize second-order motion. It includes

100 scenes, each containing 24 continuous frames. Similar second-order modulations are ap-

plied to non-Lambertian motion scenes to negate the effects of second-order factors caused by

materials. The camera is also fixed to eliminate interference from global camera motion. This

dataset is used specifically in the verification stage to train the second-order channel to recognize

second-order motion, as shown in Fig.6.7 (C).

6.4.4 Expeirmential Details

We employed drifting Gabor or plaid (composed of two Gabor components) with a single fre-

quency component as the input stimulus. For second-order motion, drift-balanced motion mod-

ulation was applied to the same Gabor carrier.

Directional Tuning: We employed a single frequency drifting-Gabor and plaid (superim-

posed at ±30 degrees) as stimuli. Initially, 12 directions were uniformly sampled from (0, 2π].

For each direction, we logarithmically sampled 8 × 8 = 64 sets of spatiotemporal frequency

combinations and obtained 64 directional tuning curves for each unit using the drifting-Gabor

stimulus. The spatiotemporal frequency with the largest s.t.d. was selected as the preferred fre-

quency st∗ for each unit. Subsequently, Gabor and plaid stimuli with the frequency configuration

of st∗ were input into the model to derive each unit’s directional tuning curve.

In Fig. 6.7 (B), we quantify orientation selectivity Oori using the modified circular variance

[106]:

Oori =

∣∣∣∣∑iA(θi) exp(2iθi)∑
iA(θi)

∣∣∣∣ , (6.3)

where A(θi) represents the normalized response at angle θi.

Human experiment

Participants and Apparatus: Stimuli were displayed on a VIEWPixx /3D LCD monitor

(VPixx Technologies) with a resolution of 1920 × 1080 pixels at a 30 Hz refresh rate. Display

luminance levels were linearly calibrated, with the minimum, mean, and maximum values of
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Figure 6.11: The pipeline of the human psychophysical experiment. Human subjects need to use

the mouse to control the moving noise to match the second-order motion they perceive. Three

subjects participated in the experiment, and we collected 280 human data for each subject.

1.8, 48.4, and 96.7cd/m2, respectively, using an i1Pro chromometer (VPixx Technologies). The

viewing distance was set at 70 cm, with each pixel subtending 1.2376 arcmin.

Participants in a darkened room using a chinrest for head stabilization were involved in

experiments conducted using the Psychopy library [132]. The study adhered to the ethical stan-

dards of the Declaration of Helsinki (excluding preregistration) and was approved by the Ethics

Committee of Kyoto University (KUIS-EAR-2020-003). Two authors and one naive participant

(three males, average age 25.3) with normal or corrected-to-normal vision participated. Informed

consent was obtained prior to the experiment, with participants compensated afterward.

Stimuli and Procedure: As illustrated in Figure 6.11, the protocol evaluated participants’

ability to estimate second-order motion. Each trial displayed target movement within apertures

(600 pixels in diameter) at the center of the screen for 500 ms (15 frames), followed by brown

noise movement (120 pixels in diameter) of the same duration with interstimulus intervals of

750 ms in between. A probe (15 pixels in diameter) was used to mark the location and timing

of the target motion during its presentation for estimation. Additionally, four dots (five pixels

each) served as position markers, displayed in an orthogonal arrangement 60 pixels away from

the display’s center. Participants adjusted the direction and speed of the noise movement using

a mouse to match the target’s labeled motion. Seven types of second-order motion modulations

were tested, each comprising 40 scenes. Four variations were presented to counter directional
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bias: Original, Horizontal Flip, Vertical Flip, and Both. A total of 1120 trials per participant

were conducted, taking 6 hours, with results averaged across flips to yield 280 perceived motion

vectors for comparison with CV models. The stimuli sequence was fully randomized for each

participant.





Chapter 7

Conclusion

7.1 Overview

This thesis examines the exploration of visual motion estimation at the intersection between

computer vision (CV) and vision science (VS), with the ultimate goal of minimizing the gap

between CV and the human visual system in the visual motion perception field.

We take a comprehensive journey through motion perception, from unsupervised learning

of optical flow estimation in the computer vision field to human visual motion processing and

perception. Ultimately, we construct a generalized motion-processing model that merges deep

learning intelligence with insights from VS, balancing the functional similarity and neurophysi-

ological plausibility of the HVS with engineering applicability to complex natural scenarios.

• The initial Chapter 1 provides a comprehensive overview of human visual motion per-

ception and optical flow estimation, emphasizing their significance across various domains

in CV and VS. This chapter also explores the historical context of research in this area,

highlighting progress made and identifying persistent gaps between the two fields.

• Chapter 2 provides preliminaries associated with visual motion perception and optical

flow estimation tasks. Specifically, it describes the current methodology of supervised and

unsupervised learning for optical flow and identifies potential problems. Concurrently, it

introduces basic computational methods for motion perception in both CV fields—such as

the Lucas-Kanade method, DNN-based methods—and in VS fields, which include models

based on Motion From Fourier Component (MFFC) principles (Fig. 2.3) and higher-order

motion perception such as second-order motion perception.

• Chapter 3 delves into the motion perception of computer vision-based methods. Specif-

ically, it explores the unsupervised learning method based on deep learning strategies,

which has the potential to generate learning behavior similar to that of animals learn-

ing motion perception by dynamically interacting with the world. This chapter focuses

on modeling unsupervised learning optical flow from multi-frame sequences of dynamic

143
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scenes. A novel temporal dynamic modeling strategy is introduced in unsupervised learn-

ing, leveraging temporal continuity across frames to enable the model to learn motion rules

with content variation and occluded regions across frames. Coupled with a well-designed

adaptive fusion model, we achieve state-of-the-art performance on the Sintel Clean and

Final benchmarks (Table: 3.10).

• Chapter 4 demonstrates the differences between CV models and human perception in mo-

tion perception tasks, from their inner mechanisms to their perceptual responses. We

incorporated several representative CV models, including supervised and unsupervised

methods, and compared them with human perceptual responses based on the in-silico

psychophysical method. The results indicated that most DNN-based models do not gen-

eralize to simple experimental stimuli and cannot account for perceptual motion reversals

perceived by humans with contrast-reversed patterns and a missing fundamental grating

(Fig. 4.3). Additionally, none of the tested models can explain occlusion-aware motion in-

tegration and second-order motion (Fig. 4.6). Generally, there is a significant gap between

human and CV models that needs to be bridged.

• Chapter 5 proposes an image-computable model of human motion perception by bridging

the gap between biological and CV models. Specifically, it introduces a novel two-stage

approach that combines trainable motion energy sensing with a recurrent self-attention

network for adaptive motion integration and segregation. This model architecture aims

to capture the computations in V1-MT while providing the ability to derive informative

motion flow for a wide range of stimuli, including complex natural scenes. In silico neu-

rophysiology reveals that our model’s unit responses are similar to mammalian neural

recordings regarding motion pooling and speed tuning. The proposed model can also

replicate human responses to a range of stimuli examined in past psychophysical studies.

Experimental results on the Sintel benchmark demonstrate that our model predicts human

responses better than the ground truth, whereas state-of-the-art computer vision models

show the opposite(Table. 5.1). The unsupervised learning method proposed in Chapter 3

further allows our model to spontaneously learn motion estimation by watching unlabeled

videos, although its performance is weaker than the supervised method (Fig. 5.14).

• Chapter 6 discusses the issue of second-order motion and its significance in natural environ-

ments. It proposes a DNN-based model to process both first- and second-order motions

in natural scenes. By creating initial second-order motion benchmarks to quantify this

capability and training the model using specific optical flow datasets with varying mate-

rial properties, we observed that second-order motion perception is significantly related

to the material properties of training environments. This suggests that the second-order

motion system might have evolved, at least partially, to aid in the robust estimation of ob-

ject motion while countering optical turbulence in natural environments. The results also
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demonstrated that current computer vision models fail to consider this aspect, as they are

largely affected by local optical noise and generate broken optical flow fields (Fig. 6.10).

Hence, the joint consideration of first- and second-order motion may potentially make

vision systems more stable and reliable even in complex natural environments. Finally,

we developed an image-computable model that simulates human motion perception pro-

cessing, capable of accommodating both first-order and second-order motions with certain

neurophysiological and perceptual similarities to previous observations.

Overall, at the intersection of human vision science and computer vision, this thesis con-

tributes innovative solutions to both research fields. On the one hand, we achieve state-of-the-

art performance in unsupervised learning, creating solutions that make computer vision models

behave more like humans and predict human perception. The chapter on second-order motion

provides insights into drawing inspiration from the HVS to mitigate the limitations and instabili-

ties inherent in contemporary CV models. For instance, the instability of CV methods in certain

scenarios is often linked to their focus on matching pixel correspondence between frame pairs.

This strategy differs from the human motion perception mechanism, which relies on dynamic

spatiotemporal features and demonstrates exceptional stability and adaptability in interpreting

physical object motion. As observed, integrating a second-order motion system, adept at ex-

tracting long-term, higher-order features, is essential in aiding the primary system to estimate

object motion accurately. This addition not only combats noise and optical turbulence but also

results in a more stable and reliable motion estimation model, particularly useful in challenging

scenarios such as adversarial attacks or extreme weather conditions. We believe these advance-

ments offer significant insights to enhance motion estimation in the CV field, developing more

reliable and stable models.

On the other hand, we also contribute to human vision science by identifying several similar-

ities and dissimilarities in motion estimation between CV and VS. We build the first generalized

model that incorporates previous knowledge in vision science and proposes a recurrent inte-

gration process based on a self-attention mechanism, successfully capturing the functionality of

MT. Our model captures human perceptual responses and animal neuron patterns, making it a

promising biological agent in vision science studies. Using this agent, we also achieve success in

second-order motion studies, gaining a scientific understanding of its meaning and functionality

in natural environments. This modeling method shows promise for understanding mechanisms

and functionalities in humans and animals.

7.2 Limitations and Future studies

Deep learning techniques have demonstrated remarkable capabilities across a variety of vision

tasks. These techniques not only enhance vision applications in real industrial scenarios, such as

optical flow estimation in video editing and super-resolution [179], behavioral understanding in
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CCTV [153], and scene perception in autonomous driving [55], but they also hold the potential

to explain the human vision system. Recent studies have leveraged DNNs to probe and decode

the neural and perceptual mechanisms underlying visual motion. For instance, Rideaux et

al. [143,144] and Nakamura and Gomi [118] utilized multilayer feedforward networks, while Storrs

et al. [161] employed a predictive coding network (PredNet). These studies discovered notable

parallels with neurophysiological data in modeling biological visual motion processing. Similarly,

De Jong et al. [32] observed that certain units in FlowNet exhibit spatiotemporal frequency

tuning properties akin to mammalian neurons. DorsalNet [115] adopts first-person perspective

video stimuli to train a 3D ResNet model, enabling it to predict self-motion parameters and

recapitulate the neural representation of the dorsal visual stream.

With the same goal in mind, our research seeks to balance the mechanisms of the human

visual system (HVS) and the engineering potentialities of deep learning. We first investigate

the unsupervised learning method in the computer vision field, considering that unsupervised

learning enables the model to capture motion rules by observing natural environments in a

manner akin to animal behavior. We design a temporal dynamic scene augmentation to allow

the model to grasp the rules of occlusion and content variation during motion, achieving state-

of-the-art performance in computer vision benchmarks.

However, in Chapter 4, we identify a significant gap between current computer vision models

and human perception. This gap arises from multiple factors, including model architecture,

training methods, and training data. To minimize this gap, we design a novel structure that

combines biological computation and DNNs. The V1-MT architecture we propose not only

balances neurophysiological plausibility but also establishes a comprehensive model capable of

replicating human multi-order motion perception in both experimental and complex natural

settings. Coupled with our unsupervised learning method, the model is capable of learning

first-order motion estimation with a tendency similar to supervised learning. Using this model

as a biological agent, we also gain a scientific understanding of the functionality and meaning

of higher-order motion perception observed in multiple species.

Despite these advancements, the current model has several limitations that open new avenues

for future research.

7.2.1 Limits of Current Unsupervised Learning

Engineering-wise

Chapter 3 proposed several approaches for temporal modeling in unsupervised learning. How-

ever, these methods have limitations and areas for future improvement.

Firstly, the dynamic training enhancer introduces online scene transitions during training,

increasing data processing time. Each training iteration requires five inferences, making the

training phase approximately five times longer than the baseline. Secondly, the proposed tem-

poral smoothness regularization (TSR) relies on short-time-window motion invariance, which
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may be less effective in low-sampling-rate videos or fast-motion scenes. Using high-frame-rate

cameras could reduce the video sampling window, potentially enhancing TSR’s effectiveness.

This is a promising avenue given the accessibility of high-speed cameras compared to optical

flow ground truths in natural settings. A new unsupervised learning protocol could use the

high frame rate, allowing the model to learn motion rules in a slower world and gradually adapt

to faster movements in a self-supervised manner. Thirdly, while the continuous movement of

artificial occluders is simulated using the Markov property, superpixel algorithm-shaped image

fragments do not fully capture natural objects. Future work could use instance segmentation

networks to extract entire objects from scenes, simulating their motion more naturally. Addi-

tionally, the current method only simulates the 2D affine transformation of the artificial occluder,

which does not capture the full complexity of the 3D world. A more realistic simulation could

further improve performance.

Currently, the unsupervised learning protocol is mainly based on image-warping and recon-

struction loss. However, these methods have inherent drawbacks. The reconstruction loss is

not robust enough to cope with content variation and occlusion, especially in complex optical

environments. Although several robust loss functions, such as SSIM and Census, have been

developed to avoid brightness variation, they do not fully solve this problem [159]. Therefore,

more robust methods are needed, such as constraints from multi-frame extension [53, 71, 168],

epipolar constraints [198], 3D geometrical constraints [191,200], and stereo depth [86,181].

Scientific-wise

Unsupervised learning conceptually provides a promising approach to simulating animal behavior

by allowing motion learning in a natural environment. However, current methods still do not

capture the full spectrum of animal behavior in learning. Unsupervised learning, using the

image-warp and reconstruction method, infers optical flow to match pixel correspondence based

on brightness. However, in nature, organisms learn motion perception through interactions with

their environment. This process involves integrating multiple sensory inputs and the brain’s

complex processing mechanisms. Initially, organisms rely on various senses, such as vision,

hearing, and touch, to perceive motion. For example, the visual system captures changes in

light through photoreceptors in the retina, which then transmit neural signals to the brain for

processing. Specific areas in the brain, such as the primary visual cortex and motor cortex,

are responsible for processing and integrating sensory inputs. These areas learn and adapt to

motion perception through neuron interactions and synaptic plasticity.

Through continuous experience and interaction with their environment, organisms can im-

prove their motion perception abilities. For instance, a baby learns motion perception and

coordination through activities like crawling and walking. Organisms use feedback mechanisms

to self-correct and improve. For example, when a person reaches out to grab an object, visual

and tactile feedback help adjust the hand’s position and grip strength to successfully grasp the
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target.

Considering these issues, integrating unsupervised learning with Reinforcement Learning

(RL) might better model the learning processes of organisms. RL emphasizes gaining experience

through interactions with the environment and optimizing behavior strategies through reward

and punishment mechanisms, similar to how organisms learn and adapt to their environment

through trial and error and feedback mechanisms. In RL, an agent influences the environment

by taking actions and adjusting its strategies based on environmental feedback (rewards or

punishments). This process resembles how organisms optimize their motion perception and

behavior strategies through sensory feedback and behavioral adjustments. Therefore, applying

RL to simulate the learning process of organisms might more accurately reflect how organisms

adapt and optimize their behavior compared to unsupervised learning. Future research can

further explore integrating multisensory inputs and complex neural network structures to more

accurately simulate biological learning and adaptation processes. This not only helps understand

biological learning mechanisms but also potentially enhances the adaptability and intelligence

of AI in dynamic environments.

7.2.2 Unclear Neural Implementation

While we show that the attention-based recurrent network is a promising computational model

of human visual motion grouping and segmentation, how its complex architecture (where all

responses can be influenced by all other responses) is actually implemented in the human brain

remains an open question. Especially for self-attention mechanisms based on motion integration,

although it successfully captured the function of the MT area in motion integration, the dynamic

graph construction assumes all responses can be influenced by all other responses, depending on

the response similarity. That is, dynamically, any response integrator can be connected to any

other, no matter how far apart they are spatially. This is what allows the network to integrate

local motion into global motion, but how this could be implemented neurally is very unclear.

Additionally, we do not take into account the benefits of biological processing, such as energy

efficiency.

In Chapter 6, we proposed that the dual-channel structure is also a conceptually simplified

version of the real neural implementation. In particular, we employ a simplistic, linear fusion

approach in our model to merge first-order and higher-order channels, while the interaction

between first- and second-order signals remains controversial in the current study and may be

much more complicated for the real neural system [100]. A further reasonable explanation of

the neural implementation or an alternative, more neurally plausible implementation needs to

be investigated in the future.
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7.2.3 Blacks Box Problem Still Exists

In Chapter 5, while we attempted to incorporate computational constraints such as motion

energy computation to enhance the model’s transparency and explainability, it is inevitable

that the black box problem remains in the current model. For example, in Stage II, we leverage

the attention mechanism and build a recurrent process to integrate and segregate the motion

field. However, it is still unclear how the neural networks achieve this adaptive integration

ability.

More specifically, we utilized visualization methods to show how local regions are intercon-

nected during the integration process, but it remains unclear how the initial motion energy

features are merged in the convolution layers to generate these connections, and how they iden-

tify objects and occlusions in complex scenarios. To increase explainability, we used the inverse

max activation method [192] to demonstrate the preferred stimuli of each unit from Stage I and

the deep layers of Stage II. This allowed us to understand the general mechanism carried out

by the motion model: the units in Stage I prefer motion with simple frequency components

like drifting gratings, while the second-stage unclassified units respond to more complex mo-

tion patterns consisting of both central and background motions, as shown at the bottom of

Fig. 5.5 (B). This suggests that the classical classification of motion neurons into component

and pattern cells might be insufficient to characterize the motion integration properties of these

neurons. Such neural patterns are difficult to explain using current methodologies.

Similarly, in Chapter 6, we integrated multi-layer 3D CNNs to serve the higher-order motion

channel. Although the 3D CNN with ReLU nonlinearity is powerful for extracting second-

order motion features, it inevitably compromises the model’s transparency and explainability

compared to the motion energy model. It is challenging to interpret which high-order features

are being extracted and utilized to infer optical flow, such as long-term temporal statistics, depth

cues, occlusions, structural constraints, or layer estimation. In fact, these features surpass mere

motion perception and touch upon the integration of the broader functions of the human vision

system.

It is promising to develop more advanced technologies and analytical methods to understand

the inner mechanisms of DNNs. Future research could explore the use of techniques like ex-

plainable AI (XAI) [40], which focuses on making the operations of DNNs more interpretable to

humans. Methods such as layer-wise relevance propagation (LRP) [7], integrated gradients, and

attention visualization can provide insights into how specific features are processed and com-

bined to produce the network’s output. Additionally, hybrid models that combine interpretable

physical models with DNNs could offer a balance between performance and explainability. Con-

tinued advancements in these areas will be crucial for demystifying the black-box nature of

neural networks and enhancing their applicability in complex real-world scenarios.
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7.2.4 Vision Functionality is Interconnected

Despite our efforts to model and analyze human motion perception as an independent system,

the reality is that the motion perception system in the human brain is not a standalone area.

It primarily involves regions traversed by the dorsal stream and is closely connected with other

brain regions. At the perceptual level, motion is intricately linked with other high-level visual

functions such as object segmentation, self-motion, and depth perception, with motion per-

ception influenced by these higher-order cues and information. Furthermore, human motion

perception is not limited to the 2D image plane; it extends to 3D space, integrating depth and

stereoscopic cues to infer the true motion of objects. Broadly speaking, these cues go beyond

the scope of classical Fourier motion research and belong to a class of higher-order motion,

similar to second-order motion. In Chapter 6, we also employed 3D-CNNs as feature extractors

for this type of motion. However, it is challenging to interpret which high-order features are

being extracted and utilized to infer optical flow, such as long-term temporal statistics, depth

cues, occlusions, structural constraints, or layer estimation. These features surpass mere mo-

tion perception and touch upon the integration of the broader functions of the human vision

system [123].

Overall, the results of this thesis, especially those in Chapter 6, underscore that human

motion perception is not solely dependent on ”motion” per se. It involves intrinsic interactions

with higher-level vision functions beyond simple brightness shifts. The human vision system has

evolved specialized channels and mechanisms to handle this complex information, incorporating

separate first-order and higher-order motion processing areas [27, 83], along with the ventral

and dorsal streams for distinct functionalities. Insights from such biological concepts have

influenced numerous computer vision works, such as the Two-Stream Net [153]. Similarly,

our dual-channel strategy demonstrates promising results in extending basic first-order motion

perception to include higher-order motion perception, which is closely related to other vision

functions like depth estimation, layering, and segmentation. It is anticipated that a foundational

vision model that links multiple vision functions will continue to be a progressive direction for

better understanding and simulating the human vision system.

In conclusion, this dissertation lays the groundwork for future research by highlighting the

necessity of integrating multiple vision functions to achieve a comprehensive understanding of

motion perception. Future studies should aim to develop more advanced models that incorpo-

rate high-order features and leverage the strengths of both supervised and unsupervised learn-

ing techniques. Additionally, exploring the application of reinforcement learning could provide

deeper insights into how organisms adapt and optimize their behavior through environmental

interactions, potentially leading to more robust and interpretable AI systems. Expanding on

the dual-channel approach and incorporating multisensory inputs will be crucial for advancing

the field and creating models that more accurately reflect the complexities of the human visual

system.
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[54] V. Guizilini, K.-H. Lee, R. Ambruş, and A. Gaidon. Learning optical flow, depth, and scene

flow without real-world labels. IEEE Robotics and Automation Letters, 7(2):3491–3498,

2022.

[55] A. Gupta, A. Anpalagan, L. Guan, and A. S. Khwaja. Deep learning for object detection

and scene perception in self-driving cars: Survey, challenges, and open issues. Array,

10:100057, 2021.

[56] T. Handa and A. Mikami. Neuronal correlates of motion-defined shape perception in

primate dorsal and ventral streams. European journal of Neuroscience, 48(10):3171–3185,

2018.

[57] B. Hassenstein and W. Reichardt. Systemtheoretische analyse der zeit-, reihenfolgen-

und vorzeichenauswertung bei der bewegungsperzeption des rüsselkäfers chlorophanus.

Zeitschrift für Naturforschung B, 11(9-10):513–524, 1956.

[58] D. J. Heeger. Modeling simple-cell direction selectivity with normalized, half-squared,

linear operators. Journal of neurophysiology, 70(5):1885–1898, 1993.

[59] G. B. Henning, B. G. Hertz, and D. Broadbent. Some experiments bearing on the hy-

pothesis that the visual system analyses spatial patterns in independent bands of spatial

frequency. Vision research, 15(8-9):887–897, 1975.

[60] B. K. Horn and B. G. Schunck. Determining optical flow. Artificial intelligence, 17(1-

3):185–203, 1981.

[61] A. Hosni, C. Rhemann, M. Bleyer, C. Rother, and M. Gelautz. Fast cost-volume filtering

for visual correspondence and beyond. IEEE transactions on pattern analysis and machine

intelligence, 35(2):504–511, 2012.

[62] Z. Huang, X. Shi, C. Zhang, Q. Wang, K. C. Cheung, H. Qin, J. Dai, and H. Li. Flow-

former: A transformer architecture for optical flow. In Computer Vision–ECCV 2022:



156 BIBLIOGRAPHY

17th European Conference, Tel Aviv, Israel, October 23–27, 2022, Proceedings, Part XVII,

pages 668–685. Springer, 2022.

[63] D. H. Hubel and T. N. Wiesel. Receptive fields of single neurones in the cat’s striate

cortex. The Journal of physiology, 148(3):574, 1959.

[64] D. H. Hubel and T. N. Wiesel. Receptive fields and functional architecture in two non-

striate visual areas (18 and 19) of the cat. Journal of neurophysiology, 28(2):229–289,

1965.

[65] T.-W. Hui, X. Tang, and C. C. Loy. Liteflownet: A lightweight convolutional neural

network for optical flow estimation. In Proceedings of the IEEE conference on computer

vision and pattern recognition, pages 8981–8989, 2018.

[66] J. Hur and S. Roth. Iterative residual refinement for joint optical flow and occlusion

estimation. In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern

Recognition (CVPR), June 2019.

[67] J. Hur and S. Roth. Iterative residual refinement for joint optical flow and occlusion

estimation. In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern

Recognition, pages 5754–5763, 2019.

[68] E. Ilg, N. Mayer, T. Saikia, M. Keuper, A. Dosovitskiy, and T. Brox. Flownet 2.0: Evolu-

tion of optical flow estimation with deep networks. In Proceedings of the IEEE conference

on computer vision and pattern recognition, pages 2462–2470, 2017.

[69] W. Im, T.-K. Kim, and S.-E. Yoon. Unsupervised learning of optical flow with deep feature

similarity. In European Conference on Computer Vision, pages 172–188. Springer, 2020.

[70] S. Ince and J. Konrad. Occlusion-aware optical flow estimation. IEEE Transactions on

Image Processing, 17(8):1443–1451, 2008.

[71] J. Janai, F. Guney, A. Ranjan, M. Black, and A. Geiger. Unsupervised learning of multi-

frame optical flow with occlusions. In Proceedings of the European Conference on Computer

Vision (ECCV), pages 690–706, 2018.

[72] H. Jiang, D. Sun, V. Jampani, M.-H. Yang, E. Learned-Miller, and J. Kautz. Super

slomo: High quality estimation of multiple intermediate frames for video interpolation.

In Proceedings of the IEEE conference on computer vision and pattern recognition, pages

9000–9008, 2018.

[73] A. Johnston and C. Clifford. Perceived motion of contrast-modulated gratings: predictions

of the multi-channel gradient model and the role of full-wave rectification. Vision research,

35(12):1771–1783, 1995.



BIBLIOGRAPHY 157

[74] A. Johnston, P. McOwan, and H. Buxton. A computational model of the analysis of some

first-order and second-order motion patterns by simple and complex cells. Proceedings of

the Royal Society of London. Series B: Biological Sciences, 250(1329):297–306, 1992.

[75] J. P. Jones and L. A. Palmer. An evaluation of the two-dimensional gabor filter model of

simple receptive fields in cat striate cortex. Journal of neurophysiology, 58(6):1233–1258,

1987.

[76] J. P. Jones, A. Stepnoski, and L. A. Palmer. The two-dimensional spectral structure of

simple receptive fields in cat striate cortex. Journal of Neurophysiology, 58(6):1212–1232,

1987.

[77] R. Jonschkowski, A. Stone, J. T. Barron, A. Gordon, K. Konolige, and A. Angelova. What

matters in unsupervised optical flow. In European Conference on Computer Vision, pages

557–572. Springer, 2020.

[78] R. Jonschkowski, A. Stone, J. T. Barron, A. Gordon, K. Konolige, and A. Angelova. What

matters in unsupervised optical flow. In Computer Vision–ECCV 2020: 16th European

Conference, Glasgow, UK, August 23–28, 2020, Proceedings, Part II 16, pages 557–572.

Springer, 2020.

[79] A. Kendall, H. Martirosyan, S. Dasgupta, P. Henry, R. Kennedy, A. Bachrach, and A. Bry.

End-to-end learning of geometry and context for deep stereo regression. In Proceedings of

the IEEE international conference on computer vision, pages 66–75, 2017.

[80] D. P. Kingma and J. Ba. Adam: A method for stochastic optimization. arXiv preprint

arXiv:1412.6980, 2014.

[81] D. P. Kingma and J. Ba. Adam: A method for stochastic optimization. arXiv preprint

arXiv:1412.6980, 2014.

[82] T. N. Kipf and M. Welling. Semi-supervised classification with graph convolutional net-

works. arXiv preprint arXiv:1609.02907, 2016.

[83] T. Ledgeway and A. T. Smith. Evidence for separate motion-detecting mechanisms for

first-and second-order motion in human vision. Vision research, 34(20):2727–2740, 1994.

[84] T. Ledgeway and A. T. Smith. Evidence for separate motion-detecting mechanisms for

first-and second-order motion in human vision. Vision research, 34(20):2727–2740, 1994.

[85] E. LeDue, M. Zou, and N. Crowder. Spatiotemporal tuning in mouse primary visual

cortex. Neuroscience letters, 528(2):165–169, 2012.

[86] L. Liu, G. Zhai, W. Ye, and Y. Liu. Unsupervised learning of scene flow estimation fusing

with local rigidity. In IJCAI, pages 876–882, 2019.



158 BIBLIOGRAPHY

[87] L. Liu, J. Zhang, R. He, Y. Liu, Y. Wang, Y. Tai, D. Luo, C. Wang, J. Li, and F. Huang.

Learning by analogy: Reliable supervision from transformations for unsupervised optical

flow estimation. In Proceedings of the IEEE/CVF Conference on Computer Vision and

Pattern Recognition, pages 6489–6498, 2020.

[88] P. Liu, I. King, M. R. Lyu, and J. Xu. Ddflow: Learning optical flow with unlabeled data

distillation. In Proceedings of the AAAI conference on artificial intelligence, volume 33,

pages 8770–8777, 2019.

[89] P. Liu, I. King, M. R. Lyu, and J. Xu. Ddflow: Learning optical flow with unlabeled data

distillation. In Proceedings of the AAAI Conference on Artificial Intelligence, volume 33,

pages 8770–8777, 2019.

[90] P. Liu, M. Lyu, I. King, and J. Xu. Selflow: Self-supervised learning of optical flow. In

Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition,

pages 4571–4580, 2019.

[91] S. Liu, K. Luo, N. Ye, C. Wang, J. Wang, and B. Zeng. Oiflow: occlusion-inpainting

optical flow estimation by unsupervised learning. IEEE Transactions on Image Processing,

30:6420–6433, 2021.

[92] Z. Liu, Y. Lin, Y. Cao, H. Hu, Y. Wei, Z. Zhang, S. Lin, and B. Guo. Swin transformer:

Hierarchical vision transformer using shifted windows. In Proceedings of the IEEE/CVF

International Conference on Computer Vision, pages 10012–10022, 2021.

[93] J. Long, E. Shelhamer, and T. Darrell. Fully convolutional networks for semantic segmen-

tation. In Proceedings of the IEEE conference on computer vision and pattern recognition,

pages 3431–3440, 2015.

[94] J. Lorenceau and M. Shiffrar. The influence of terminators on motion integration across

space. Vision research, 32(2):263–273, 1992.

[95] W. Lotter, G. Kreiman, and D. Cox. Deep predictive coding networks for video prediction

and unsupervised learning. arXiv preprint arXiv:1605.08104, 2016.

[96] Z.-L. Lu and G. Sperling. Contrast gain control in first-and second-order motion percep-

tion. JOSA A, 13(12):2305–2318, 1996.

[97] B. D. Lucas and T. Kanade. An iterative image registration technique with an application

to stereo vision. In IJCAI’81: 7th international joint conference on Artificial intelligence,

volume 2, pages 674–679, 1981.

[98] A. Luo, F. Yang, K. Luo, X. Li, H. Fan, and S. Liu. Learning optical flow with adap-

tive graph reasoning. In Proceedings of the AAAI Conference on Artificial Intelligence,

volume 36, pages 1890–1898, 2022.



BIBLIOGRAPHY 159

[99] K. Luo, C. Wang, S. Liu, H. Fan, J. Wang, and J. Sun. Upflow: Upsampling pyramid

for unsupervised optical flow learning. In Proceedings of the IEEE/CVF Conference on

Computer Vision and Pattern Recognition, pages 1045–1054, 2021.

[100] K. Maruya and S. Nishida. Spatial pooling of one-dimensional second-order motion signals.

Journal of Vision, 10(13):24–24, 2010.

[101] G. Mather. First-order and second-order visual processes in the perception of motion and

tilt. Vision research, 1991.

[102] G. Mather and L. Murdoch. Evidence for global motion interactions between first-order

and second-order stimuli. Perception, 27(7):761–767, 1998.

[103] G. Mather and S. West. Evidence for second-order motion detectors. Vision research,

1993.

[104] N. Mayer, E. Ilg, P. Fischer, C. Hazirbas, D. Cremers, A. Dosovitskiy, and T. Brox. What

makes good synthetic training data for learning disparity and optical flow estimation?

International Journal of Computer Vision, 126(9):942–960, 2018.
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