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Abstract

Historically, the development of neural approaches in Natural Language Processing

(NLP) established the modification of model parameters as the fundamental path-

way for task-specific adaptation. In this classical paradigm, addressing a new task

necessitated specialized training or fine-tuning to encode task-relevant knowledge

directly into the model’s weights, as known as the “one model, one task” paradigm.

However, the emergence of Large Language Models (LLMs) has fundamentally dis-

rupted this trajectory, introducing a “one model, all tasks” approach. In this new

landscape, because the massive scale of parameters often remains frozen during

deployment, inference-time execution has emerged as the new valid stage for per-

formance optimization. Rather than modifying weights, the model’s performance

is now determined by the strategic construction of the inference process itself. We

argue that the critical bottleneck of current AI systems lies not in a deficiency

of their pre-trained knowledge, but in the inherent unreliability of inference-time

execution when facing complex tasks, domain shifts, or noisy multimodal envi-

ronments. This thesis investigates the inference-time emergent abilities of LLMs

when specialized inference-time scaffolding activates the model’s core behaviors

of context utilization and reasoning without parameter updates, and introduces

advanced mechanisms across the above three key dimensions.

First, we address the performance gap in In-Context Learning (ICL), which

means that models learn to perform tasks by observing a few demonstrations pro-

vided in the prompt without parameter updates. We argue that vanilla ICL often

falls short of supervised models in structured regimes because it lacks the syn-

ergy between effective context utilization (selecting semantically aligned demon-

strations) and robust reasoning (mapping those demonstrations to strict task
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schemas). We propose task-aware retrieval and reasoning-enhanced mechanisms

such as GPT-RE and GPT-MM, to bridge this gap by aligning external examples

with internal logical constraints.

Second, we tackle the unreliability of domain adaptation under distribution

shifts by introducing the Adapt-Retrieve-Revise framework. This mechanism en-

hances context utilization by using adapted smaller models to anchor precise ev-

idence retrieval and scaffolds the internal reasoning of large models to perform

reliable hypothesis revision.

Third, we extend this design to agentic multimodal systems, the most so-

phisticated frontier of scaffolding, where text serves as the universal medium for

coordinating diverse modules. In these scenarios, a perception model (e.g., for

speech recognition) translates sensory input into textual artifacts, which are then

fed into the context of a downstream LLM for high-level decision-making. To

bridge the persistent perception-reasoning gap, we introduce SpeechIQ, a frame-

work for agent-centric evaluation that assesses the model’s capacity to utilize noisy

perceptual context beyond verbatim accuracy. Furthermore, we propose Speech-

Hands, a voice-agentic framework that leverages inference-time self-reflection to

resolve conflicts between internal logic and external hypotheses. These contri-

butions demonstrate that agentic coordination can transform LLMs from passive

text generators into resilient decision-makers capable of autonomous reasoning and

meta-cognitive coordination in complex environments.

In conclusion, through extensive empirical evaluations across diverse bench-

marks, this thesis establishes a comprehensive framework for guiding the emer-

gent abilities of LLMs at inference time. This dissertation demonstrates that

properly designed inference-time scaffolding can effectively substitute for costly

full-parameter retraining, providing a robust path toward high-performance and

resilient intelligence. By evolving LLMs into reflective agents, we pave the way for

a more unified intelligence capable of navigating the uncertainties of the real world.

Looking ahead, this work provides a foundation for the evolution toward inference-

time training for real-time adaptation and autonomous agentic systems capable

of self-managed scaffolding, ultimately aiming for a unified intelligence that can

autonomously reason across all human sensory and cognitive dimensions.
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Chapter 1

Introduction

1.1 Background of Inference-Time Emergent Abilities

The evolution of Natural Language Processing (NLP) is characterized by a se-

ries of fundamental shifts in how models acquire and apply linguistic knowledge.

Historically, the field was governed by statistical approaches, where language un-

derstanding relied heavily on manual feature engineering and probabilistic models

such as n-grams [92, 16] and Hidden Markov Models (HMMs) [137]. In this era,

performance was a direct reflection of human-designed rules, and systems were

inherently brittle, lacking the capacity for general semantic representation.

The transition toward the neural network era, marked by the advent of word

embeddings (e.g., Word2Vec [121]) and sequence-to-sequence architectures [167]

(e.g., LSTMs [56] and CNNs [83]), introducing a paradigm of automated feature

learning. However, these models were still task-specific; addressing a new prob-

lem required training a dedicated model from scratch on curated datasets. This

trajectory culminated in the BERT-era [37, 8, 144, 90, 217], which popularized

the "Pre-train then Fine-tune" pipeline. While BERT and its variants enabled

powerful context-aware representations, they still operated within a "one model,

one task" ecosystem, where the primary lever for optimization remained the mod-

ification of model parameters through supervised weight updates for each specific

application.

The rise of Large Language Models (LLMs) [17, 173, 29, 142, 57] has fundamen-

1
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tally disrupted this trajectory, ushering in a "one model, all tasks" paradigm. With

billions of parameters and vast pre-training on diverse corpora, LLMs demonstrate

a remarkable ability to generalize across thousands of tasks through zero-shot or

few-shot prompting [17, 122, 214, 98, 162]. In this new landscape, the model

parameters are often frozen due to computational costs or API accessibility―
shifting, the locus of performance optimization from training-time weight updates

to inference-time execution design.

However, this transition also exposes a critical reliability gap. While LLMs

possess vast pre-trained knowledge, they remain notoriously brittle in settings

that demand strict output constraints, faithful domain grounding, or robust mul-

timodal interaction. Naive prompting often leads to inconsistent format adherence,

hallucinations under domain shift, and reasoning failures in noisy environments.

This dissertation argues that many of these limitations are not solely due to

insufficient model capacity, but rather a failure of how inference is executed. When

parameters are frozen, model performance becomes highly sensitive to the infer-

ence process: what context is provided, how it is structured, and how the model’
s internal reasoning is elicited. I therefore focus on inference-time design as the

primary pathway to bridge the performance gap between general-purpose mod-

els and task-specific excellence without retraining. I refer to the resulting latent

skills as inference-time emergent abilities: capabilities such as high-precision rea-

soning, context-sensitive adaptation, and autonomous self-reflection that already

exist within the model’s weights but can only be "unlocked" through appropriate

inference-time scaffolding.

1.1.1 Two Core Behaviors: The Dual Engines of Inference

I argue that the successful execution of inference-time design relies on the synergy

between two core behaviors, which serve as the primary engines for emergent

capabilities.

• Context Utilization (External Pillar): This behavior refers to the model’s

ability to effectively ground its generation in external information provided

in the prompt. It requires the LLM to identify relevant signals (such as
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few-shot demonstrations, retrieved evidence, or perceptual artifacts) and in-

tegrate them consistently into its representation.

• Reasoning (Internal Pillar): Complementing external grounding, this

behavior involves the internal cognitive processing required to follow task-

specific rules and align with required structures. Include logical deduction,

format adherence, and the ability to revise hypotheses when new evidence

contradicts initial priors.

However, these internal and external engines often operate in isolation or re-

main underutilized, leading to the unreliability observed in complex tasks. To

bridge the gap between pre-trained knowledge and robust execution, this research

posits that these behaviors must be systematically activated through specific

inference-time scaffolding. These scaffolds provide the necessary structural

guidance to balance context and reasoning, thereby unlocking the inference-time

emergent abilities that are the focus of this dissertation.

1.1.2 Three Scaffolding Levers: Practical Pathways to Emergence

To manifest these core behaviors in real-world systems, I identify three practical

inference-time scaffolding levers. Each lever represents a distinct architectural ap-

proach to structuring the interaction between the model and its task environment.

1. In-Context Learning (ICL): Learning through Demonstration

Scaffolding. ICL [17, 98, 162, 152] represents a paradigm shift where task map-

pings are taught at inference time by providing structured input-output pairs.

This lever primarily targets context utilization, challenging the model to extract

and imitate latent relational patterns from external demonstrations. As we will

discuss in Challenge 1, the effectiveness of this scaffolding in structured regimes

depends on whether the model can align these external signals with its internal

logical constraints.

2. Retrieval-Augmented Generation (RAG): Grounding through Ev-

idence Scaffolding. RAG [94] addresses the factuality gap by injecting dynamic,

external evidence into the generation process. This scaffolding creates a complex

interplay where the model must not only utilize context by filtering retrieved evi-
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dence but also employ robust reasoning to perform hypothesis revision when that

evidence contradicts its internal priors. Challenge 2 explores how this scaffolding

can be made resilient for domain-specific adaptation.

3. Agentic Multimodal Inference: Coordination through Systems

Scaffolding. The most advanced form of scaffolding involves placing LLMs as cen-

tral cognitive hubs within multimodal pipelines. Here, the model must coordinate

between noisy external perceptual signals (Context) and its own meta-cognitive

reasoning (Self-reflection). This scaffolding transforms the LLM from a passive

text processor into an active agent, necessitating new paradigms for evaluation

and conflict resolution, as examined in Challenge 3.

The remainder of the introduction is organized around three challenges that

arise when these levers are applied in realistic settings.

1.2 Challenges and Our Proposals

1.2.1 Challenge 1: Vanilla ICL breaks in complex scenarios

As the foundational lever of inference-time scaffolding, ICL allows LLMs to infer

new tasks from a few demonstrations without parameter updates. However, a

significant paradigm gap persists in structured, supervision-favored regimes, such

as relation extraction (RE), where BERT-era fine-tuned pipelines historically out-

perform vanilla ICL [74]. This dissertation argues that the underperformance of

vanilla ICL in these domains stems from a dual breakdown in core inference behav-

iors. First, context utilization is hindered by poor demonstration alignment; when

the model fails to identify and utilize external examples that match the query’s

semantic and entity-type patterns, it may overfit to surface cues rather than the

intended task boundary. This challenge is further amplified in multimodal settings,

where the model must not only align textual semantics but also ensure cross-modal

consistency between visual features and textual logic. Second, the model’s internal

reasoning often lacks explicit, label-grounded logic. Without a structured reason-

ing trace that maps the utilized context―especially complex multimodal signals―
to strict schema constraints, the model relies on shallow pattern matching, mak-

ing it unreliable for the fine-grained understanding tasks essential for downstream
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applications.

To bridge this gap and unlock the latent potential of LLMs in both textual and

multimodal tasks, we propose an enhanced inference-time design centered on task-

aware retrieval and reasoning scaffolds. We introduce GPT-RE and its multimodal

extension GPT-MM, which optimize context utilization by selecting demonstra-

tions based on deep relational similarity and cross-modal relevance rather than

mere lexical overlap. By constructing reasoning-heavy prompts that elicit explicit

evidence-to-label mappings, these frameworks effectively scaffold the model’s in-

ternal reasoning to follow strict task schemas and resolve multimodal ambiguities.

Our findings demonstrate that this structured approach allows LLMs to emerge

as high-precision reasoners capable of matching or surpassing supervised baselines

in both text-only and multimodal environments. Ultimately, this work establishes

that the paradigm gap can be closed by sophisticated inference-time mechanisms

that effectively align heterogeneous external context with internal logical con-

straints.

1.2.2 Challenge 2: Unreliable domain adaptation via retrieval-
augmented generation

While state-of-the-art Large Language Models (LLMs) demonstrate astonishing

capabilities in general tasks, they frequently suffer from hallucinations in special-

ized domains, such as Chinese law, where they lack specific in-domain knowledge.

The conventional pathway for adaptation―continual fine-tuning―is often imprac-

tical for large-scale models due to prohibitive computational costs and the diffi-

culty of acquiring exhaustive domain data. Within the framework of inference-time

scaffolding, vanilla retrieval-augmented generation (RAG) often fails because the

model possesses no prior domain intuition to effectively guide context utilization,

leading to inconsistent grounding when retrieved evidence is noisy. Furthermore,

without a structured inference procedure, the model’s internal reasoning lacks the

necessary scaffolding to reliably assess evidence and revise its initial hypotheses,

hindering its ability to achieve the precision required for high-stakes domain ap-

plications.

To address these limitations, this dissertation introduces a domain adaptation
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framework that reformulates the generation process as an Adapt-Retrieve-Revise

procedure. We first adapt an affordable 7B LLM to the target domain to generate

an initial draft answer, which then serves as a knowledgeable anchor for retrieving

precise supporting evidence from an external knowledge base. This mechanism op-

timizes context utilization by providing high-quality, domain-relevant signals that

vanilla retrieval often misses. Finally, a larger model (e.g., GPT-4) is employed to

assess the retrieved context and revise the draft, unlocking an emergent capability

for inference-time self-correction. Our empirical results across Chinese legal tasks

show that this structured scaffolding improves accuracy by 33.3% over direct gen-

eration, demonstrating that the synergy between efficient small-model adaptation

and large-model reasoning can effectively bridge the domain gap without the need

for full-parameter retraining.

1.2.3 Challenge 3: Bridging the perception-reasoning gap in mul-
timodal multi-agent pipelines

As the most sophisticated frontier of inference-time scaffolding, agentic multimodal

systems represent a pivotal paradigm shift: Large Language Models (LLMs) are

no longer mere recipients of static text prompts, but serve as the central cogni-

tive hubs within complex, multi-agent ecosystems. This scaffolding requires the

model to perform a high-level orchestration, coordinating the flow between hetero-

geneous external perceptual signals and internal logical processing. However, as we

transition from isolated prompting to this agentic environment, two fundamental

bottlenecks emerge that challenge the reliability of the model’s emergent capabil-

ities. First, existing evaluation paradigms are largely human-centric, focusing on

surface-level transcription fidelity (e.g., WER) rather than the emergent utility of

the context for downstream agents. A transcript may be verbatim accurate but se-

mantically insufficient for an agent to act, creating a gap in measuring the model’s

context utilization within an agentic workflow. Second, agentic scaffolding exposes

a persistent perception-reasoning gap, where noisy external hypotheses (perceptual

context) frequently contradict the model’s internal prior knowledge (reasoning).

Without a mechanism to navigate these conflicts, the system is prone to cascading

errors, as vanilla models lack the meta-cognitive ability to reflect on the reliability
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of the external inputs they utilize.

To bridge this gap, this dissertation proposes that agentic scaffolding can un-

lock sophisticated evaluative and reflective abilities at inference time through tar-

geted design. We first introduce SpeechIQ, which reframes multimodal evalu-

ation as an emergent capability of LLMs to audit external perceptual context

across tiered cognitive levels, shifting the metric from human-facing similarity

to agent-centric utility. This framework allows the model to utilize noisy context

more effectively by assessing whether it provides the semantic grounding necessary

for complex application. Furthermore, we propose Speech-Hands, a voice-agentic

framework that scaffolds the model’s internal reasoning through a learnable self-

reflection primitive. This mechanism enables the model to resolve the conflict

between external perception and internal knowledge by autonomously deciding at

inference time whether to trust its own reasoning or verify the external signals.

Together, these proposals demonstrate that agentic scaffolding, when properly

designed, enables LLMs to evolve from passive processors into resilient decision-

makers capable of high-level meta-cognitive coordination.

1.2.4 Organization of the Dissertation

This dissertation is organized into seven chapters, tracing the progression from the-

oretical foundations to the implementation of advanced inference-time scaffolding.

Chapter 1 establishes the conceptual framework, defining the paradigm shift

toward inference-time design and identifying the two core behaviors (context uti-

lization and reasoning) that drive emergent abilities in LLMs.

Chapters 2 and 3 focus on the first lever of scaffolding: In-Context Learning

(ICL). Chapter 2 introduces GPT-RE, a framework that optimizes context uti-

lization for structured relation extraction. Chapter 3 extends this to multimodal

tasks through GPT-MM, demonstrating how task-specific retrieval and reasoning

allow LLMs to emerge as high-precision reasoners across different modalities.

Chapter 4 addresses Retrieval-Augmented Generation (RAG) as a second lever

for domain-specific adaptation. Using the Chinese legal domain as a case study,

this chapter introduces the Adapt-Retrieve-Revise framework. It illustrates the

synergy between external grounding and internal reasoning required to maintain
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reliability under a significant domain shift.

Chapters 5 and 6 explore the most advanced scaffolding lever: Agentic Mul-

timodal Inference. Chapter 5 introduces SpeechIQ, a cognitive-level evaluation

framework that treats the LLM as an agent auditing perceptual signals. Chap-

ter 6 proposes Speech-Hands, a mechanism that employs self-reflection to re-

solve perception-reasoning conflicts in omni-perception environments. Together,

these chapters demonstrate how system-level scaffolding transforms LLMs into

autonomous decision-makers.

Finally, Chapter 7 synthesizes the findings of this research and discusses future

directions.



Chapter 2

GPT-RE: In-context Learning for

Relation Extraction using Large

Language Models

2.1 Introduction

The emergence of large language models (LLMs) such as GPT-3 [17, 173, 29, 142,

57] represents a significant advancement in natural language processing (NLP).

Instead of following a pretraining-and-finetuning pipeline [37, 8, 144, 90, 217],

which finetunes a pre-trained model on a task-specific dataset in a fully-supervised

manner, LLMs employ a new paradigm known as in-context learning (ICL) [17,

123] which formulates an NLP task under the paradigm of language generation and

makes predictions by learning from a few demonstrations. Under the framework

of ICL, LLMs achieve remarkable performance rivaling previous fully-supervised

methods even with only a limited number of demonstrations provided in various

tasks such as solving math problems, commonsense reasoning, text classification,

fact retrieval, natural language inference, and semantic parsing [17, 122, 214, 98,

162].

Despite the overall promising performance of LLMs, the utilization of ICL for

relation extraction (RE) is still suboptimal. RE is the central task for knowl-

9
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Figure 2.1: Micro F1 performances on two RE datasets. Previous GPT base-

lines (GPT-Random: randomly selected demonstrations and GPT-Sent : sentence-

level demonstration retrieval) largely underperform fine-tuning baseline PURE

while our GPT-RE substantially outperforms all baselines.

edge retrieval requiring a deep understanding of natural language, which seeks

to identify a pre-defined relation between a specific entity pair mentioned in the

input sentence or null if no relation is found. Given a test input, ICL for RE

prompts the input of LLMs with the task instruction, a few demonstrations re-

trieved from the training data, and the test input itself. Then LLMs generate the

corresponding relation. Recent research [74] has sought to apply GPT-3 ICL to

biomedical RE, but the results are relatively negative and suggest that GPT-3

ICL still significantly underperforms fine-tuned models.

The reasons that cause the pitfall of GPT-3 ICL in RE are two folds: (1)

The low relevance regarding entity and relation in the retrieved demonstrations

for ICL. Demonstrations are selected randomly or via k-nearest neighbor (kNN)

search based on sentence embedding [98, 74]. Regrettably, kNN-retrieval based on

sentence embedding is more concerned with the relevance of the overall sentence

semantics and not as much with the specific entities and relations it contains,

which leads to low-quality demonstrations. As shown in Figure 2.2, the test input
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Microsoft is a technology company located in the 

U.S., founded in 1975 by Bill Gates and Paul Allen
RE Training

Data

Microsoft is a famous computer technology

company in the U.S. whose history started in 1975

Retrieval

Test Input

Few-shot Demonstrations

Relation Triplet: (Microsoft, Bill Gates, founded by)

Relation Triplet: (Microsoft, the U.S., located in)

Figure 2.2: Retrieval without considering the task-aware triplet results in noisy

demonstrations.

retrieves a semantically similar sentence but is not desired in terms of entities and

relations.

(2) The lack of explaining input-label mappings in demonstrations leads to

poor ICL effectiveness: A vanilla form of ICL lists all demonstrations as input-

label pairs without any explanations. This may mislead LLMs to learn shallow

clues from surface words, while a relation can be presented in diverse forms due to

language complexity. Especially when ICL has a maximal input length, optimizing

the learning efficiency of each single demonstration becomes extremely important.

To this end, we propose GPT-RE for the RE task. GPT-RE employs two

strategies to resolve the issues above: (1) task-aware retrieval and (2) gold

label-induced reasoning. For (1) task-aware retrieval, its core is to use repre-

sentations that deliberately encode and emphasize entity and relation information

rather than sentence embedding for kNN search. We achieve this by two differ-

ent retrieval approaches: (a) entity-prompted sentence embedding; (b) fine-tuned

relation representation, which naturally places emphasis on entities and relations.

Both methods contain more RE-specific information than sentence semantics, thus

effectively addressing the problem of low relevance.

For (2) gold label-induced reasoning, we propose to inject the reasoning logic

into the demonstration to provide more evidence to align an input and the label, a

strategy akin to the Chain-of-Thought (CoT) research [187, 184, 87]. But different
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Figure 2.3: Confusion matrix on Semeval dataset with three selected relation

labels. The NULL examples are overpredicted to other relations by GPT-3. CE:

Cause-Effect, IA: Instrument-Agency, PP: Product-Producer.

from previous work, we allow LLMs to elicit the reasoning process to explain not

only why a given sentence should be classified under a particular label but also

why a null example should not be assigned to any of the pre-defined categories.

This process significantly improves the ability of LLMs to align the relations with

diverse expression forms.

Recent work reveals another crucial problem named “overpredicting” as shown

in Figure 2.3: we observe that LLMs have the strong inclination to wrongly classify

null examples into other pre-defined labels . A similar phenomenon has also been

observed in other tasks such as NER [74, 10]. In this paper, we show that this

issue can be alleviated if the representations for retrieval can be supervised with

the whole set of null in the training data.

We evaluate our proposed method on three popular general domain RE datasets:

Semeval 2010 task 8, TACRED and ACE05, and one scientific domain dataset

SciERC. We observe that GPT-RE achieves improvements over not only exist-

ing GPT-3 baselines, but also fully-supervised baselines. Specifically, GPT-RE

achieves SOTA performances on the Semeval and SciERC datasets, and competi-

tive performances on the TACRED and ACE05 datasets.
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ℎ["#$]⊕ℎ[&$']

Context: My 8 year-old daughter came 
up with an extremely good idea.
Relation: ?

Training Set

Tokens: [𝐶𝐿𝑆]My 8 year-old 𝑂𝐵𝐽
daughter [/𝑂𝐵𝐽] came up with an 
extremely good [𝑆𝑈𝐵] idea [/𝑆𝑈𝐵].

Reconstructed context: The relation 
between “idea” and “daughter” in the 
context: My 8 year-old daughter came up 
with an extremely good idea.

SimCSE Fine-tuned RE Model

ℎ()*+)*,)

Context: ideas for continuous development also 
emerged from the students' collaborative efforts.
Relation: PRODUCT AND PRODUCER

I will predict the relation between two entities given the context.
The pre-defined relations are CAUSE AND EFFECT, COMPONENT AND 
WHOLE, …
I will output NULL if the relation does not belong to them.

Task Description

ICL Demonstrations (𝒌-shot)

Context: My 8 year-old daughter came up with an extremely good idea.
Given the context, the relation between idea and daughter is

Test Input

Test Output

PRODUCT AND PRODUCER

Gold Label-induced 
Reasoning (Sec. 2.5)

Context: ideas for continuous development also emerged from the 
students' collaborative efforts. Given the context, the relation between 
ideas and students is PRODUCT AND PRODUCER.
Reason: The phrase "collaborative efforts" suggests that students are 
working together to create something; The word “emerged” …

Task-aware Demonstration 
Retreval (Sec. 2.4)

Prompt Construction (Sec. 2.3)

Test Input

𝑘NN Retrieval

Retrieved Demonstrations

Figure 2.4: An illustration of GPT-RE. Given a test input, we first leverage

two different task-aware retrieval methods to search for highly relevant demonstra-

tions from the training set, and then incorporate the gold label-induced reasoning

for each demonstration. Above contents will then be included in the prompt con-

struction to make the prediction.

2.2 Related Work

In-context Learning Recent work shows that ICL of GPT-3 [17] can perform

numerous tasks when provided a few examples in a natural language prompt.

Existing work focuses on various aspects to effectively utilize the advantages of

GPT-3, from prompt design [134] for proper input to coherence calibration [115]

for tackling the diverse generated output. Another research path locates in the

demonstration part, including ordered prompts [104] and retrieval-based demon-

strations [152, 98, 162].

To the best of our knowledge, there is no previous work exploring the potential

of GPT-3 on general domain RE tasks. A recent work attempts to leverage GPT-

3 in biomedical information extraction (NER and RE), and reveals issues of ICL

that may be detrimental to IE tasks in general. Our work succeeds in overcoming

these issues to some extent and confirms the potential of GPT-3 in both general

and the scientific domain RE.



14 CHAPTER 2. GPT-RE

Retrieval-based Demonstrations Several studies have demonstrated that dy-

namically selecting few-shot demonstrations for each test example, instead of uti-

lizing a fixed set, leads to significant improvement in GPT-3 ICL [98, 162, 152].

They also show that nearest neighbor in-context examples yield much better results

than the farthest ones. This leads to the significance of better retrieval modules for

demonstrations. Existing attempts rely on sentence embedding in retrieval, includ-

ing the sentence encoders of PLMs such as BERT [37], RoBERTa [217] KATE [98]

, SimCSE [43], Sentence-BERT [148, 190]. Unlike these sentence embeddings, we

propose to fine-tune PLMs on our target RE tasks to produce more task-specific

and robust representations for retrieval.

2.3 Methodology: GPT-RE

2.3.1 Task Definition

Let C denote the input context and esub ∈ C, eobj ∈ C denote the pair of subject

and object entity. Given a set of pre-defined relation classes R, relation extraction

aims to predict the relation y ∈ R between the pair of entities (esub, eobj) within

the context C, or if there is no pre-defined relation between them, predict y =

null.

2.3.2 Overview

We will first introduce the prompt construction to formalize RE as a language

generation task in Sec. 2.3.3. Then to improve the ICL framework for RE, we will

introduce two modules: (1) task-aware demonstration retrieval to select higher-

quality demonstrations (Sec. 2.3.4); (2) gold label-induced reasoning to enrich each

demonstration with explanations (Sec. 2.3.5). In Figure 6.1, we show the concrete

workflow of processing a test input.

2.3.3 Prompt Construction

We construct a prompt for each given test example, which is fed to the GPT-3

model. Each prompt consists of the following components:
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Instructions I We provide a succinct overview of the RE task description and

the set of pre-defined classes R. The model is explicitly asked to output the

relation, which belongs to the pre-defined classes. Otherwise, the model will output

null.

ICL Demonstrations D We first leverage a task-aware retriever to acquire a

k-shot demonstration set, then enrich each demonstration (xi, yi) with the gold

label-induced reasoning ri to build a new set of (xi, yi, ri) as D.

Test Input xtest Similar to the demonstrations, we offer the test input xtest,

and GPT-3 is expected to generate the corresponding relation ytest.

In summary, GPT-RE can be formulated as:

p (ytest ∈ R ∪ {null}|I,D, xtest) (2.1)

2.3.4 Task-aware Demonstration Retrieval

Since ICL demonstrations closer to the test sample in the embedding space result

in more consistent and robust performance [98]. Recent work [74, 98] employs

the kNN to retrieve the most similar examples in the training set as the few-shot

demonstrations for each test input. As kNN relies on the choice of the embedding

space to encode both test input and examples in the training set, they propose to

obtain sentence embedding using pre-trained language models, or other improved

sentence embedding.

However, using sentence embedding for kNN retrieval has a severe drawback:

relation extraction focuses on pair-wise entities, which diverge from the semantic

meaning of the entire sentence, leading to an ambiguous retrieval using sentence

embedding. In this study, we propose two novel methods to provide more robust

representations for better retrieval quality: (1) a naive entity-prompted sentence

embedding in Sec. 2.3.4; (2) an advanced fine-tuned relation representation in

Sec. 2.3.4.
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Entity-Prompted Sentence Embedding

Given the discrepancy between sentence embedding and relation extraction, the

original context is insufficient for demonstration retrieval. Considering the im-

portance of entity information in RE, we propose reconstructing the context by

incorporating entity pair information. For example, given the context “He has a

sister Lisa,” the reconstructed context with the entity prompted will be “The rela-

tion between ‘He’ and ‘Lisa’ in the context: He has a sister Lisa.” This approach

preserves both the semantic meaning of the sentence and the entity pair-centered

information during retrieval. In the paper, we employ the latest robust model

SimCSE [43] for computing sentence embedding-based similarity.

Fine-tuned Relation Representation

Compared to prompt entity information into context sentences, a more straight-

forward solution is to extract the relation representation from a fine-tuned RE

model for retrieving demonstrations.

Current BERT-based fine-tuning methods for RE [6, 216, 179] attempts to

capture both the context information and the entity information by adding extra

marker tokens to highlight the subject and object entities and their types.

Specifically, given an example: “He has a sister Lisa.”, the input tokens are

“[CLS] [SUB_PER] He [/SUB_PER] has a sister [OBJ_PER] Lisa [/OBJ_PER].

[SEP]” where “PER” is the entity type if provided. Denote the n-th hidden rep-

resentation of the BERT encoder as hn. Assuming i and j are the indices of two

beginning entity markers [SUB_PER] and [OBJ_PER], we define the relation rep-

resentation as Rel = hi ⊕hj where ⊕ stands for concatenation of representations

in the first dimension. Subsequently, this representation is fed into a feedforward

network for predicting the relation probability p(y ∈ R ∪ {null} | Rel).

The entity markers have explicitly encoded subject and object entities and

the relation representation Rel is naturally enriched with the entity information.

We believe this approach can potentially compensate for the limitations of GPT-3

in RE. While GPT-3 ICL has a constraint of limited demonstrations, the fine-

tuning process is unbundled and can be done on the whole train data. It has two
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Context: ideas for continuous development also emerged from the 
students' collaborative efforts. Given the context, the relation between 
ideas and students is PRODUCT AND PRODUCER.

ICL Demostration

What are the clues that lead to the relation between “ideas” and 
“students” to be PRODUCT AND PRODUCER in the sentence “ideas
for continuous development also emerged from the students' 
collaborative efforts.”?

Query

It is because: The phrase "collaborative efforts" suggests that 
students are working together to create or produce something; The 
use of the word "emerged" implies that the ideas are a result or 
product of the students' efforts. Therefore, the relation between 
students and ideas is PRODUCT AND PRODUCER.

Reason

Figure 2.5: An illustration of adding reasoning.

subsequent merits. First, the relation representations are directly fine-tuned to fit

the RE task, which could significantly boost the overall retrieval quality. Second,

the overpredicting null issue will be substantially alleviated because the similar

null demonstrated can be accurately recognized by the fine-tuned model.

2.3.5 Gold Label-induced Reasoning

Recent CoT work has reported significant progress in the commonsense and nu-

merical reasoning tasks by automatically eliciting the reasoning steps for solving a

question. While in the RE task, two entities can possibly hold multiple relations,

e.g., “Joe Biden” can be either the president of or lives in “U.S.”. The reasoning

generation could be out of focus if it lacks interaction with the gold label.

In this section, we propose to let GPT-3 induce the reasoning logic for each

demonstration by the corresponding gold relation label. As shown in Figure 2.5,
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Dataset # Relation # Train # Dev # Test (# Subset) NULL (%)

Semeval 9 6,507 1,493 2,717 (2,717) 17.40%

TACRED 41 68,124 22,631 15,509 (1,600) 79.40%

SciERC 7 16,872 2,033 4,088 (4,088) 90.16%

ACE05 6 121,368 27,597 24,420 (2,442) 95.60%

Table 2.1: Statistics of datasets.

given a selected demonstration, we first generate a query prompt “What are the

clues that lead to the relation between [entity1] and [entity2] to be [relation] in

the sentence [context]?” based on the demonstration and subsequently ask GPT-3

to generate clues “It is because: ...” on the labeled relation between the pair of

entities in the context. Finally, we augment the demonstration by incorporating

the generated clues induced by GPT-3.

2.4 Experiment Setup

2.4.1 Datasets

We evaluate on three popular general domain RE datasets and one scientific do-

main dataset. Due to the cost of running the model in the API with GPT-3, in

our main results, we sample a subset (will be released) from the original test set

for two datasets: ACE05 and TACRED as shown in Table 2.1.

Semeval 2010 task 8 [53] focuses on semantic relations between pairs of nom-

inals collected from general domain resources.

TACRED [212] is a large-scale relation extraction dataset with 106,264 exam-

ples built over newswire and web text.

SciERC [105] collects AI paper abstracts and annotated relations, especially

for scientific knowledge graph construction.
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Methods Retriever Semeval TACRED SciERC ACE05

GPT-3 Baselines (Best k-shot)

GPT-Random - 70.04 (30) 32.49 (15) 17.92 (25) 9.04 (25)

GPT-Sent SimCSE 79.94 (30) 33.45 (15) 20.96 (25) 6.31 (25)

Ours (Best k-shot)

GPT-RE_SimCSE SimCSE 81.02 (30) 37.44 (15) 26.46 (25) 8.67 (25)

GPT-RE_SimCSE* SimCSE 77.49 (15) 31.58 (10) - -

+ Reasoning SimCSE 79.88 (15) 33.18 (10) - -

GPT-RE_FT PURE 91.90 (25) 72.14 (15) 69.00 (30) 68.73 (25)

GPT-RE_FT* PURE 91.11 (15) 70.38 (10) - -

+ Reasoning PURE 91.82 (15) 70.97 (10) - -

Fine-tuned RE Baselines

[32] 91.90 - - -

[180] - ♣76.80 - -

PURE [216] 89.90 69.72 68.45 70.09

Table 2.2: Main Results on four RE datasets. All results are given by Micro-

F1. * denotes the same k-shot for the comparison with + Reasoning. Due to the

costly GPT-3 expense, we conducted Reasoning experiments on the two relatively

smaller datasets Semeval and TACRED. ♣ denotes that this performance is not

comparable as it evaluates on the entire test set. The underline denotes the results

outperforming the fine-tuning baseline PURE.

ACE05 contains the entity, relation, and event annotations collected from do-

mains including newswire, broadcast, discussion forums, etc.

2.4.2 Baseline Methods

GPT-3 baselines For GPT-3 baselines and our methods, we select

“text-davinci-003” with maximal 4,097 input tokens and use the identical

prompt construction (Sec. 2.3.3) via OpenAI API. We implement two categories

of GPT-3 baselines:

(1) GPT-Random Instead of randomly selecting few-shot demonstrations from

the training data for each test input, we add extra constraints to make the label

distribution of selected demonstrations more uniform. Our preliminary experi-

ments suggest that this is a stronger baseline than the vanilla random.

(2) GPT-Sent Previous work attempts various sentence embedding in retrieval.
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(a) The comparison on retrieval mod-
ules

(b) Reasoning with fewer demonstra-
tions.

Figure 2.6: Ablation study on the retrieval and reasoning components on

Semeval. We sampled a subset from the test data with 300 examples. We show

the ‘w/o reasoning’ results with k = 30 for comparison.

In this work, our implementation adopted SimCSE [43], which has been demon-

strated to be the state-of-the-art method for sentence similarity tasks.

Fine-tuned RE Models In our experiment, we choose PURE [216], an entity

marker-based fine-tuned model mentioned in Sec. 2.3.4 to obtain the representa-

tions for retrieval. Meanwhile, PURE performs as a directly comparable baseline.

We also compare with corresponding SOTA fine-tuned baselines on Semeval [32]

(reformulate RE as the question answering task) and TACRED [180] (extra pre-

training to capture RE structure) datasets.

All implementation details are in Appendix A.1.

2.5 Experimental Results

2.5.1 Main Results

We compare our main experiment results with previous methods in Table 5.3.

GPT-RE_SimCSE denotes our entity-prompted sentence embedding for re-

trieval and GPT-RE_FT denotes our fine-tuned relation representation for

retieval. From the table, we can observe that: (1) both GPT-RE_SimCSE and
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Figure 2.7: Low-resource Scenario on Semeval. We limit the percentage of

training data for both fine-tuning and retrieval in GPT-RE.

GPT-RE_FT outperform the retrieval-based GPT-Sent, indicating that it is nec-

essary to inject the task-specific information into sentence embedding for selecting

proper demonstrations; (2) GPT-RE_FT succeeds to outperform the fine-tuning

baseline PURE on three datasets by +2.00, +2.42, +0.55 Micro-F1. It suggests

that GPT-3 has the potential to beat fine-tuning when the retriever has prior task

knowledge. GPT-RE_FT eventually achieves SOTA results on Semeval and Sci-

ERC. (3) reasoning module improves GPT-RE_SimCSE by around 2% Micro-F1,

indicating that gold label-induced reasoning successfully enriches the knowledge of

demonstrations. Meanwhile, the high-quality demonstrations obtained by GPT-

RE_FT offset the effort of enriching reasoning into demonstrations, which shows

relatively trivial improvements. Since reasoning aims at enriching demonstrations,

this feature potentially works better with fewer demonstrations, as shown in Sec-

tion 2.5.3.
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(a) General domain with 17.4% null exam-
ples

(b) Scientific domain with 90.16% null ex-
amples

Figure 2.8: Analysis on the effects of null examples. w/o null refers to

the classification setting that null examples are excluded from the train and test

data. w/ null refers to the original extraction setting. We use the full test set for

the evaluation.

2.5.2 Ablation Study on Task-aware Retrieval

We first implement the ablation experiments of the retrieval component with the

setting of increasing k-shot demonstrations (Figure 2.6a). We find that: (1) com-

pared to GPT-Random, all the retrieval-based models have higher F1 scores and

large gradients of the performance curves. It means that GPT-3 can learn from

high-quality demonstrations more effectively; (2) after adding entity information to

the SimCSE retrieval, GPT-RE_SimCSE achieves better performance throughout

all K shots, indicating that task-aware sentence embedding can capture the feature

of RE and provide more proper demonstrations; (3) finally, the fine-tuned relation

representation retriever GPT-RE_FT significantly outperforms all retrieval-based

methods and beats the fine-tuning baseline when k > 15. Note that even with

k = 5 demonstrations, GPT-RE_FT still works better than GPT-RE_SimCSE

with k = 30 (80.30 −→ 83.43(+3.13)), which indicates that the quality of demon-

strations shows much more important than the number of demonstrations.
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2.5.3 Ablation Study on Reasoning Enhancing

We then check the influence of our proposed reasoning-enhanced demonstration,

as shown in Figure 2.6b. Due to the limited amount of input tokens of GPT-3, we

have to set the k ≤ 15 for the tokens of reasoning, leading to a trade-off between

adding reasoning and adding more demonstrations. From the result, we find that:

(1) with reasoning-enhanced demonstrations, GPT-3 always achieves better scores

across all the k-shot settings of both GPT-RE_SimCSE and GPT-RE_FT, indi-

cating that the reasoning induced from ground truth relation labels can effectively

unlock the reasoning ability of GPT-3 and improve the ICL with a deeper under-

standing of demonstrations. Specifically, for GPT-RE_FT, the performance im-

provement becomes less significant when more demonstrations are provided, which

is feasible as with more high-quality demonstrations available, GPT-3 can already

learn the internal reasoning behind each demonstration; (2) since the reasoning

enhancement works better with fewer demonstrations, we expect this method can

be an effective solution to low-shot relation extraction [51, 44, 97], which aims at

recognizing novel relations with very few or no examples, and we leave this for

future work.

2.5.4 Low-resource Scenario

We conduct the experiment for observing the low-resource performance in the

general domain Semeval task. As shown in Figure 2.7, we observe that: (1) all the

GPT-3 based results work better than fine-tuning in when the training examples

are less than # 650 (10%). It indicates that in the general domain RE, GPT-

3 benefits from its abundant prior knowledge to understand the relations; (2)

GPT-RE_SimCSE starts to show a substantial difference to GPT-Sent after the

training size surpasses 30%. We believe fewer training candidates could limit the

effects of retrieval; (3) GPT-RE_FT achieves an upper bound performance in all

settings, even when the fine-tuned model shows poor performance with hundreds of

training data (from #100 to #400). This emphasizes the impressive effectiveness

of fine-tuned relation representations for capturing higher-quality demonstrations.

The observation in the low-resource setting is very different from [74]. We assume



24 CHAPTER 2. GPT-RE

the difference could be caused by the domain and null proportion of the task.

2.6 Analysis

2.6.1 The Issue of “Overpredicting”

To analyze the influence of null class, we compare the effectiveness of each method

for alleviating this issue on two datasets: general domain Semeval with 17.4%

null examples and scientific domain SciERC with 90.16% null examples. As

shown in Figure 2.8, (1) by comparing the performance on Semeval and SciERC,

a larger percentage of null examples results in more significant performance drop

showing the negative influence of overpredicting null examples; (2) by comparing

w/o null and w/ null, our GPT-RE_FT shows the most robustness to the

influence of null examples, indicating that the RE fine-tuned representations in

retrieval can release the overpredicting issue of GPT-3 by providing higher-quality

demonstrations; (3) however, even with task-aware representations, all GPT-3

methods still underperform the fine-tuning baseline on null examples, this is due

to the confusing definition of null, in many cases, there is a certain relation

between entities in the context, but out of the distribution of pre-defined classes.

In these cases, GPT-3 tends to overpredict as the relation information may be

covered in its prior knowledge. We think this ability of GPT-3 can be useful in

more open fields, such as open RE [7] which has no pre-defined relation classes.

2.6.2 Case Study of Demonstration Quality

We select one typical test example to better illustrate the amendment of our task-

aware demonstration retrieval. As shown in Figure 5.7, given the null Example,

we show the most similar demonstration in retrieval based on three methods. The

GPT-Sent retrieved demonstration focuses on the semantic meaning of “CON-

TENT AND CONTAINER” which is shared in the test context, but not revealed

in the target entity pair. This mismatch confirms the problem of lacking entity

information in retrieval. Instead, GPT-RE_SimCSE retrieves a much more rel-

evant demonstration that shows the same semantic relation between “catch” and

“fish” but still faces a minor mismatch as the gold label is between “catch” and
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“scuttle.” Finally, GPT-RE_FT demonstration shares a similar structure with the

test input regarding the pair of entities, which is the key clue for predicting the re-

lation between entities. This result shows a level-by-level enhancement with more

entity information provided in retrieval. We also show some other case examples

in Appendix A.2.

2.7 Limitations and Discussions

Despite the overall positive results, GPT-RE still faces two shortcomings: (1)

the issue of overpredicting has been significantly alleviated but not completely

solved, and the null recall still lags behind full-supervised baselines, especially

on the datasets containing a large proportion of null examples such as ACE05

(“95.60%”); (2) Though the task-aware retriever optimizes the representations of

PLMs such as SimCSE and BERT, it is widely considered that LLMs can generate

more robust representations than small PLMs. Future work can replace represen-

tations generated by smaller PLMs with GPT-3 itself. However, due to the access

limitation to the representations of GPT-3, we can nearly confirm this proposal

up to now.

2.8 Summary of This Chapter

This work explores the potential of GPT-3 ICL on RE for bridging the performance

gap to the fine-tuning baselines via two strategies: (1) task-aware demonstration

retrieval emphasizes entity and relation information for improving the accuracy of

searching demonstrations; (2) gold label-induced reasoning enriches the reasoning

evidence of each demonstration. To the best of our knowledge, GPT-RE is the

first GPT-3 ICL research that significantly outperforms the fine-tuning baseline

on three datasets and achieves SOTA on Semeval and SciERC. We implement

detailed studies to explore how GPT-3 overcomes the difficulties such as null

example influence.

Relationship to the Dissertation: GPT-RE as the Foundational Scaffold-

ing This chapter establishes ICL as the foundational archetype of inference-time
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scaffolding. As the most direct manifestation of emergent abilities, ICL marked

the dawn of the LLM era by enabling models to tackle novel tasks without addi-

tional training―a fundamental shift from the parameter-heavy paradigms of the

past.

The significance of ICL, as explored through GPT-RE, remains a cornerstone

of modern NLP for two primary reasons:

(1) Persistent Necessity: Even as LLMs continue to scale, ICL remains an

essential scaffolding mechanism. Our findings highlight a persistent performance

gap where even the most advanced models’ zero-shot capabilities often fall short

of the fine-tuned SOTA. ICL serves as the requisite bridge to elicit latent domain-

specific reasoning.

(2) Methodological Legacy in Reasoning Construction: Beyond Information

Extraction (IE), the gold label-induced reasoning framework introduced in this

chapter has exerted a lasting influence on the field of "learning to reason". By

utilizing gold labels to seed structured reasoning paths, this work provided an early

and influential methodology for constructing the reasoning traces now widely used

to train next-generation models with reinforcement learning methods.

Ultimately, this chapter demonstrates that the essence of LLMs lies in their

controllability via context, establishing the first level of the scaffolding hierarchy

that evolves toward autonomous agents in subsequent chapters.
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Context: among the contents of the vessel were a set of carpenter 's 
tools , several large storage jars , ceramic utensils , rope ……
Given the context, the relation between tools and vessel is CONTENT 
AND CONTAINER.

GPT-Sent Demonstration

Context: to preserve its catch of fish , each boat loads between 2000 
and 3000 kilos of ice before it goes out to sea .
Given the context, the relation between catch and fish is [NULL]

Test Input

Context: local fisherman heated some of their catch cooked over 
coals in a scuttle .
Given the context, the relation between catch and scuttle is 
CONTENT AND CONTAINER.

GPT-RE_SimCSE Demonstration

Context: september normally marks the arrival of the earliest run of 
fish into lake tributaries , and peak runs occur in october .
Given the context, the relation between run and fish is NULL.

GPT-RE_FT Demonstration

Retrieval GPT-Sent GPT-RE_SimCSE GPT-RE_FT

GPT-3 Output CONTENT AND 
CONTAINER

PRODUCT AND 
PRODUCER NULL

Figure 2.9: A case study of demonstration quality on Semeval. [null] is

the gold label here.



Chapter 3

GPT-MM: Improving

Multimodal In-context Learning

with Task-specific Retrieval and

Reasoning

3.1 Introduction

While GPT-RE provides a strong foundation for textual ICL, its principles have

not yet been validated in multimodal contexts. The rapid progress of MLLMs

offers a new opportunity to explore whether the same task-aware retrieval and

label-induced reasoning mechanisms can facilitate MM-ICL.

Recent progress has shown that the ICL paradigm can be extended to vision–

language and audio–language domains, enabling unified reasoning over heteroge-

neous inputs. However, despite this progress, the fundamental mechanisms that

make ICL successful across modalities are still underexplored. Most existing mul-

timodal prompting approaches focus on modality-specific designs rather than in-

vestigating whether a unified ICL formulation can operate consistently across text,

vision, and audio.

To address this gap, we extend our textual framework to the multimodal setting

28
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and introduce GPT-MM, a unified ICL framework designed to investigate the

cross-modal generalizability of the two key components validated in GPT-RE: task-

aware demonstration retrieval and label-induced reasoning. GPT-MM instantiates

these components in both vision and audio tasks by leveraging modality-specific

encoders while maintaining a consistent ICL prompting structure. Specifically, we

implement GPT-MM on two representative multimodal tasks: Visual Question

Answering (VQA) and Automatic Speech Recognition (ASR). Through this for-

mulation, GPT-MM aims to examine whether retrieval and reasoning can serve as

a unified paradigm for ICL across modalities.

3.2 A Unified Multimodal Extension: GPT-MM

The following sections introduce the multimodal task definitions, describe how

retrieval and reasoning are adapted to each modality, and present experimental

setups and results.

3.2.1 Task Definition

We consider two multimodal tasks: VQA and ASR.

For the VQA task, let I denote an image, and q be a natural language question.

The goal is to generate the correct answer a from a set of possible answers A:

p(a ∈ A | I, q)

For the ASR task, let A denote the audio waveform input. The goal is to

transcribe the spoken content into text t:

p(t ∈ Text | A)

3.2.2 Overview

GPT-MM extends the GPT-RE framework to the multimodal ICL under the same

ICL paradigm. We follow two steps: (1) perform task-aware multimodal retrieval

to select relevant demonstrations; (2) inject modality-specific reasoning into the
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demonstrations. The final prompt is constructed as a concatenation of instruc-

tions, demonstrations, and the test input, enabling the MM-ICL to predict the

target label in a unified textual format.

3.2.3 Prompt Construction

Instructions I Each task includes a textual instruction describing the modality

and the desired prediction format. For VQA, the instruction specifies how to

answer questions based on image content. For ASR, the instruction defines the

transcription objective from speech input.

ICL Demonstrations D We retrieve k relevant examples from the training

set using task-aware retrieval (Sec. 3.2.4), and enrich each demonstration with

modality-conditioned reasoning (Sec. 3.2.5). Each demonstration consists of an

input-output-reasoning triplet: (xi, yi, ri).

Test Input xtest We convert append the test image (or audio) and the paired

question to the prompt. The MLLM is expected to generate the final output ytest
(answer or transcript).

In summary, GPT-MM infers the output as:

p (ytest | I,D, xtest)

3.2.4 Task-aware Multimodal Retrieval

In MM-ICL, selecting high-quality demonstrations is also essential for perfor-

mance. Traditional retrieval methods rely on modality-specific global features,

such as CLIP [138] for vision or Whisper [139] for speech. However, such represen-

tations are often task-agnostic and fail to capture the nuanced alignment between

input media and task-specific answers.

To address this issue, we propose a unified, task-aware retrieval strategy using

the Qwen2.5-Omni [195] model, which is capable of handling both image and audio

inputs. Our key insight is to leverage the model ’s own prediction behavior to

derive meaningful, answer-aware representations.



3.2. A UNIFIED MULTIMODAL EXTENSION: GPT-MM 31

Specifically, for each training or test example, we first format the input as a

multimodal prompt by pairing the media input (image or audio) with its associ-

ated question. We then prompt Qwen2.5-Omni to generate a single-word answer.

Rather than using external encoders, we extract the last-layer hidden state repre-

sentation from the language decoder at the token position where the answer word

is predicted. This hidden state inherently captures the joint reasoning over both

the media and question, as well as the output space.

Formally, for a given multimodal input x = (M, q) with media M (image or

audio) and question q, we denote the answer token as a, and the final-layer hidden

state at that position as h(x) ∈ Rd. We collect h(x) for all training samples and

compute cosine similarity with the test instance ’s h(xtest) to retrieve the top-k

most similar examples:

sim(xi, xtest) = cos(h(xi), h(xtest))

This retrieval method has several advantages: (1) It captures fine-grained align-

ment between the media, the question, and the generated answer; (2) It avoids

relying on external modality encoders, ensuring consistency with the generation

model; (3) Qwen 2.5-Omni is used for demonstration retrieval because it provides

a unified embedding space for text, image, and audio inputs. This omni-modal

property fits our unified GPT-MM framework, which aims to maintain a consis-

tent retrieval representation across modalities, even though VQA and ASR are

evaluated separately.

This embedding extraction process allows us to retrieve demonstrations that

are semantically and functionally aligned with the test input, leading to improved

ICL performance across modalities.

3.2.5 Label-induced Reasoning for Multimodal

We inject task-specific rationales into each demonstration to improve the model’s

understanding of input-output mappings using Qwen2.5-Omni.

• For VQA: Given a demonstration (I, q, a), we query the LLM with: “Why

does the image I lead to the answer ‘a’ for the question ‘q’?” The generated
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reasoning r (e.g., object recognition, commonsense alignment) is appended

to the demo.

• For ASR: Given a demonstration (A, t), we query: “What features in the

audio help transcribe it as ‘t’?” The model highlights relevant phonemes,

speaker clarity, or financial terminology, forming reasoning r to support the

transcription.

The final prompt contains:

I + (x1, y1, r1) . . . (xk, yk, rk)︸ ︷︷ ︸
Multimodal Demonstrations

+xtest

This reasoning-enhanced prompting improves the LLM’s ability to generalize

across multimodal variations and ambiguity.

3.3 Multimodal Experiment Results

3.3.1 Datasets

To evaluate the generalizability of our proposed GPT-MM framework, we conduct

experiments on two multimodal tasks from distinct domains: VQA and ASR.

VQA OK-VQA [116] is a knowledge-intensive VQA dataset, where answering

questions about images often requires external commonsense or factual knowledge

beyond what is directly visible. Each example consists of an image-question-answer

triplet. The dataset contains 9,793 training samples and 5,046 testing samples.

Due to the cost in API calls, we use a random subset of 1,000 examples. We follow

the standard protocol and use accuracy as the evaluation metric.

ASR Earnings-22 [150] is a long-form, real-world ASR dataset consisting of En-

glish earnings call recordings and their transcripts. It contains 142 audio record-

ings totaling over 100 hours of speech, with significant variation in speaker accents,

terminology, and background noise. Same as in VQA, we randomly select 1,000

segments in our test and remained segments will be the pool for demonstration
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selection. We use word error rate (WER) as the evaluation metric. Each audio

segment is paired with a transcription prompt and cast into a single-turn ASR

generation task under the ICL setting.

3.3.2 Baselines

GPT-Random For each test example, we randomly select k demonstrations

from the training set without considering any modality- or task-specific similarity.

This simple strategy serves as a lower bound for ICL performance and highlights

the importance of informed retrieval.

GPT-feature For the VQA task, we concatenate CLIP image features to form

the sentence representation. For ASR, we use the encoder of Whisper-large-v3 to

extract utterance-level embeddings from audio inputs. Demonstration retrieval is

based on cosine similarity in the corresponding embedding space. This method re-

flects a typical multimodal feature-level retrieval baseline that ignores the model’s

generative behavior.

GPT-MM (Ours) Our method adopts a task-aware retrieval mechanism that

derives representations from the generation model itself. For VQA, we use GPT-

4o to generate the answer token given the image and question. We then extract

the hidden state corresponding to the predicted answer token as the embedding

for retrieval. For ASR, we prompt Whisper-large-v3 with the audio input and

extract the hidden state corresponding to the generated transcript tokens. These

answer-state representations reflect the model’s internal decision-making process

and are used to retrieve demonstrations based on cosine similarity. This approach

ensures alignment between the retrieval representation and the model ’s actual

output behavior.

All retrieval methods use the same model as the inference engine for their re-

spective tasks (GPT-4o for VQA and Whisper-large-v3 for ASR), and share the

same number of 3-shot demonstrations. This design enables a controlled compar-

ison that isolates the contribution of retrieval quality to final performance.
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3.3.3 Main Results

We report the main results of our multimodal in-context learning experiments

in Table 3.1. The performance is evaluated on the OK-VQA dataset (accuracy)

and the Earnings-22 dataset (word error rate, WER). All methods use the same

backbone model for inference (GPT-4o for VQA, Whisper-large-v3 for ASR), and

differ only in their retrieval strategy.

Method OK-VQA (Accuracy) ↑ Earnings-22 (WER) ↓

Zero-shot 51.32 11.44
GPT-Random 51.29 11.39
GPT-feature 51.32 11.37
GPT-MM (Ours) 52.24 11.26
w/o reasoning 52.11 11.31

Table 3.1: Main results on VQA and ASR tasks under 3-shot in-context learning.

GPT-MM achieves consistent improvements by using task-aware answer-state em-

beddings for retrieval. Note that due to the limited length of multimodal inputs,

we restrict the number of demonstrations to be 3.

We observe that both baseline methods, GPT-Random and GPT-feature, fail

to improve over the zero-shot performance in both tasks. This is attributed to the

low relevance of retrieved demonstrations: Random retrieval is entirely unstruc-

tured, and GPT-feature, while more informed, uses embeddings that are detached

from the model ’s actual generation behavior that focus on the task-related rep-

resentations.

In contrast, our proposed GPT-MM method consistently improves perfor-

mance across both modalities. By extracting task-specific representations from

the Qwen2.5-omni model, the retrieved demonstrations are highly aligned with

the decision process of the target model. This alignment leads to more effective

conditioning and better in-context generalization. After combining with the label-

induced reasoning, the performance further improves to achieve the best results.

These results highlight the importance of task-aware retrieval and reasoning

in multimodal ICL. Simply using semantically similar media content or shallow
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embeddings is insufficient; the retrieval space must reflect the model’s own induc-

tive biases. GPT-MM bridges this gap by rooting retrieval directly in the model’s

output dynamics.

3.4 Summary of This Chapter

This work presents a unified in-context learning (ICL) framework that en-

hances both textual and multimodal understanding through two complementary

mechanisms―task-aware demonstration retrieval and label-induced reasoning. We

first validated these mechanisms on textual relation extraction (RE), showing

that aligning demonstrations with entity–relation semantics and injecting label-

grounded reasoning logic substantially narrows the gap between ICL and fully

supervised models. Building on this foundation, we extended the same framework

to the multimodal domain, developing GPT-MM, which applies identical retrieval

and reasoning principles to visual and audio question answering tasks. Experi-

ments across all modalities confirm that task-specific alignment in both retrieval

and reasoning plays a key role in unlocking the potential of ICL under heteroge-

neous input settings.

Overall, our findings demonstrate that the core mechanisms enabling effective

textual ICL generalize naturally across modalities, providing a unified and inter-

pretable foundation for multimodal reasoning. Future work will explore cross-

modal transfer of retrieval strategies and reinforcement-based demonstration se-

lection, aiming to establish an end-to-end, self-adaptive ICL paradigm.

Relationship to the Dissertation: Multimodal Expansion and Structural

Heuristics This chapter extends the concept of Inference-time Scaffolding from

the unimodal textual domain to the complex landscape of Multimodal Large Lan-

guage Models (MLLMs). As models evolve from text-only to multimodal archi-

tectures, In-Context Learning (ICL) naturally transitions into a more challenging

paradigm, where the strategic selection and construction of multimodal demon-

strations become paramount.

The primary contribution of this chapter, GPT-MM, offers a dual impact on
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the overarching scaffolding framework: (1) A Unified Framework for Modality In-

tegration: By introducing special tokens for demonstration selection, we provide a

structured and scalable framework that manages the high-dimensional complexity

of interleaved image-text data. This serves as an architectural heuristic for how

heterogeneous signals can be organized into a coherent inference-time prompt;

(2) Legacy in Data-Centric Reasoning: Beyond inference-time utility, our

Logic-Induced Reasoning mechanism has established a long-term influence on

the field. It has become a foundational method for generating reasoning traces,

which are now essential for constructing high-quality multimodal instruction-

tuning datasets.

In summary, this chapter demonstrates that as the complexity of the "context"

grows in multimodal scenarios, the necessity for structured scaffolding becomes

even more acute. It bridges the gap between basic ICL and the highly specialized,

domain-specific systems explored in the subsequent chapters.



Chapter 4

Reformulating Domain

Adaptation of Large Language

Models as Adapt-Retrieve-Revise:

A Case Study on Chinese Legal

Domain

4.1 Introduction

Recent large language models like GPT-4 bring remarkable improvements in var-

ious general domain NLP tasks [17, 126, 174, 30, 143, 58]. However, in specific

domains such as the Chinese legal domain, the performance of such general LLMs

still lags considerably behind. We show a real example of Chinese LegalQA [22]

on the left of Figure 4.1, which requires the model to generate the corresponding

legal provision (i.e., the law name and the clause index) and the rationale for the

judgment, given a brief case description as the query.

We initialize the research with a preliminary examination of utilizing GPT-4

to address the Chinese LegalQA task, which involves responding with a law clause

relevant to a given query case. Figure 4.1 reveals the extremely low performance

37
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12.0

33.1

71.1

41.9

GPT-4 Direct Generation
GPT-4 Retrieval-based Generation
Domain-Adapted 7B LLM
Ours

Query: What are the penalties for parking 
violations under the traffic code?

Answer: According to [article 93] clause index of 
[the Road Traffic Safety Law of the People's 
Republic of China] law name, [to anyone who 
violates the road traffic safety laws or 
regulations on parking or temporarily parks 
motor vehicles, his illegal acts may be pointed 
out, meanwhile he shall be imposed upon the 
penalty of oral warning, and be ordered to 
drive away immediately...... ] rationale

Figure 4.1: Left: A real translated example of Chinese LegalQA. The square

brackets and subscripts are offered for the purpose of clear demonstration, not

actually exist in the ground-truth answer or generation. Right: Models’ F1 scores

on the LegalQA dataset.

(F1 12.0) of directly prompting the query case to ask GPT-4 to generate the

corresponding law clause. Though the generated answers are grammatically fluent,

they often consist of non-logical content, factual mistakes, and fail to refer to the

correct legal provision (also known as "hallucination"). For example, in the left

answer of Figure 4.2, the direct generation of GPT-4 seems to retell the case

description but fails to point out the corresponding clause. A potential reason is

the insufficient Chinese legal domain text during pretraining, leading to a lack of

domain knowledge acquisition, and consequently generating hallucinatory content.

For the LLMs with the scale of GPT-4, it’s generally not feasible for researchers

to do learning-based adaptation. The enormous model size could make the cost of

continual learning extremely high, and meanwhile, the access functions are often

limited by APIs. Therefore, recent work [94, 205, 163, 108] introduces retrieval-

based methods that first use the given query to retrieve relevant evidence candi-

dates from the external domain-specific knowledge base or the internet and then

concatenate the query and the evidence candidates into the prompt. GPT-4 could

implicitly validate the relevance between the query and the evidence, as well as



4.1. INTRODUCTION 39

the correctness of the evidence, before producing a generation.

Our replicated retrieval-based method improves the LegalQA F1 from the 12.0

points of direct generation to 33.1 as shown in Figure 4.1. It indicates that even

though GPT-4 may not generate domain content, it possesses sufficient evidence-

assessing capacity to select the correct evidence from candidates. Nevertheless,

the retrieval module is limited by the capability of representation mapping from

query to evidence and is also influenced by the domain issue, leading to a decline

in search quality. GPT-4 still produces hallucinations in responses as the middle

answer in Figure 4.2.

On the other hand, with the rapid development of open LLMs led by LLaMA

[175], it becomes affordable to continually train an open LLM tailored to your

demands on sufficient in-domain texts, resulting in a domain-adapted LLM. We

therefore conduct the second examing of continually training Baichuan 7B [5], a

Chinese foundation model, on over 50B token Chinese legal data. Its performance

(the green bar in Figure 4.1) even surpasses the retrieval-based GPT-4 generation

on Chinese LegalQA. Hallucinations caused by the lack of domain knowledge are

largely reduced but not completely solved. As shown in the right answer in Fig-

ure 4.2, adapted LLM generates generally correct responses but still makes errors

in certain words. Although the law name is correct and the rationale part is rea-

sonable, the clause index is a hallucinatory generation which raises the difficulty

in anchoring target clauses. We argue that these fails are accordingly caused by

the limited capability of a 7B size to memorize the knowledge accurately.

Building upon the observation of the evidence-assessing capability of GPT-4

and the high-quality domain content generated by the domain-adapted 7B model,

this paper proposes a novel approach to reformulate GPT-4’s domain content gen-

eration to an adapt-retrieve-revise process: (1) the domain-adapted model

generates a draft answer given a query; (2) the retrieval module uses the draft

answer as input for searching external evidence candidates because the answer is

usually more informative and semantically similar to the evidence compared to

the query as long as the answer quality is acceptable; (3) GPT-4 assesses retrieved

evidence and revises the draft answer to generate the final answer.

The rest sections of the paper anchor the Chinese legal domain and compre-
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Query: What are the penalties for parking violations under the traffic code?
Answer: 

GPT-4’s Direct Generation: 
In China, the penalties for 
parking violations may vary 
depending on the specific 
area and circumstances. 
Typically, parking penalties 
may include fines, demerit 
points and, in severe 
cases...

GPT-4’s Retrieval-based  
Generation: 
According to [article 37] of 
[the Road Traffic Safety 
Law of the People's 
Republic of China], [where 
a special driveway is 
delimited on a road, only 
prescribed…]

Domain-adapted LLM’s 
Generation: 
According to [article 90] of 
[the Road Traffic Safety Law 
of the People's Republic of 
China], [to anyone who 
violates the road traffic 
safety laws or regulations on 
parking or parks...]

Figure 4.2: Examples of hallucinations of various models. Red denotes the con-

tent containing hallucinations. The ground-truth answer refers to the left case in

Figure 4.1.

hensively validate the effectiveness of our proposal. In Section 4.2, we explain

each component of our adapt-retrieve-revise method and elaborate on the imple-

mentation details. In Section 4.3 and 4.5, we conduct the experiments and the

result analysis on four Chinese legal domain tasks. The experimental results show

substantial improvements against the direct generation and the retrieval-based

generation baselines. In the final Section 4.7, we elicit the conclusion and future

work. To the best of our knowledge, this is the first study to examine the zero-shot

performance of LLMs on four Chinese legal benchmarks.

4.2 Methodology

Our adapt-retrieve-revise method consists of three steps. In the first step (Sec-

tion 4.2.1), we continually train a Chinese pre-trained LLM on the Chinese legal

domain corpora to derive a domain-adapted legal LLM and given the query, the

legal LLM will generate the draft answer. In the second step (Section 4.2.2), we

use a sentence embedding model to produce embeddings for both the draft answer

and each paragraph in the corresponding knowledge base, then evidence retrieval

will be computed by the similarities between the answer embedding and the para-

graph embeddings. In the third step (Section 4.2.3), we concatenate the query,

the draft answer, and the retrieved evidence in the prompt for GPT-4 to revise
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ℎ!"#$%&Chinese Legal 
Raw Corpora

Query: What are the penalties for parking 
violations under the traffic code? Please provide 
evidence in the Chinese law.

Query: What are the penalties for parking violations under the traffic 
code? Please provide evidence in the Chinese legal articles.

Evidence 𝑬

Draft Answer: According to article 90 of the Road Traffic Safety Law of 
the People's Republic of China, in the event of a violation of the ……

Draft Answer Generation
(Sec. 2.1) GPT-4 Revision (Sec. 2.3)

𝑘NN Retrieval

Pre-trained 
Chinese LLM

Chinese legal 
domain 

adapted LLM

Knowledge 
Base

Retrieval Bank

Draft Answer 𝒅

Please revise the original answer based on the query and the provided 
evidence.

Query 𝒒

Instruction 𝑰

Revised Answer: According to article 93 of the Road Traffic Safety Law 
of the People's Republic of China, to anyone who violates the road 
traffic safety laws or regulations on parking or temporarily parks motor 
vehicles……

Revised Answer 𝒓

Draft Answer: According to article 90
of the Road Traffic Safety Law of the 
People's Republic of China, in the 
event of a violation of the ……

Sentence Embedding Model E5

1. Article 76 of the Road Traffic Safety Law of the People's Republic of 
China: where a motor vehicle meets with a traffic accident……

2. Article 93 of the Road Traffic Safety Law of the People's Republic of 
China: to anyone who violates the road traffic safety……

Answer-based 
Retrieval (Sec. 2.2)

Sentence Embedding Model E5

Figure 4.3: Overview of our proposed method. The example and prompt are

translated from Chinese to English for the demonstration purpose.

and produce the final response. Figure 6.1 shows the overview of our method. In

the following sections, we will introduce details of each step.

4.2.1 Draft Answer Generation by the Domain-adapted LLM

This step could be actually flexible to save the effort of training a LLM yourself.

For instance, an off-the-shelf Chinese legal domain LLM can be used for generating

draft answer. However, most of such LLMs have been fine-tuned on various in-

domain evaluation tasks. The potential data leakage could lead to unreliable

evaluation, especially in a zero-shot setting. Therefore, in this paper, we adapt an

open 7B LLM to the Chinese legal domain by continual learning on the domain

data. We collect the training data from the following two open Chinese legal

sources:

• Chinese Law Clauses (https://flk.npc.gov.cn/) form the foundation

of the judicial system, containing a wealth of legal terms, provisions, and ju-

dicial practices. They are essential for the model to understand and generate

relevant content.

• Chinese Judgments Online (https://wenshu.court.gov.cn/) is the

largest online publication platform for legal documents in China. The plat-
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form contains judicial documents from courts at all levels, covering various

legal fields such as civil, criminal, administrative, and enforcement. Such

documents contain knowledge for LLMs to understand the usage of laws in

various scenarios.

During the inference, given an input query, we will first prompt the trained 7B

legal LLM to generate the draft answer, which will be used in the next step. For

the prompt, we add the instruction ”Please provide evidence in the Chinese law"

at the end of the query to enforce the model to generate related law clauses, as in

Figure 6.1.

4.2.2 Answer-based Evidence Retrieval

Since the draft answer of the 7B legal LLM is usually more informative and se-

mantically similar to the evidence than the query. We further use the generated

evidence to retrieve ground-truth evidence from the target knowledge base for the

purpose of revision since it contains much more information than the query, even

though the hallucinations can not be totally reduced. We implement this method

with two subsequent steps: knowledge bank construction and retrieval.

Knowledge Bank Construction For the i-th paragraph pi, we construct the

key-value pair (pi, pi) where the key pi is the representation obtained from the

sentence embedding model and the value pi denotes the paragraph. The memory

(K,V) = {(pi, pi)|pi ∈ KB} is thus the set of all key-value pairs constructed from

all the paragraphs in the external knowledge base KB.

Retrieval Given the generated draft answer d, the sentence embedding model

outputs its representation hAnswer. We then query the constructed knowledge

bank with hAnswer to retrieve its k nearest neighbors E according to a distance

function by L2 distance.

4.2.3 GPT-4 Revision

To effectively combine the high-quality draft answers generated by the 7B domain

adapted model with GPT-4’s powerful evidence-assessing capability, we propose
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the following process. As shown in Figure 6.1, the whole prompt consists of the

following components: (1) the instruction I to require GPT-4 to revise the draft

answer given the query and the evidence candidates; (2) the query q itself; (3)

the draft answer d for GPT-4 to revise; (4) and the retrieved evidence candidates

E to provide related Chinese legal knowledge for GPT-4. Then, the final revised

answer r will be outputted by GPT4(I, q, d, E).

4.3 Experiment Settings

We conducted a series of experiments to compare our adapt-retrieve-revise method

to the baselines of direct generation and retrieval-based generation on various

Chinese legal benchmarks. We show the model details and the task settings in

this section.

4.3.1 Model Settings

Details of training 7B legal LLM: We utilize the general domain Baichuan

7B model1 for continual learning Chinese legal corpora. In total, we trained 50B

tokens of Chinese Law Clauses and Chinese Judgments Online corpora with the

input length limit of 16K and the batch size of 256 on 32 A100 GPUs, and the

time-consuming is 167 hours. After continual learning, we subsequently supervised

fine-tuning our model on 70K instruction examples, including 52K GPT-4 self-

instruct Chinese data [133] and 18K legal instructions (See Appendix B.0.1) for

the alignment.

Retriever setting: We utilize Multilingual-E5-large [182], a Roberta-

based [100] sentence embedding model that achieves robust performance on various

tasks. We also compare with other retrieval modules in Appendix B.0.2.

GPT-4 setting: For the utilization of GPT-4, we select “gpt-4-0613” with max-

imal 8K input tokens and use the original Chinese prompt as shown in Sec 4.2.3

and Figure 6.1 via OpenAI API.
1
https://huggingface.co/baichuan-inc/Baichuan-7B
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4.3.2 Evaluation of Chinese Legal Tasks

We evaluated our Adapt-Retrieve-Revise method on a diversity of tasks with dif-

ferent knowledge base for retrieval in the zero-shot setting:

• Law Clause Recommendation (LCR) and Criminal Prediction

(CP) [192] are two tasks using the legal report as the input, and let the

model generate the most related law clause and predict the criminal type

based on the law clause. For these two tasks, we use the Chinese law

clauses as the domain knowledge base for retrieval.

• LegalQA is a filtered set of EUQALS [22] that, given an input query, the

model should generate an answer based on the most related legal clause.

The filtering is based on the quality of the questions and we will release the

filtered set. We also use the Chinese law clauses as the domain knowledge

base for retrieval.

• JEC-QA [215] is the official test for getting a lawyer’s certificate in China.

We chose the single-choice selection questions in our evaluations with the Le-

gal Textbooks (https://github.com/thunlp/jec-qa) as the knowledge

base for retrieval.

• Similar Case Retrieval [109] is the task, given a query legal scenario as

the input, we aim at selecting similar Legal Judgement Documents from

the 100 candidates. We conducted this experiment to assess the reliability

of our proposed retrieval method in Section 4.5.1.

Due to the cost of GPT-4 API and the human evaluation, we randomly sampled

a subset of 250 test examples for each task of LCR, CP, LegalQA, and JEC-QA.

Please refer to Table 4.2 for the statistics.

4.3.3 Evaluation Metrics

Since generative models produce diverse formats in the output and the Chinese

legal domain has its own features, checking the evaluation metrics in the experi-

ments is crucial. For tasks LCR, CP, and LegalQA, our metric is the Micro F1
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Generator Retriever Revisor

Chinese law clauses Textbooks

Avg.LCR CP LegalQA JEC-QA

F1 (Rec.) F1 (Rec.) F1 (Rec.) Acc.

Direct Generation

GPT-4 - - 61.7 (67.6) 70.7 (71.2) 12.0 (14.4) 36.2 45.1

LawGPT-7B [164] - - 19.3 (25.3) 33.3 (34.6) 10.3 (16.6) 27.4 22.6

ChatLaw-13B [33] - - 25.6 (27.6) 43.6 (49.6) 14.6 (18.3) 31.8 28.9

7B legal LLM - - 83.0 (88.4) 82.9 (84.0) 41.9 (48.8) 39.8 61.9

Retrieval-based Generation

GPT-4 Query-based - 72.0 (74.4) 74.0 (75.2) 33.1 (36.0) 41.6 55.2

7B legal LLM Query-based - 77.3 (87.6) 81.3 (82.4) 47.4 (50.2) 40.8 61.7

Adapt-Retrieve-Revise

7B legal LLM Answer-based 7B legal LLM 84.1 (88.4) 82.7 (83.6) 47.3 (49.0) 40.2 63.6

7B legal LLM (ours) Answer-based GPT-4 90.6 (96.4) 86.9 (87.8) 71.1 (72.4) 66.2 78.7

Table 4.1: Zero-shot Results on four Chinese legal datasets. “Rec.” denotes

recall, “Acc.” denotes accuracy, and “Avg.” is computed by the F1 and accuracy

scores of all four tasks

Datasets CP LCR LegalQA JEC-QA

# test 965, 219 965, 219 1,000 13,341

Table 4.2: Statistics of datasets.

and the Recall of whether the title of the ground-truth law clause is included in

the generated answer. This is because, in real-world applications, with the correct

title, the contents of the law clause can be easily revised by the rule-based system,

indicating that the title is more important than the content.

For the JEC-QA task, we use accuracy as the metric, but controlling the

output into an identical format for automatic evaluation is difficult, especially for

the 7B LLM that has not been fine-tuned on the JEC-QA task. We select human

evaluation to ensure its accuracy by manually comparing the model output and

the gold answer provided by the dataset.

For the Similar Case Retrieval task, we chose the widely used precision@k and

MAP as the evaluation metrics.
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4.4 Main Experimental Results

We provide the main results as in Table 4.1. As we claimed before, this is the

first work to targeting the zero-shot LLM performance on Chinese legal domain

tasks. Generally, we compare our adapt-retrieve-revise proposal with baselines of

direct generations and retrieval-based generations using the query, showing that

our method outperforms all baselines by substantial margins. Our main results

also provide some ablation results.

We first observe the effectiveness of domain adaption. Our 7B legal LLM

significantly beats GPT-4, and even compared with the retrieval-based generation

of GPT-4, the 7B legal LLM still outperforms on three tasks and has competitive

results on the JEC-QA task, indicating that our continual learning on Chinese

legal raw corpora shows a fast and effective domain adaptation on various legal

tasks. However, related work (LawGPT and ChatLaw) fails to benefit largely from

the continual training due to the much less data used in training, and their base

models are multilingual Llama.

Then, considering the results of GPT-4 and the GPT-4 retrieval-based gen-

eration, we find that after providing evidence of related legal knowledge, GPT-4

can improve its responses significantly (+10.1 points). This indicates that the

retrieval-based method is a proper way to reduce hallucinations caused by the

lack of domain knowledge, and owing to the robust evidence-assessing capacity,

GPT-4 can adapt to the Chinese legal domain well with convincing evidence avail-

able.

In our final experiment, using the draft answers generated by the 7B legal

model for retrieval and revision, the performance significantly exceeded two query-

based retrieval baselines by large margins of +17.0 and +23.5 points. It’s worth

noting that the improvement here comes from both the enhanced answer-based

retrieval quality and the revision setup. In the subsequent ablation study, we will

further examine the quantified improvement of the retrieval quality through an

additional retrieving task.

An interesting observation is that, by comparing the direct generation of the

7B legal model and the adapt-retrieve-revise method with the revision model as
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Figure 4.4: Comparison of retrieval recalls on the LegalQA dataset.
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Figure 4.5: We compare performances of the draft answer of 7B legal LLM and

our proposed adapt-retrieve-revise model using different contents in retrieval.

the legal 7B model, we find that with retrieved evidence, the revised answers seem

to be no obvious difference from the direct generation. This indicates that the 7B

legal LLM shows almost zero evidence-assessing capacity.
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4.5 Further Analysis

4.5.1 Analysis of Retrieval Methods

The previous section has demonstrated the step-wise effectiveness of our adapt-

retrieve-revise proposal. Nevertheless, the retriever, as a key component that

directly affects the quality of evidence, how its variations would impact the final

performance is a crucial research question to investigate.

Retrieving A Query or Retrieving an Answer?

We believe the answer-based approach is more effective due to two reasons. (1) The

query-based retrieval requires a query-to-evidence representation mapping. The

answers are usually more semantically similar to the evidence, which avoids the

mapping process. (2) A query is often very brief, while an answer containing the

legal provision and rationale is more informative. In this sub-section, we analyze

the retrieval component, including the apple-to-apple comparisons between the

query-based and answer-based performance and the influence of answer quality

for the answer-based retrieval.

We ordered the top-similar law clauses in each retrieval and evaluated the

recall in top-k, indicating whether the ground-truth law clause appears in the top-

k retrieved law clauses. As shown in Figure 4.4, the top-1 retrieved law clause

based on the answer competes with the top-5 law clauses based on the query, and

the answer-based retrieval beats the query-based retrieval with a large margin for

all k. This confirms our first reason that the draft answer contains much more

information than the query for retrieval, indicating that LLMs can be intrinsic

retrievers.

We further compare the query-based and answer-based retrieval on a public

Similar Case Retrieval task. This task aims to select similar legal judgments

based on the query from the candidates with a query the case brief given. As shown

in Table 4.3, we compare two setups: 1) using the original query to retrieve, 2)

using the legal 7B LLM to complete a whole legal judgment document given the

brief query, and then retrieving. We follow the original task repository for the
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Setup Precision@5 Precision@10 MAP

Query-based 42.1 42.0 47.8

Answer-based 45.2 (+3.1) 42.1 (+0.1) 49.5 (+1.7)

Table 4.3: Results of two retrieval setups on the Similar Case Retrieval

dataset.

Draft answer: 
1. The spouse, children and 
parents of the decedent are 
the first order of heirs; 2. The 
siblings, grandparents and 
grandparents of the decedent 
are the second order of heirs…

Revised answer: 
According to article 1127 of 
Civil Code of the People's 
Republic of China, 1. The 
spouse, children and parents 
of the decedent are the first 
order of heirs; 2. The siblings, 
grandparents and…

Draft answer: 
According to article 90 of the 
Road Traffic Safety Law of the 
People's Republic of China, to 
anyone who violates the road 
traffic safety laws or regulations 
on parking or parks motor 
vehicles…

Revised answer: 
According to article 93 of the 
Road Traffic Safety Law of the 
People's Republic of China, to 
anyone who violates the road 
traffic safety laws or regulations 
on parking or temporarily parks
motor vehicles…

Draft answer: 
According to article 74 of the 
Road Traffic Safety Law of the 
People's Republic of China, 
with respect to a dispute over 
indemnity for the damage from 
a traffic accident, the parties 
concerned…

Revised answer: 
According to article 70 of the 
Road Traffic Safety Law of the 
People's Republic of China, If 
a traffic accident occurs on 
road, the vehicle driver shall 
immediately park the vehicle 
and protect the scene…

Query: What are the provisions 
regarding the scope of legal 
succession and the order of 
succession?

Query: What are the penalties for 
parking violations under the 
traffic code?

Query: Which traffic accidents 
can be handled according to the 
simplified procedure?

Figure 4.6: Case studies on the GPT-4 revision. The examples are translated

from Chinese to English for the demonstration purpose.

other settings2. The results show that on each metric, the answer-based retrieval

works better, indicating that using the generated answer provides a more robust

retrieval.

Does the Quality of Answer Matter for Answer-Based Retrieval?

It’s an intuitive thought that the quality of answers will significantly impact the

outcome of answer-based retrieval. Therefore, we compare the retrieval using the

answers of GPT-4 and the 7B legal LLM. We change the contents in retrieval for

our proposed adapt-retrieve-revise method. As shown in Figure 4.5, by comparing

2
https://github.com/myx666/LeCaRD
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query-based and GPT-4’s answer-based retrievals, we find that the answer-based

retrieval fails on three datasets (LCR, CP, LegalQA), indicating that the lack of

domain knowledge in the GPT-4 responses leads to a more noisy retrieval, which

even hurts the performance of the draft answer (LCR, CP, LegalQA). Meanwhile,

after domain adapting, our 7B legal LLM provides robust answers in retrieval and

leads to the best performances, indicating that the learned Chinese legal domain

knowledge improves our answer-based retrieval.

4.5.2 Case Analysis of the Improvements after the GPT-4 Revi-
sion

We conclude the improvements by GPT-4 in three aspects as shown in Figure 4.6:

• Adding law clauses for reference: Sometimes, the 7B legal LLM only

provides a fluent response without following the input instructions to provide

the key information of the referred law name and clause index. In this case,

the faithfulness of the answer remains unchecked for the users. However,

after the revision, each answer is equipped with the referred law clause,

which makes it easier to check the accuracy of the responses.

• Revising hallucinations in the evidence: even the domain-adapted LLM

can provide evidence from its learned legal knowledge; the hallucination

remains to some degree, such as the wrong clause index, even the law name

and rationale are roughly correct. Since the rationale content is accurate, the

answer-based retrieval will search for the correct evidence, and the revision

by GPT-4 will solve the hallucination to produce a more robust response.

• Choosing correct evidence: In a more significant scenario, even though

the 7B legal model’s answers might contain partial hallucinatory content, the

retrieval component can still possibly identify correct evidence through the

partially correct descriptions in the rationale generation. During the revision

stage, GPT-4 could assess the correct evidence, leading to the generation of

correct answers.
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Figure 4.7: Comparison of iterations on LegalQA dataset.

4.5.3 Does the iteration make the generation better?

Since our method provides more accurate responses than the original response

from the domain LLM, one question is whether this procedure can be iterated to

improve the responses. We can use the revised response to retrieve related evidence

and further improve the response. To verify this probability, we iteratively test on

the LegalQA dataset. As the result is shown in Figure 4.7, during the iteration,

the retrieval recall does not show consistent improvements compared with the first

revision, leading to the performance nearly unchanged.

4.6 Related Work

4.6.1 Chinese Legal Domain Tasks

The rapid advancements in LLMs have significantly impacted various domains,

including the legal industry. This gives rise to the occurrence of legal datasets,

such as the Challenge of AI in Law (CAILf)3, LeCaRD [109], JEC-QA [215] and

3
http://cail.cipsc.org.cn/index.html
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EQUALS [22]. These datasets cover document classification, summarization, ques-

tion answering, information extraction, similar document retrieval, and other pop-

ular NLP tasks in the Chinese legal domain. To the best of our knowledge, this

paper is the first work to exam the zero-shot performances on these legal datasets.

4.6.2 Chinese Legal LLMs

As for Chinese legal LLMs, recent work utilizes a paradigm of continual learning in

the legal domain, and a substantial number of instruction fine-tuning datasets were

constructed to augment the proficiency in rendering legal advice. Particularly, the

series of LaWGPT [164] has been developed by leveraging foundational models

such as Chinese-LLaMA-7B [34], ChatGLM [39], and Chinese-alpaca-plus-7B [34].

Lawyer LLaMa [65] base on the more advanced Chinese-LLaMa-13B [34], On the

other hand, LexiLaw [50], built on the foundation of ChatGLM-6B [39], underwent

training through the application of three distinct methods, namely LoRA [61], P-

tuning [99], and fine-tuning. Furthermore, Chatlaw [33] received training based

on both Ziya-LLaMA-13B-v1 [69] and Anima-33B [106]. DISC-LawLLM [206]

adopted legal syllogism prompting strategies to construct supervised fine-tuning

datasets and fine-tune LLMs with legal reasoning capability. A primary reason

hindering us from utilizing such existing models is that they have often been

trained on those publicly legal tasks already. Therefore the zero-shot capabilities

can not be truly reflected. We thus continue training the general Baichuan 7B on

legal data by ourselves.

4.6.3 Retrieval-augmented Inference

In scenarios where language models are confronted with tasks necessitating an infu-

sion of external knowledge, a retriever mechanism can be used to provide evidence.

The Retrieval-Augmented Generation (RAG) [94] system incorporates a BERT-

based [36] Document Retrieval Process (DRP) and utilizes BART [93] for answer

generation. Analogously, the EMDR2 [205] employs the expectation-maximization

algorithm to account for multiple retrieved documents. The Atlas [71] builds upon

the EMDR2 framework, and by synergistically training the retriever and reader

components, it demonstrates few-shot learning capabilities commensurate with the
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540B PalM [30]. RETRO [12] benefits from retrieval mechanisms on expansive

corpora during its pre-training phase and exhibits performance in close alignment

with those of GPT-3 [18].

4.7 Summary of This Chapter

In this paper, we reformulate the zero-shot domain content generation of large

language models as an adapt-retrieve-revise procedure. This approach combines

the merits of efficient continual training of a smaller 7B LLM for domain adap-

tation, robustly retrieving the supporting evidence from an external knowledge

base, and effectively leveraging the evidence-assessing and revision capabilities of

GPT-4. Our proposal substantially enhances the zero-shot performance on the

Chinese legal tasks.

Relationship to the Dissertation: RAG as the Dynamic Link to an

Evolving World While In-Context Learning (ICL) empowers LLMs to perform

novel tasks with remarkable proficiency without parameter updates, it encounters

a fundamental limitation: the temporal obsolescence of parametric knowledge. In

specialized and rapidly evolving domains such as law and medicine, a model ’s

internal knowledge base inevitably becomes outdated. Given the computational

intractability of frequent retraining, RAG emerges as a critical and indispensable

inference-time scaffolding.

This chapter, through the Adapt-Retrieve-Revise framework, demonstrates

that RAG is more than a simple data retrieval tool; it is a sophisticated mecha-

nism that bridges static models with a dynamic world. By leveraging the LLM’s
inherent context utilization and reasoning abilities, RAG enables a high-efficiency,

low-cost connection to external, real-time information. This approach mirrors hu-

man professional intelligence: even the most proficient experts do not rely solely on

memory but utilize reference manuals and external databases as a vital component

of their cognitive process.

Consequently, this work establishes RAG as a pivotal layer in the scaffolding

hierarchy, transitioning the dissertation’s narrative from static capability elicita-
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tion to dynamic knowledge integration. This sets the stage for the final stage

of our framework: the evolution into fully autonomous agentic systems that can

self-reflect on the validity of retrieved information.



Chapter 5

SpeechIQ: Speech-Agentic

Intelligence Quotient Across

Cognitive Levels in Voice

Understanding by Large

Language Models

5.1 Introduction

The rapid rise of voice understanding Large Language Models (LLMVoice) that can

process voice input via the speech portal has ushered in a new paradigm of human-

machine interaction [146], where LLMVoice process spoken instructions, infer se-

mantic intent, and execute downstream tasks [72, 77, 218, 176, 119, 80, 64, 113].

LLMVoice bridge speech and language intelligence [166], enabling applications from

voice assistants to interactive robots. A fundamental prerequisite for deploying

robust LLMVoice lies in establishing reliable evaluation metrics for voice under-

standing. These metrics ensure that the system accurately comprehends voice

inputs. Automatic speech recognition (ASR) is the central component of exist-

55
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Apply

Understand

(Verbatim) Remember 

Relative Levels of Bloom’s Taxonomy 

LLMVoiceVoice Input Speech IQ

Figure 5.1: An overview of cognitive levels in voice understanding large language

model systems related to the first three foundational hierarchies of Bloom’s Tax-

onomy. We design a corresponding examination to measure SpeechIQ as a detailed

pipeline in Figure 5.2.

ing cascaded1 LLMVoice systems, transcribing voice into text for subsequent LLM

processing. Consequently, the research community primarily assesses voice under-

standing using transcription error metrics [68, 84], with Word Error Rate (WER)

standing as the de facto standard.

However, WER primarily measures the lexical recall of ASR, its transcribed

quality does not fully capture the semantic understanding [52, 26, 169] and task

completion [177] capabilities of LLMs via their speech portal. For instance, WER

treats all lexical errors equally, ignoring how transcription inaccuracies propagate

to higher-level comprehension (i.e., semantic understanding) and executions (i.e.,

downstream tasks).

Meanwhile, a growing trend in LLMVoice research is the shift toward end-to-end

multi-modal models [151, 141, 114, 63, 35, 27], which bypass explicit ASR tran-

scription and directly map audio inputs to task-specific outputs (e.g., answers,

actions). While this paradigm simplifies pipelines and reduces error cascades,

its end-to-end voice service obviates the need for generating an intermediate tran-

script, rendering traditional WER-based evaluation obsolete [89, 171]. This creates

a critical methodological gap: without a reliable and potentially unified metric,

1We refer to two-pass based neural ASR-LM systems [59, 153, 66], which have been widely

adopted in the current voice assistants, including Siri, Alexa, and Google Assistant.
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comparing voice understanding across architectural choices, such as the modu-

larity of “cascaded neural systems” and the efficiency of “end-to-end mutlimodal

models,” remains insufficiently characterized.

The above two limitations mirror a fundamental challenge in assessing artifi-

cial intelligence: as Figure 5.1, human-like intelligence is inherently hierarchical.

Drawing on Bloom’s Taxonomy [11, 9], a cognitive framework where skills ascend

from basic remembering to advanced creating, we posit that LLMVoice should be

evaluated through analogous levels. In this framework, WER represents the lowest

level by measuring verbatim recall while neglecting higher-order abilities such as

semantic understanding and task-solving. For instance, two transcripts with iden-

tical WER may differ drastically in meaning [168], leading to divergent LLMVoice

responses or failed instructions.

To address this gap, we propose a hierarchical IQ test for LLMVoice that evalu-

ates intelligence across three fundamental levels (refer to limitations) aligned with

Bloom ’s Cognitive Taxonomy: (1) Remember in verbatim: Lexical accuracy is

quantified using WER; (2) Understand: Semantic consistency is assessed by com-

paring LLM responses to ASR outputs and ground-truth transcripts. LLMs are

prompted to infer the background context (e.g., domain, speaker intent) and gen-

erate a summary of the speech, then measure hidden states similarity between

ASR-derived and ground truth-derived responses; (3) Apply: Task-solving capa-

bility is tested via multi-choice question-answering (QA) pairs constructed from

ground-truth transcripts. LLMVoice answers questions based on speech inputs,

with accuracy reflecting real-world utility. Then, we draw inspiration from Raven’s
Progressive Matrices [145, 75] (i.e., a human IQ test) that aggregates performance

across various dimensions into a single score.

Beyond overall evaluation, our SpeechIQ framework yields two key insights:

• Cascade systems (ASR+LLM) outperform end-to-end models under similar

scaling, revealing modality interference in joint speech-text training.

• Cross-model QA consistency exposes ground-truth errors. By isolating ques-

tions most LLMVoice, cannot solve, we create an “unanswerable” set that

helps detect hallucinations [41, 85] and refine benchmark annotations.
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Our work advances LLMVoice evaluation by merging cognitive principles with

practical metrics, revealing hidden challenges in multimodal inference (e.g., hallu-

cination inheritance), and offering tools to build more robust systems. Code and

data will be publicly available.

5.2 Related Work

5.2.1 ASR Evaluation

ASR systems have long been evaluated using lexical similarity metrics such as

WER, which quantifies the Levenshtein distance [124] between ASR outputs and

reference transcripts. Metrics like character error rate [111] (CER), sentence er-

ror rate [76] (SER), and translation error rate (TER) extend this framework to

the sentence or translation level but share WER ’s core limitation: treating all

errors equally, regardless of semantic impact. While effective for benchmarking

transcription fidelity, these metrics do not fully capture how errors propagate to

downstream tasks.

Recent work mitigates WER ’s semantic insensitivity by incorporating sen-

tence embeddings into evaluation. Sentence similarity-based metrics [81, 82] and

BERTScore [210] leverage pre-trained language models to compute semantic corre-

spondence between ASR hypotheses and ground-truth references. Others propose

task-specific metrics, such as Medconcept WER [3] which arranges more weights

on medical entities in WER computation or severity score [188] that involves sen-

timent similarity in the evaluation. However, these methods are either confined to

specific tasks or require curated labeled data, limiting their generalizability to

open-domain LLMVoice.

Efforts to develop hybrid metrics that combine error rate and semantic similar-

ity, such as H_eval [157], and Sema [156], further enrich the evaluation landscape.

Concurrently, machine translation inspired metrics like BLEU Score [132] and

COMET [147], have started to be adapted for ASR to assess fluency and prag-

matic adequacy. However, these approaches still emphasize text-to-text alignment

between ASR outputs and references, rather than from a view of influencing the

responses and actions of downstream LLMs, motivating the proposed SpeechIQ as
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Figure 5.2: Overview of Speech IQ (SIQ) test. We compared cognition-

inspired categories of LLMVoice represented in three rows, with the right columns

denoting the SIQ sub-tests. The truth reference will be used in the sub-tests.

a multi-dimensional metric.

5.2.2 LLMVoice Understanding Systems

In general, speech-based LLMs encompass both the understanding of voice signals

and the generation [4, 13, 202] of vocal or general audio outputs. In this work,

we focus exclusively on voice understanding tasks with text outputs as one

first step to examine voice intelligence [166] or its potential voice world model [49,

118] via LLM backbone, which we denote as LLMVoice. LLMVoice understanding

systems are designed to interact [161, 102] with users and execute task-oriented

instructions via speech-based inputs. This form of “voice-to-text” architecture can

be broadly categorized into three main types, all of which achieve state-of-the-art

ASR quality on public leaderboards [139, 23, 135]:

(1) Cascaded ASR + LLM This approach follows a traditional pipeline-based

structure, where an ASR model [186, 48, 139] transcribes the spoken input, and

the 1-best transcription is passed to textual LLM as one operation system [191, 38]

for direct response generation.
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(2) Cascaded ASR Hypotheses + Generation Error Correction (GER)

+ LLM In this approach, the ASR model first generates multiple possible tran-

scriptions (i.e., hypotheses) for a given speech input, where “texts” are then treated

as input features for a many-to-one GER post-editing module [199, 178, 60]. The

GER module refines these hypotheses to determine the most accurate transcrip-

tion, which is subsequently processed by the LLM.

(3) End-to-End Multi-Modal Models These models are inherently designed

to support both speech and text modalities [151, 63, 107, 208]. Unlike cascaded ap-

proaches, they process audio inputs directly and generate textual outputs without

requiring intermediate ASR transcriptions. This paradigm leverages a multimodal

learning framework (i.e., a speech embedding encoder [141] or tokenizer [14, 211])

to achieve end-to-end speech understanding and reasoning.

In summary, we carefully selected and examined aforementioned three ASR-

LLM systems. System 1 serves as the most cost-effective solution [54] for voice

interactions with LLMs. System 2 is designed to decode texts that offer richer

information [21, 201] for textual applications. System 3 highlights a low-latency,

multimodal embedding injection approach for large language models [129, 172].

Next, we introduce our proposed method, which corresponds to Bloom’s cognitive

taxonomy.

5.3 SpeechIQ: Speech Intelligence Quotient

We will subsequently introduce each level of the test, from the remember level

to both the understand level and apply level. At the end of this section, we will

discuss the computation of the final SpeechIQ. An overview of our workflow is in

Figure 5.2.

5.3.1 Remember: WER Metric

The remember level assesses the ability to reproduce spoken content accurately.

WER serves as a natural metric since it measures the verbatim discrepancy be-

tween ASR output and the ground truth at a granular level, with the advantage
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that it captures even the smallest differences, making it highly sensitive to tran-

scription errors.

5.3.2 Understand: Similarity Metric

The understand level assesses whether the ASR-generated transcript effectively

conveys the intended meaning of the original speech. This is particularly impor-

tant when ASR output serves as input to the LLM, and a minor transcription

difference could lead to significant semantic variations to LLMs. For instance, two

transcriptions with identical WER scores can have vastly different meanings:

• Ground truth: "I feel pain in the lower back."

• ASR 1: "I feel like pain in the _ back."

• ASR 2: "I feel painting in the world back."

Although both have the same WER = 29%, they convey different meanings and

lead to drastically different LLM responses.

To quantify the impact of ASR errors on semantic comprehension, we measure

the deviation in LLM responses caused by ASR transcription errors. Specifically,

inspired by recent work [73, 101] showing that instructing LLMs to generate one

word is a simple and straightforward approach to representing semantic meanings,

we evaluate LLM-generated responses via two key questions: (1) b: The back-

ground scenario of the speech [] in one word is. This helps resolve ambiguities and

measure whether the ASR content preserves core contextual meaning; (2) s: The

summary of this speech [] in one word is. This assesses the extent to which ASR

errors affect the LLM ’s high-level understanding. Instead of directly comparing

LLM-generated words, we use the last layer of hidden states of LLM for gener-

ating the next token as embeddings and compute their cosine similarity with the

embeddings generated from the ground truth transcription:

Sim_b = cos(M_b(ASR),M_b(Ground)) (5.1)

Sim_s = cos(M_s(ASR),M_s(Ground)) (5.2)
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where M_ denotes the LLM’s hidden states. We then select the lower similarity

as the final Sim score since we intend to capture the semantic gap between the ASR

and the ground truth. This embedding-based approach enables a robust evaluation

of semantic preservation in ASR outputs, beyond simple word-matching metrics.

5.3.3 Apply: QA Accuracy

The Apply level evaluates a LLMVoice’s ability to leverage transcribed information

for solving downstream problems, reflecting its real-world utility in task-oriented

scenarios. We simulate this utility by constructing multi-choice QA, which is a

typical listening test for our human language learners. Specifically, for each speech

example, we construct 3 questions based on the ground-truth transcription along

with 5 choices per question. (including 1 option as “None of the above”)

During QA generation, we leverage GPT-4o and prompt it to focus on ei-

ther the core concept or information details in the transcription. (Appendix 5.5)

To mitigate potential errors in generated QA, we also employ GPT-4o itself and

Gemini-1.5-flash to answer these questions using the ground-truth transcription.

Questions, where GPT-4o or Gemini-1.5-flash fails to produce correct answers,

are discarded and regenerated. Then during evaluation, cascaded systems answer

questions based on ASR transcriptions, while end-to-end systems directly pro-

cess speech inputs to generate responses without intermediate ASR steps. Each

LLMVoice answers 5 times per quesion and use the majority vote as the final an-

swer [183]. QA accuracy is then measured via an exact match and higher accuracy

indicates a stronger capability to contextualize and apply spoken content to real-

world tasks.

Moreover, we realize that this QA test can also help recognize potential an-

notation errors in the benchmarks efficiently, since QA generated by annotation

errors will be unanswerable to LLMVoice, we use this feature to filter out annotation

errors in our main experiments and further utilize them to detect hallucinations

in Section 5.6.5.
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5.3.4 Final SIQ Score

Inspired by standard Raven’s progressive matrices [75], a popular human IQ mech-

anism, we have three steps to compute SIQ: (1) harder samples have higher scores;

(2) global standardization making scores among levels computable; (3) dynamic

weight among levels in computing final SIQ. For each LLMVoice model j and each

speech sample i, we first compute raw scores for the three dimensions as Xdim
WER,i,j

(taking the negative in subsequent computation), Xdim
Sim,i,j , and Xdim

Acc,i,j .

Speech Sample Discrimination Weights To account for variations in sam-

ple difficulty, we introduce “discrimination weights” based on inter-model score

variance. For each speech sample i, we compute the variance across models:

V dim
i = Var([Xdim

Raw,i,j ∀j]) (5.3)

where ”dim” refers to 3 levels. Using these variance values, we compute weighted

scores:

Xdim
j =

∑N
i=1X

dim
Raw,i,j · V dim

i∑N
i=1 V

dim
i

(5.4)

where N denotes the number of models. This ensures that speech samples with

greater discrimination power have a larger influence.

Global Standardization For each dimension, we perform standardization to

normalize scores across models:

Zdim
j =

Xdim
j − µdim

σdim (5.5)

where µdim and σdim are the mean and standard deviation of all model scores for

that dimension.

Dynamic Weight Computation To ensure a balanced contribution of each

evaluation dimension, we assign dynamic weights based on variance. Since higher

variance may indicate greater instability, we use the “inverse variance”:
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wdim =
1

σdim
raw + ϵ

, wdim
f =

wdim∑
wdim (5.6)

where σdim
raw is the standard deviation computed by all raw scores, and ϵ is a small

constant to prevent division by zero. The weights are then normalized on the

summation of three dimensions.

Final IQ Score Computation The final intelligence score for each model j is

computed as a weighted sum of the standardized scores:

Scorej =
∑
dim

wdim
f · Zdim

j (5.7)

Finally, the score is converted into an IQ-like scale:

SIQj = 100 + 15 · Scorej . (5.8)

As one additional study, we also perform normalization based on model scale

(i.e., analogous to age factors in human IQ). However, due to the involvement of

multiple variables in neural scaling laws [79], we report the non-normalized SIQ

and provide preference rankings from a human study to validate its correlation.

5.4 Experiment Setup

5.5 QA Generation

Since we intend to follow the English test for human learners, our prompt em-

phasize our intention to instruct GPT-4o is in Figure 5.3. We then add another

option “None of the above” to each question. Besides, to mitigate potential hal-

lucinations in question generation, we employ a two-step validation process: (1)

GPT-4o generates three candidate questions per speech example, and (2) GPT-4o

itself and Gemini-1.5-flash attempt to answer these questions using the ground-

truth transcription. Questions where GPT-4o or Gemini-1.5-flash fails to produce

correct answers are discarded and regenerated, ensuring robust alignment between

audio content and QA pairs



5.5. QA GENERATION 65

"A listening test is to answer the questions based on the audio context, and the 
questions reflect the core information in the audio context. Below is the audio 
context, please generate 3 different questions (depending on the length of the 
context), each should be a 4-option question including the correct answer.  

"The format will be: 
Question: What is 1 + 1?
(A) 1
(B) 2
(C) 3
(D) 4
Correct Answer: [[B]]
Note that to avoid the random guess of the correct answer, other 3 options 
should be similar and confusing in listening."

f"Audio context: {text}"

Figure 5.3: Prompt for QA generation

5.5.1 Datasets

To comprehensively evaluate LLMVoice intelligence across varied domains and real-

world challenges, we carefully select two datasets earning22 [150] and voxpop-

uli [181] from the popular OpenASR Leaderboard, while an additional dataset

Med-ASR-EN2 is chosen from the medical domain, featuring diverse accents and

environments. This ensures that our evaluation tests LLMVoice performance in

different real-world scenarios, including domain-specific speech and challenging

acoustic conditions. Considering the high computational cost of leveraging GPT-

4o APIs for QA evaluation and running end-to-end LLMVoice (e.g., Gemini), we

extract a subset constructed by the longest audios from each dataset shown in

Table 5.1.

5.5.2 Models

We conduct experiments across three major LLMVoice architectures as follows:

2
https://huggingface.co/datasets/jarvisx17/Medical-ASR-EN
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Dataset # Subset Domain WER

Earning22 200 Financial meetings 12.05

Voxpopuli 200 European Parliament 7.48

Medasr 400 Hospital Accented Patients 7.7

Table 5.1: Statistics of datasets. WER results are on whole dataset via

Whisper-large-v2.

ASR+LLM We compare the following widely used ASR models:

Whisper-Large-v2, Whisper-Large-v3 [139], Canary [135], and ESPnet

(owsm_ctc_v3.1_1B) [186]

ASR+GER+LLM We select GPT-4o [129] as the GER module and use

Whisper-large-v2 to generate 5 hypotheses for each audio based on beam search.

End-to-end Multimodal Models For speech-to-text multimodal models, we

compare Salmonn [170], Qwen2-audio [31], desta2 [103] and the latest Qwen-2.5-

Omni[195], we also involve any-to-any multimodel models with speech-to-text

capabilities: AnyGPT [207], Baichuan-omni-1.5 [96], and Gemini-1.5 [172]. We

specifically denote Baichuan-omni-1.5 and Gemini-1.5 as “end-to-end-large” since

they are either scaled up in training data or model size.

In the understanding level test, we select LLaMA-3.1-8B-Instruct to gener-

ate hidden states as responses since related work [73, 101] has proved the strong

embedding capability of LLaMA-based models.

Meanwhile, for the LLM in both ASR + LLM and ASR + GER + LLM to

answer QA, we use Qwen2-7b [197] for fair comparisons in size. Preliminary ex-

periments to validate Qwen2-7b and other experiment details are in Section 5.5.3.

5.5.3 Setup Details

We keep the default settings (e.g., temperature) for all models referring their

official repositories or huggingface pages.
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ASR Answering LLM Accuracy

Whisper-large-v2 GPT-4o 93.3

Whisper-large-v2 Qwen2-7B 93.1

Whisper-large-v3 GPT-4o 92.3

Whisper-large-v3 Qwen2-7b 92.3

Canary GPT-4o 93.7

Canary Qwen2-7B 93.4

Table 5.2: Results of same ASR models with different LLMs in answering

QA.

Validation of Qwen2-7B

To ensure the robustness of Qwen2-7B in cascaded approaches, we compared with

GPT-4o for several ASR models. As shown in Table 5.2, Qwen2-7B shows a very

closer performance with GPT-4o in QA, as well as a similar model size with end-

to-end models for fair comparisons.

Prompts for end-to-end models

Considering that a model-specific prompt is not realistic due to the closed training

data for some end-to-end models, we use a unified prompt for instructing ASR

transcription as in Figure 5.4

Prompts for cascaded models in QA

Our prompt for instructing cascaded LLMVoices in QA as in Figure 5.5.
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ASR for end-to-end:

"The transcription of the audio is"

QA for end-to-end:

"Given the audio, what is the correct answer to the question?
Note that if it is confusing to select the correct answer based on the context or 
the information is lost in the context, please select [[E]].
f"{question}"
Correct Answer: "

Figure 5.4: Prompt for end-to-end models

QA for cascaded LLM:

"Here is an English test, given the question, please select the correct answer 
based on the context. 
Note that if it is confusing to select the correct answer based on the context or 
the information is lost in the context, please select [[E]]."

f"Context: {context}"
f"{question}"

"Correct Answer:"

Figure 5.5: Prompt for QA generation
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Figure 5.6: Raw remember scores. All cascaded models outperform end-to-end

models including Gemini-1.5.

5.6 Experimental Results

In this section, we will first show the results of each level, and then the final

SIQ scores. Considering the limited space, for each level we show the average

score on 3 datasets without Desta2 and AnyGPT since they show a relatively low

performance, the complete results are in Appendix.

5.6.1 Remember-Level Results

Figure 5.6 shows the raw WER scores of each model. Among all tested models: (1)

Canary achieves the lowest WER, demonstrating the best remembering capability;

(2) GER even negatively affects ASR if we focus on the increasing WER; (3) More

broadly, all ASR models significantly outperform end-to-end LLMVoice in terms of

WER, and even large-scale end-to-end models, such as Gemini-1.5, perform worse

than ASR models, reinforcing the robustness of traditional dedicated ASR models.
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Figure 5.7: Raw understand scores. Gemini-1.5-flash shows the best semantic

capturing.

5.6.2 Apply-Level Results

As in Figure 5.8: (1) While end-to-end models with similar sizes as cascaded

models make much poorer accuracies, all scaling-up end-to-end models achieve

superior performance in capturing apply level knowledge, which is consistent with

the scaling law; (2) GER not only improves semantic retention but also enhances

downstream reasoning capabilities in the apply level.

5.6.3 SIQ Scores

Table 5.3 shows the final SIQ scores and we can observe: (1) A key observa-

tion is that the rankings based on WER do not hold for overall LLMVoice’ in-

telligence: while single ASR models outperform ASR+GER and end-to-end ap-

proaches on WER, they fail to maintain their lead in higher-level intelligence eval-

uations; (2) End-to-end LLMVoice systems underperform cascaded models of the

same scale, but when model size increases as Gemini-1.5, they achieve competitive

SIQ with cascaded approaches; (3) GER provides stable SIQ score improvements
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Figure 5.8: Raw apply scores. End-to-end-large models perform best while

smaller ones perform worst.

for ASR+GER+LLM models and achieve the best SIQ.

Human Evaluation on Comparing with Existing Metrics To validate that

SIQ better reflects the voice understanding capabilities of LLMVoice models com-

pared to existing metrics, we conduct a human evaluation on nine examples in-

volving ten randomly selected anonymous models to avoid human bias on models.

For each example, we invite ten human experts, including both native speakers

and non-native speech researchers, to rank the ten transcriptions produced by each

model based on the ground-truth transcription. We then aggregate these rankings

to derive a final rank for each model and compare the results with the rankings

obtained from existing metrics on the same nine examples. For SIQ, we compare

two variants: (1) SIQrm: compute on 9 examples but removing weight standard-

ization due to the limited sample size; (2) SIQall: the SIQ in Table 5.3 . Then

we compute Spearman ’s Rank Correlation Coefficient ρ with human rankings.

In Table 5.4, SIQ consistently outperforms existing metrics in capturing human
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Relative Bloom ’s Taxonomy Levels Remember ↑ Understand ↑ Apply ↑ SIQ ↑

ASR+LLM Approaches

Whisperv2-1.5B + Qwen27B 0.554 0.499 0.481 107.43

Whisperv3-1.5B + Qwen27B 0.553 0.433 0.432 106.49

Canary1B + Qwen27B 0.559 0.566 0.504 107.78

OWSM-CTCv3.1-1B + Qwen27B 0.534 0.151 0.353 103.05

ASR+GER+LLM Approach

Whisperv2-1.5B + GPT-4o + Qwen27B 0.543 0.632 0.487 108.64

Multi-Modal End-to-End Approaches

Qwen2-Audio7B w/ 1.5B Whisper -0.187 0.366 0.011 103.88

Qwen2.5-Omni7B w/ 1.5B Whisper 0.472 0.410 0.509 105.74

Salmonn13B w/ 1.5B Whisper 0.508 0.381 -1.146 101.03

Desta28B w/ 1.5B Whisper -2.575 -1.604 -0.233 79.69

AnyGPT7B 0.314 -2.718 -2.893 60.02

Baichuan-omni-1.57B 0.448 0.184 0.546 104.02

Gemini-1.5-flash -1.885 0.641 0.673 107.85

Gemini-1.5-pro 0.492 0.409 0.710 107.08

Table 5.3: Main Results. The results of remember and understand levels are

from single experiment, while apply level include the majority results of 5-time

generations.

preferences, particularly SIQall, demonstrating its effectiveness in assessing voice

understanding capabilities.

5.6.4 Cascaded vs End-to-end

Our SIQ scores provide strong empirical evidence that cascaded systems achieve

significantly higher intelligence scores compared to end-to-end models of similar

size. However, a crucial factor influencing this result is the LLM used in QA.

Cascaded systems can typically utilize the latest LLMs (e.g., Qwen2-7b, GPT-4o)

for QA-based reasoning, whereas end-to-end models are often constrained by their

foundation LLMs that jointly handle speech tokens and language understanding.

To eliminate this confounding factor, we conducted an ablation experiment com-

paring cascaded and end-to-end systems built on the same base model.

As shown in Table 5.5, the cascaded approach consistently outperforms the

end-to-end model in 3 levels. Specifically, Qwen2-audio and Salmonn are largely
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LLMVoice Human WER SemDist LLM-S BLEU SIQrm SIQall

ModelA 3 2 4 4 3 4 2

ModelB 8 10 8 8 6 8 10

ModelC 7 7 7 6 8 7 7

ModelD 1 4 2 5 4 3 1

ModelE 4 6 5 7 5 6 4

ModelF 6 5 6 2 7 5 6

ModelG 2 3 1 3 2 2 3

ModelH 5 1 3 1 1 1 5

ModelI 9 8 10 10 9 10 8

ModelJ 10 9 9 9 10 9 9

correlation ρ (↑) - 0.770 0.721 0.624 0.806 0.830 0.952

p-value (↓) - 0.009 0.005 0.019 0.054 0.003 0.00002

Table 5.4: Human Voted Rankings & Existing Metrics.

worse than their cascaded variants at the apply level. We hypothesize that the

multi-modal training may sacrifice the original reasoning capability of foundation

models if not well designed, which is crucial for understanding the limitations of

joint training for multi-modal intelligence.

Additionally, we observe that Desta-2 exhibits unexpectedly high QA accu-

racy while its performances on the WER and similarity are pretty poor. Inter-

estingly, the base model of Desta-2, LLaMA3-8B-instruct, also achieves a higher-

than-expected performance than cascaded experiments. We implemented a closer

case study (Appendix 5.7) which reveals that Desta-2 may stem from LLaMA3-

8B-instruct showing a strong tendency to hallucinate: (1) Guess the answer even

not been recognized in its ASR results; (2) Change the options in the question.

This indicates that SIQ can not be represented by the apply level alone, which

may suffer from the hallucination issue in question answering.

Moreover, manually verifying hallucinated QA evaluation is prohibitively ex-

pensive. Inspired by the “annotation error” introduced in Section 5.3.3, in the

following section, we introduce an unanswerable set to detect hallucinations in

LLMVoice.
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Model WER ↓ Similarity ↑ Accuracy ↑ Hallucination ↓
Whisperv2-1.5B + Qwen7B 11.8 93.7 91.7 2 (12.0%)

Qwen2-Audio7B 20.0 92.8 83.9 4 (24.0%)

Whisperv2-1.5B + Llama38B-ins 11.7 94.0 95.7 7 (41.2%)

Desta28B w/ 1.5B Whisper 76.55 81.6 83.9 12 (70.6%)

Whisperv2-1.5B + Vicuna13B-1.1 11.7 94.0 87.3 1 (6.8%)

Salmonn13B w/ 1.5B Whisper 14.70 93.1 60.3 4 (24.0%)

Table 5.5: Cascaded v.s. End-to-end including hallucination detection.

Cascaded models perform better correspondingly. Desta2 shows unexpectedly high

QA accuracy and halluciantions along with its foundation Llama38B-ins.

5.6.5 Unanswerable Set: Detecting Hallucination in LLMVoice

One major advantage of QA-based evaluation is that it allows us to efficiently iden-

tify potential annotation errors. If a given QA pair consistently fails across most

LLMVoice, it is likely that the failure is due to incorrect or ambiguous annotations

resulting in unanswerable questions rather than genuine model errors.

To leverage this property, we filter out questions that the majority (a threshold

of "half") of LLMVoice fail to answer correctly and manually check the correspond-

ing speech and annotations. This significantly reduces human efforts overhead

(only 26 out of 800 samples require human review). After verification, we confirm

that 17 questions are truly unanswerable based on the available speech content,

which forms our unanswerable Set for detecting hallucinations.

We measure both cascaded and end-to-end LLMVoice in Table 5.5. For each

unanswerable question, the hallucination will be counted when the answer to the

unanswerable question is not “(E) None of the above,”. Our results indicate that

LLaMA3-8B-Instruct exhibits a significantly higher hallucination ratio than other

LLMs, and this problem gets even worse in its end-to-end variant, which explains

the higher-than-expected performance in apply level test. This inspires us that

the hallucination of foundation LLMs may be inherited by its multi-modal vari-

ances, emphasizing the importance of foundation model selection and reducing

hallucination in multi-modal training.
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Model Remember ↓ Understand ↑ Apply ↑
Qwen2-Audio7B (end2end) 20.00 92.8 83.9

Qwen2-Audio7B (cascaded) 20.00 92.8 84.2

Gemini-1.5-flash (end2end) 20.9 95.3 96.6

Gemini-1.5-pro (cascaded) 20.9 95.3 95.1

Table 5.6: Take ASR from end-to-end models

5.6.6 End-to-end Models on the Cascaded Category

We then checked the performance of end-to-end models (Qwen2-audio and Gemini-

1.5-flash) in the cascaded category by replacing the ASR model by the end-to-end

model, and then used the LLM in the cascaded category to answer questions,

noting that this variant only affects the apply level evaluation. Interestingly, in

figure 5.6we find that for the smaller model Qwen2-audio, cascaded version im-

proves the apply level while for larger model Gemini, end-to-end version wins.

This may indicate that higher intelligence may result in better end-to-end apply

level performance even if sometimes perfect transcription is not generated. We

further extend this assumption by involving a human SIQ test, we manually select

3 hard examples and invite 10 human individuals to report the average scores as

in Table 5.7. It seems that humans are still good at apply level even with the

worst WER performance in transcription, which is consistent with our assump-

tion that higher intelligence may largely benefit higher-order cognitive levels. This

may inspire future work on how to improve the intelligence level of LLMVoice.

5.7 Case Study

We manually check the outputs of Desta2 and LLama3-8B-Instruct to investigate

the reason behind unexpectedly high QA accuracy. As shown in Figure A.1a A.1b,

in 5-time generations, the hallucination of Llama3-8B-Instruct lies in either giving

a correct answer based on the error ASR or directly changing the options in QA,

and interestingly, this halluciantion is kept by its end-to-end variant Desta2.
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"ASR": "We discussed a couple of times competitive landscape, but on your new 
markets like Nordics or Dash, who do you see usually in those markets and do you see 
any fast-growing acquirers in those markets moving from online to in-stores and trying to 
compete on the SMBs or is it not already the case?"
"question": "In which new markets is there a discussion about competitive landscape?", 
"options": "(A) Nordics and Spanish\n(B) Nordics and Dutch\n(C) Dutch and 
French\n(D) Dutch and Italian  ", 
"correct answer": "B", 
"whisper-large-v2_meta-llama/Meta-Llama-3-8B-Instruct_answer": 
[ 
"Based on the context, the correct answer is:\n\n(B) Nordics", 
"Based on the context, I would select:\n\n(A) Nordics and Dash\n\nThe question 
mentions \"Nordics or Dash\" as the new markets where the competitive landscape is 
being discussed.", 
"Based on the context, I would select:\n\n(A) Nordics and Dash", 
"Based on the context, the correct answer is:\n\n(A) Nordics and Dash", 
"Based on the context, the correct answer is:\n\n(A) Nordics and Dash"
]

"question": "In which new markets is there a discussion about competitive landscape?", 
"options": "(A) Nordics and Spanish\n(B) Nordics and Dutch\n(C) Dutch and 
French\n(D) Dutch and Italian  ", 
"correct answer": "B", 
"desta2_desta2_answer": 
[ 
"The correct answer is (B) Nordics and Dash.\n\nThe audio transcript mentions 
\"Nordics\" as one of the new markets, and there is no mention of Dash as a country or 
region. Dash is likely referring to Dashlane, a password manager company.", 
"Based on the audio, the correct answer is (B) Nordics and Dash.", 
"Based on the audio, the correct answer is (B) Nordics and Dash. The speaker mentions 
\"new markets like Nordics or Dash\" in the question.", 
"The correct answer is (B) Nordics and Dash.\n\nThe audio snippet mentions \"Nordics\" 
as one of the new markets, and \"Dash\" is likely a typo or a mistake, as it's not a 
common market name.", 
"Based on the audio, the correct answer is (B) Nordics and Dash." 
]

Figure 5.9: Left: Llama3-8B-Instruct, Right: Desta2. Red the errors in answer-

ing, we find that Llama-8B-Instruct based on the error ASR even hallucinate to

change the option in QA, while Desta2 though answer correctly, still inherit this

hallucination.

"ASR": " and the mixed effect has to do with the fact that the net, not Germany per se, 
but net was more exposed and still more exposed in terms of mix of sectors to the high 
impact sectors in terms of volumes."
"question": "Which entity is mentioned as being more exposed in terms of mix of 
sectors?", 
"options": "(A) Germany  \n(B) Nexi  \n(C) France  \n(D) Italy  ", 
"correct answer": "B", 
"whisper-large-v2_meta-llama/Meta-Llama-3-8B-Instruct_answer": 
[ 
"Based on the context, I would select:\n\n(B) Net", 
"Based on the context, the correct answer is:\n\n(B) Net", 
"Based on the context, I would select:\n\n(B) Net", 
"Based on the context, the correct answer is:\n\n(B) Net", 
"Based on the context, I would select:\n\n(B) Net" 
]

"question": "Which entity is mentioned as being more exposed in terms of mix of 
sectors?", 
"options": "(A) Germany  \n(B) Nexi  \n(C) France  \n(D) Italy  ", 
"correct answer": "B", 
"desta2_desta2_answer": 
[ 
"Based on the given audio, the correct answer is:\n\n(B) Net", 
"Based on the audio transcript, the correct answer is:\n\n(B) Net\n\nThe speaker 
mentions that \"the net, not Germany per se, but net was more exposed in terms of mix 
of sectors to the IE impact sectors in terms of volumes.\" This indicates that the entity 
being referred to is \"net\", which is likely a financial institution or a company, and not 
Germany or any other country.", 
"Based on the audio, the correct answer is (B) Nexi.", 
"Based on the audio, the correct answer is:\n\n(B) Net", 
"Based on the audio transcript, the correct answer is (B) Net." 
]

Figure 5.10: Left: Llama3-8B-Instruct, Right: Desta2. Red the errors in answer-

ing, we find that Llama-8B-Instruct gives the correct answer but based on the

error ASR and also hallucinate to change the option in QA, while Desta2 keeps

the same hallucination.
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Model Remember ↓ Apply ↑
Whisperv2-1.5B + Qwen7B 23.71 88.89

Whisperv2-1.5B + Qwen7B 17.26 88.89

Canary1B + Qwen7B 24.80 88.89

Whisperv2-1.5B + GPT-4o + Qwen27B 21.13 88.89

Salmonn13B w/ 1.5B Whisper 31.55 44.44

Qwen2-Audio7B 25.50 88.89

Gemini-1.5-flash 19.05 66.67

Gemini-1.5-pro 19.05 77.78

Human 53.67 99.27

Table 5.7: Human test on 3 examples.

5.8 Limitations and Discussions

In our attempt to provide an examination of Speech IQ, our study limits that

warrant discussion.

Data and Evaluation Limitations Although this work represents the first

systematic investigation of SIQ assessment with demonstrated effectiveness, our

current evaluation is based on moderately sized test sets. In future work, we plan

to extend our validation framework across diverse domains and languages, and

we will employ rigorous quality assurance techniques to filter annotation errors in

widely used benchmarks. Moreover, while using publicly available datasets ensures

reproducibility, it also introduces potential risks of data leakage. To mitigate this,

we are developing closed datasets with controlled knowledge cutoffs for subsequent

research phases.

Scaling and Quantitative Analysis Our results indicate that SIQ is sensitive

to model scaling effects, including variations in architecture size and training data

volume. However, our current analysis does not quantitatively characterize these
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relationships, such as a limitation reminiscent of the challenges in interpreting

human IQ with age-group normalization. As discussed in Appendix C.2, our

next SIQ iteration will incorporate scaling law normalization protocols to decouple

intrinsic voice understanding capabilities from artifacts induced by parametric

scaling, enabling a more nuanced analysis of model performance.

Ethical and Societal Considerations The introduction of SIQ raises impor-

tant ethical and societal questions. Since IQ classification in humans can lead to

social discrimination, we are concerned that analogous issues might arise in AI,

potentially resulting in biased treatment of systems with lower SIQ scores. We are

committed to addressing these concerns proactively and developing safeguards to

prevent such discrimination.

Upper 3 Levels in Bloom Taxonomy Our study focuses only on the bottom

three layers of the Bloom Taxonomy, leaving the upper three layers unexplored.

While this approach provides a solid foundation for understanding the core aspects

of the problem, it does not capture the full hierarchical structure. The upper layers,

which may involve more advanced levels of analysis, evaluation, and creation,

remain an open avenue for our future research incorporating audio generation,

physical simulation, and acoustic event reasoning models [88]. Expanding the

analysis to all 6 layers could provide a more comprehensive understanding of its

broader implications toward a form of “audio intelligence” for voice assistants.

5.9 Summary of This Chapter

Existing metrics fail to comprehensively evaluate LLMVoice ’s capability in se-

mantic understanding or task-solving. Therefore, we build a three-level SIQ test

following Bloom’s taxonomy, each level owns unique features and represents dif-

ferent intelligence levels. Our study involves various LLMVoice frameworks, and

the SIQ test serves as a unified metric for benchmarking different frameworks. We

then discuss whether current end-to-end LLMVoices outperform cascaded methods

with the same size, indicating the potential insights in training multi-modal mod-

els. Moreover, benefiting from the QA test, we need much less human effort to
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filter out annotation errors in existing benchmarks and build an unanswerable set,

which can further help evaluate the hallucination of LLMVoice which is also crucial

for multi-modal training.

Relationship to the Dissertation: Evaluating Scaling Inference in Agen-

tic Systems As the marginal returns of model parameter scaling begin to di-

minish, the frontier of AI research has shifted toward scaling inference. While

inference-time computation can be scaled through repeated sampling within a sin-

gle model, this dissertation explores a more sophisticated trajectory: agentic sys-

tems. In these systems, multiple specialized models interact iteratively to achieve

a "1+1 > 2" synergistic effect, as demonstrated by the collaborative architecture

of speech and text models in this chapter.

However, as we transition toward this agentic scaffolding, traditional evalua-

tion paradigms have become a bottleneck. Existing benchmarks are predominantly

human-facing, failing to account for how a model’s output impacts downstream

agents or whether the communication between machines should strictly mimic hu-

man understanding. This chapter, through the introduction of SpeechIQ, initiates

a fundamental rethinking of evaluation: if agents can communicate more efficiently

through non-human-centric protocols, then "agent-centric utility" must supersede

traditional metrics.

By establishing this new benchmark, we provide the necessary infrastructure

for the next generation of agentic scaffolding. It enables the development of new re-

ward mechanisms optimized for system-level utility rather than mere surface-level

mimicry of human speech. This chapter marks the dissertation’s transition from

designing individual reasoning layers to architecting and auditing the intelligence

of collectives.



Chapter 6

Speech-Hands: A Self-Reflection

Voice Agentic Approach to

Speech Recognition and Audio

Reasoning with Omni Perception

6.1 Introduction

Omni-modal models [193, 128, 195, 96] that jointly process audio and text have

unified a range of audio understanding tasks, including automatic speech recogni-

tion (ASR), temporal sound event reasoning, and knowledge-heavy question an-

swering. However, human perception is not naturally perfect at understanding

acoustic patterns across different resolutions at soundscape [19]. For example,

while professional speech interpreters could produce superior ASR transcriptions,

this specialized ability does not guarantee a comparable aptitude for understand-

ing animal sounds or complex music [42].

Inspired by developmental psychology [160], we draw a parallel to the human

capacity for self-reflection, where children mature from a purely egocentric view-

point to a stage of self-reflective perspective-taking, which serves the critical ability

to “step outside” one’s own thoughts, evaluate one’s beliefs against others’, and im-

80
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Figure 6.1: Speech-Hands acts as a dynamic orchestrator that predicts a special

action token to govern its cognitive strategy.

<Internal>

<External>

Audio

Query

<Rewrite>

External 

Response

Internal 

Response

Rewrite 

Response

Reference 

Agent

Omni Agent Omni Agent

External 

Response

Internal 

Response

First-pass Generation Action Token Prediction

Final Output

Figure 6.2: Overview of our proposed Self-Reflection Multimodal GER framework.

A special token is generated at the beginning to decide whether to use audio

perception (i.e., transcription hypotheses or caption) or not.

portantly, to recognize the boundaries of one’s own knowledge. In contrast, current

models often operate egocentrically, implicitly trusting their internal perception

without the capacity to critically assess its reliability or seek external assistance

when necessary. We aim to instill a form of computational self-reflection [125] into

an omni-modal agent, designing a collaborative framework that explicitly reasons

about when to trust its own perception, when to defer to an expert, and even

when to utilize tools.

We frame these voice understanding models not just as passive predictors, but

as agentic that have access to multiple internal and external information sources,
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and must decide how to best use them. For such an agent, a central decision-

making challenge arises [91]: should it rely on its own auditory perception, or

consult external suggestions, such as ASR alternatives or other perceptual con-

sultants? Prior work, such as ASR and large language model (LLM) cascaded

approach of Generative Error Correction (GER) [200], as shown in Figure 6.4,

sidesteps this agentic dilemma entirely. By operating only on text hypotheses

without access to the original audio, these methods are fundamentally non-agentic;

they cannot weigh internal perception against external advice because they have

no internal perception to begin with. Our preliminary experiments reveal that

naively combining modalities often degrades performance, as the model struggles

to resolve conflicts between its own perception and flawed external suggestions [78].

Without a mechanism to decide which source to trust, the model is easily confused.

To address this, we introduce Speech-Hands, a learnable framework that in-

stantiates self-reflection as a core control primitive. As illustrated in Figure 6.1,

our agent operates as a dynamic orchestrator. It begins by aggregating multi-

source decoding hypotheses (a) from the first-pass generation. Instead of blindly

fusing inputs, the agent critically evaluates them to predict an explicit agent ac-

tion (b) during the action generation phase. This control token effectively dicates

the model’s cognitive strategy: trigerring fast direct inference when confidence is

high (selecting whether its internal perception or external perceptions), engaging

in omni rewrite over available evidence, or initiating tool calling when special util-

ities are required. In this work, we will focus on the actions of direct inference and

omni rewrite, leaving the tool calling action in future work. This approach uni-

fies transcription and reasoning under a single, controllable framework that knows

when to trust, when to rethink, and when to ask for help.

6.1.1 Preliminary: The Surprising Failure of Multimodal Correc-
tion with Omni-LM

A natural hypothesis is that providing an omni model with both audio and text hy-

potheses during supervised fine-tuning (SFT) should enhance GER performance.

We tested this assumption by fine-tuning Qwen2.5-Omni [194] to correct N-best

hypotheses (N = 5) from Whisper-v2-large [140] on OpenASR datasets.
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Figure 6.3: Preliminary results on the cascaded agentic Qwen-omni baseline for

generative error correction (GER) with supervised fine-tuning show that both

text-only and text-audio GER degrade ASR performance, where the best ASR

and LLM combination achieves a low agentic output oracle of 5% WER.

Figure 6.3 results, however, are surprisingly negative. As shown in our prelimi-

nary study (Table 6.3), this naive SFT approach consistently degrades performance

across seven ASR benchmarks, yielding a higher Word Error Rate (WER) than

either of the baseline models alone.

To verify that this degradation was not due to suboptimal prompting, we ex-

tensively tested varying instructions during SFT, which aims to emphasize internal

audio perception, external transcripts, or a balanced fusion. However, as detailed

in Section 6.1.2, all prompting setups failed to recover performance (e.g., WER

increased to 8.52%–9.05% compared to baselines). Furthermore, our zero-shot

analysis reveals that the base model lacks intrinsic arbitration capabilities: its

decisions are highly sensitive to prompt wording rather than ground truth, often

collapsing into trivial heuristics (see Section 6.1.3).

These findings demonstrate a fundamental flaw in the naive omni-LM fusion
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Streaming ASR 
Model

Text LLM

Omni Model

First agent

audio

transcription 

Decoding N-best texts:

1. I feel like pain in the back

2. I feel painting in the world back

3. I feel like in the lower back

4. I feel like painting in the back

5. I feel pain in the world back

transcription 

GER agent

GER agent

Ground Truth: I feel pain 

in the lower back

Figure 6.4: Text-base GER uses only ASR hypotheses. This setup fails to correct

deletion or hallucination if all hypotheses are wrong. Multimodal GER include

the original audio as grounding to improve error correction.

approach: without a mechanism to adjudicate between its own perception and

potentially flawed external advice, the omni-model is easily confused, often am-

plifying hallucinations or overcorrections as shown in the ASR failure case (Ap-

pendix D.1 and Section 6.7.3). This provides strong motivation for a more prin-

cipled mechanism that allows the model to learn when and how to incorporate

external information.

6.1.2 Prompt Ablations in Preliminary SFT

We conduct these experiments during early-stage exploration: for inputs we inves-

tigated both (a) audio + external whisper 5-best and (b) audio + internal 1-best

+ external whisper 5-best, together with four prompting strategies instructing the

model to emphasize internal hypotheses, external hypotheses, audio grounding, or

a balanced fusion. The average WER results on OpenASR are shown in Table 6.1.
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AVG. WER (a) (b)

Emphasize internal - 8.63
Emphasize external 8.58 8.67
Emphasize audio 9.02 9.05
Balanced 8.44 8.52

Table 6.1: Prompt ablation results.

6.1.3 Zero-shot Qwen in Preliminary

We test three different zero-shot prompting strategies as shown in Table 6.2.

We find that zero-shot decisions are highly prompt-sensitive: the model often

collapses into trivial heuristics, while the balanced prompt produces unstable and

inconsistent behavior across samples. The corresponding 2× 2 confusion matrices

show large off-diagonal mass for all zero-shot prompts, confirming that zero-shot

Qwen does not perform genuine self-reflection.

Table 6.2: Confusion matrix of zero-shot decisions under different prompting

strategies. The results show that the model’s arbitration is highly sensitive to

prompt wording rather than the ground truth correctness (Oracle), often collaps-

ing into trivial heuristics.

Ground Truth
Internal-biased Prompt External-biased Prompt Balanced Prompt

Pred. Int Pred. Ext Pred. Int Pred. Ext Pred. Int Pred. Ext

Oracle Internal 0.83 0.17 0.35 0.65 0.68 0.32

Oracle External 0.71 0.29 0.14 0.86 0.34 0.66

6.2 Related Work

6.2.1 Voice Retrieval and Agentic Framework

Voice retrieval has become a useful component in augmenting audio tasks such

as captioning [86, 213], audio-to-text generation [67], dialogue system [25], and

music generation [47]. Recently, voice retrieval modules have been incorporated
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into multimodal agents [204, 209, 185], providing access to external memory or

specialized tools across modalities.

Yet, even in these agentic frameworks, retrieval is often treated as an auxiliary

enhancer, rather than as a distinct source of information. When the retrieved

content diverges from the internal prediction of the model, current systems lack

principled mechanisms for arbitration.

6.2.2 Omni-Modality and Self-Reflection in Multimodal Models

By weaving together text, vision, and audio into a single fabric of understanding,

these systems begin to approach the fluidity of human perception [194, 196, 46, 1].

Modality-specific reflection methods [62] suggest that introspection within each

sensory channel can partially bridge these gaps, aligning representations with quiet

precision.

Recent works also introduce explicit self-reflection [149, 112] into multimodal

reasoning [28, 40]. The self-reflected video reasoner [165] iteratively critiques its

own visual understanding to reinforce policy stability, while other efforts call for

reflective checks against overconfidence and modality neglect [203]. Still, these

mechanisms operate after perception, which treats reflection as a corrective mirror

once fusion has already occurred.

Rather than reflecting on the output, our Speech-Hands framework reflects on

the act of perception itself. It learns an action mechanism that decides, in real

time, whether to trust its own “ears” or the “words” of others. We aim to discover

self-reflection from a post-hoc repair strategy into a preemptive act of percep-

tual discernment toward an early glimmer of meta-cognition within multimodal

understanding.

6.3 Methodology

We present Speech-Hands, a learnable omni-agentic framework for audio un-

derstanding and reasoning (Figure 6.2). It enables a multimodal language model

to explicitly choose a special token: trusting its own internal perception or defer

to external hypotheses, enables efficient Fast Inference, while rewriting a new
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response engages the Omni Rewrite process for deeper reasoning. This token is

generated during inference and guides the downstream generation process, allow-

ing interpretable and agentic decision-making.

6.3.1 Task Formulation

We formulate a unified self-reflection agent that generalizes across both speech

recognition and audio question answering. Given an input audio A, an optional

query Q, the agent first generates its own response Homni, and then combined with

an external response Hext provided by an external model.

Next, rather than fusing these sources implicitly as normal GER researches,

Speech-Hands introduces a learned policy to explicitly choose among them.

Our agent model first emits a special action token from the set {<internal>,
<external>, <rewrite>} to indicate whether to trust itself or rely on external

hypothesis or even whether rewriting a new response after rethinking the audio

task and all input resources for the final answer (GER). This self-reflection deci-

sion is made based on the full context (A,Q,Homni,Hext), and the selected action

conditions the final generation.

To supervise the self-reflection mechanism, we construct ground-truth action

token labels on the whole training dataset by comparing the performance of in-

ternal, external, and GER predictions. We leverage detailed strategies for action

token construction in ASR and audio QA.

6.3.2 Action Token Construction for ASR

In the ASR setting, we use WER as a pointer to decide our actions. For each

audio example, we first prompt the omni model to generate the transcript Tint

and in parallel leverage an ASR model to predict the external Text, we then let

omni model to generate again based on both the audio and the external Text to

acquire the GER prediction Tger. Next, we compute the WER between the ground-

truth transcript Tgt and each of the three candidates. If Tint is the same as Tgt

(WER = 0) or has the lowest WER, the label is assigned as <internal>, this is

to encourage the model to trust itself when it can successfully solve the problem,

otherwise <external> if Text performs best, or <rewrite> if Tger performs best.
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6.3.3 Action Token Construction for Audio QA

Unlike the ASR setting where token selection is based on fine-grained WER scores,

Audio QA presents a discrete supervision signal: each prediction is either correct

or incorrect. For each instance consisting of an audio segment A, a question Q,

and answer choices C, we first prompt the omni model to produce an internal

prediction cint based on (A,Q). In parallel, we obtain an external prediction cext

from an audio reasoning model.

We then compare both predictions against the ground-truth answer c∗. If

cint = c∗, we assign the label <internal>, encouraging self-reliance when the model

performs well. If cint fails but cext = c∗, we assign <external> to delegate control.

Otherwise, when both predictions are incorrect, the label is set to <rewrite>,

signaling a need to re-evaluate the question with all available context.

However, this binary decision process introduces instability during training.

External predictions can be stochastic. Therefore, repeated sampling may yield

different answers, especially under high uncertainty or directly change another

external model can also lead to a different accuracy. This stochasticity makes the

decision boundary between <external> and <rewrite> inherently less robust.

To mitigate this, we adopt a multiple decoding-based strategy: for each exam-

ple, we sample the external model five times and collect their predicted choices. If

the majority of predictions match the ground-truth answer, we assign <external>;

otherwise, we assign <rewrite>. This approach stabilizes supervision by reducing

the variance in external outputs and yields more reliable action labels.

6.3.4 Prompt Formatting and Training

Subsequently, each training instance is formatted as a single target string consist-

ing of the decision token followed by the final target transcript or answer, e.g.

<rewrite> + ground-truth transcription. This unified string allows the model to

learn not only how to generate the task output but also how to decide the action

before generation. We adopt an instruction-style prompt to guide the model to

make decisions as shown in Appendix 6.5. During training, we optimize a single

cross-entropy loss over the concatenated target sequence, which jointly supervises
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Dataset AMI Tedlium Gigspeech Spgispeech VoxPopuli Libri-clean Libri-other avg. WER ↓

ASR model or Omni-LLM
Whisper-v2-large 16.88 4.32 11.45 3.94 7.57 2.91 5.15 7.17
Canary-1b-v2 19.80 4.78 11.66 3.08 6.35 1.73 3.17 7.22
Parakeet-tdt-0.6b-v3 12.69 4.90 12.24 3.16 6.48 1.89 3.37 6.68

Qwen2.5_omni 19.77 5.17 11.26 4.58 6.59 2.09 3.85 7.33
Phi-4-MM 11.69 2.90 9.78 3.13 5.93 1.68 3.83 6.14
Gemini-2-Flash 21.58 3.01 10.71 3.82 7.89 2.49 5.84 8.56
GPT-4o-voice 57.76 5.79 13.64 5.66 10.83 3.48 7.97 15.76

Qwen2.5-Omni: Cascaded
GER: ⇒ Whisper-v2-large 23.44 6.15 12.15 3.94 7.53 2.97 4.89 8.44
GER: ⇒ canary 24.58 6.38 12.43 4.02 7.72 3.05 5.01 8.74
GER: ⇒ parakeet 22.91 6.09 12.10 3.98 7.49 2.92 4.84 8.33

Qwen2.5-Omni: Parallel
Speech-Hands ⇌ whisper-v2 15.03 4.45 12.37 3.01 6.49 1.86 3.46 6.67
Speech-Hands ⇌ canary 15.29 4.21 10.87 2.17 5.96 1.61 3.07 6.17
Speech-Hands ⇌ parakeet 11.20 4.37 11.10 2.26 6.02 1.67 3.18 5.69

Table 6.3: WER (%) results across 7 datasets, with the average WER shown in the

rightmost column. Speech-Hands training significantly outperforms both baseline

systems (ASR model, Qwen) and prior cascaded GER setups.

the action token and the subsequent prediction. Concretely, the model first pre-

dicts the action token and then continues decoding the target transcript or answer;

both parts contribute to the same loss. This end-to-end objective encourages the

model to internalize the mapping from multimodal evidence to action choice and

to generate the corresponding output under that decision.

6.3.5 Agentic Inference via Action Tokens

At inference time, the model receives the same multimodal inputs as during train-

ing. The model performs a two-stage decoding process: it first emits an action

token: <internal>, <external>, or <rewrite>. The decoding process is subject to

decide which information source to prioritize, and then generates the final output

accordingly. This explicit agentic self-reflection mechanism offers interpretability

and control over how the model balances internal perception and external knowl-

edge. It enables direct analysis (e.g., F1 score) of when the model relies on its own

understanding, consultants from external systems, or synthesizes a new response.

The unified prediction format ensures that the model not only learns what to gen-



90 CHAPTER 6. SPEECH-HANDS

erate, but also which to trust across both speech recognition and audio reasoning

tasks.

6.4 Experimental Setup

6.4.1 Datasets

Speech Recognition. We use seven representative datasets covering a range

of domains, styles, and noise conditions from OpenASR leaderboard: AMI [20]

(meeting speech), Tedlium [55] (TED talks), GigaSpeech [24] (large-scale podcasts

and YouTube-style speech), SPGISpeech [130] (long-form read speech), VoxPop-

uli [181] (English subset of multilingual political recordings), and LibriSpeech [131]

(clean and noisy audiobook speech). For baseline fine-tuning and prompt-based

GER, we use all available training sets. For our proposed method, unless otherwise

specified ( w/ FULL Datasets), we train on at most 20,000 examples per dataset,

this is due to the limitation of heavy computation requirements when doing infer-

ence on the whole training set for internal, external and GER (token distribution

is discussed in 6.7.1).

Dataset Details for ASR To ensure a fair and balanced evaluation across di-

verse speech corpora, we uniformly sampled up to 20,000 audio-question pairs from

each dataset for training as in Table 6.4. All datasets were aligned to a consistent

prompt-question-answer format to support unified multi-dataset training.

Dataset AMI Tedlium gigaspeech spgispeech Voxpopuli Libri Libri-clean Libri-other

Sampling # Subset in Speech-Hands Training

Train 20,000 20,000 9,389 20,000 20,000 20,000 20,000 20,000

Table 6.4: Number of training samples used from each dataset. For GigaSpeech,

only 9,389 valid samples met our filtering criteria.

Audio Reasoning. We evaluate on the multi-domain audio question-

answering benchmark [198] (MD-Audio), which consists of multiple-choice ques-

tions grounded in real audio clips. This benchmark includes three complementary
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subsets that probe different reasoning capabilities. While previous audio reasoning

benchmarks such as MMAU [154] and MMAR [110] provide only MMLU-style test

sets, MD-Audio releases both training and development sets, enabling evaluation

of the proposed trainable agentic framework, as shown in Table D.1. Detailed

dataset descriptions can be found in Appendix 6.4.1. For each sample, we con-

struct inputs as described in Section 6.3, including the original audio, a first-pass

internal prediction from Omni model, one external hypothesis and GER result (for

ASR).

6.5 Prompt Template

Below is the prompt template for ASR:

You are an omni-agent for speech understanding with access to

three inputs:

(1) The original audio;

(2) Five transcription hypotheses from another ASR system

(external);

(3) Your own first-pass transcription (internal).

Your task is to:

- First decide whether your internal transcription is reliable.

- If yes, output <internal> and your transcription.

- If the external system is more reliable, output <external>

and use one of its hypotheses.

- Otherwise, output <rewrite> and generate a new answer using

both sources and the audio.

Also, here is the prompt for AudioQA, we explicitly prompt the model to

ourput <external> only when the internal prediction is wrong while external

perception is correct.

You are an audio understanding model with access to three

inputs:

(1) The original audio;

(2) One answer candidate generated by another model (external);
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Model / Setting Bio-acoustic Soundscape Complex QA avg. Acc. ↑

Audio LM or Omni Model
Gemini-2-Flash 42.03 46.34 59.89 56.61
Qwen2.5-Omni 47.32 56.32 59.89 57.87
AudioFlamingo 3 (AF3) 71.88 57.31 81.26 74.49

Qwen2.5-Omni Baselines
+ SFT with official training data 78.13 34.65 76.61 63.13
+ GRPO with official training data 78.09 39.43 79.12 65.54
+ GRPO with external audio data [95] 62.32 72.10 82.15 75.10
GER: ⇒ AF3 (cascaded agentic) 76.29 52.02 77.48 68.93

Qwen2.5-Omni: Speech-Hands
⇌ (parallel agentic): SFT with official training data 67.86 58.29 83.34 75.75
⇌ (parallel agentic) + majority sampling 81.25 59.4 85.7 77.37

Table 6.5: AudioQA and acoustic content reasoning accuracy (%) across

knowledge-intensive bioacoustic QA [158], multi-sound-object soundscapes, and

MMAU-style [154] complex audio QA tasks.

(3) Your own prediction (internal).

Your task is to decide which of the following strategies to

apply:

- If your internal prediction is correct and acceptable, output

<internal> and repeat your answer.

- If the external candidate is correct while your internal

prediction is incorrect, output <external> and use the external

answer.

- If all given answers are incorrect, output <rewrite> and

re-answer the question correctly based only on the original

audio.

Return the selected token (<internal>/<external>/<rewrite>)

followed by your final answer.

6.6 Results

6.6.1 Training Details

All experiments are conducted using the Qwen2.5-Omni model. We extend its

tokenizer to include three special action tokens, <internal>, <external> and
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<rewrite>, used during both training and inference. Models are trained using

the standard supervised fine-tuning (SFT) objective with a cross-entropy loss. We

train for 5 epochs with fp16. The batch size is set to 64, and the learning rate is

initialized at 1e-4 with cosine decay. All experiments adopt greedy decoding.

6.6.2 Baselines

External ASR models: We include three high-performing supervised speech

recognition models as external references: Whisper-v2-large [139], Canary-1B-v2,

and Parakeet-TDT-0.6B-v3 [159]. These systems operate in a closed transcription

setting and provide non-generative references.

External audio QA model: For multi-choice audio QA, we include Audio

Flamingo 3 [45], a speech-language model with audio frontend capabilities serving

as a strong baseline.

We also include the latest model in comparison, e.g., Phi-4-MM [120], Gemini-

2-Flash, GPt-4o-voice in ASR evaluations.

6.6.3 ASR Results

Table 6.3 presents WER results across seven diverse datasets, and we find that: (1)

Speech-Hands outperforms all baselines. Furthermore, our approach with strong

ASR models (canary and parakeet) achieves the lowest WER, even with only

20k training examples, outperforming both ASR models or Omni-LLMs; (2) The

promtp GER over Whisper lags significantly behind token-based methods. This

underscores the importance of explicit control via action tokens rather than rely-

ing solely on natural-language prompts; (3) While pre-trained models like Whisper

and Qwen perform well on curated datasets such as LibriSpeech-clean, their per-

formance degrades significantly on conversational benchmarks like AMI. Notably,

despite Qwen’s relatively weaker base ASR performance, our framework enhances

its generalization to the extent that it surpasses stronger baselines such as Phi-4-

MM on the average performance, demonstrating the stability and transferability

of Speech-Hands on both clean and noisy datasets.
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Dataset AMI Tedlium Gigaspeech SPGIspeech Voxpopuli Libri-clean Libri-other

Training Distribution
<internal> 67.95% 86.48% 87.76% 96.25% 93.73% 98.96% 98.96%
<external> 31.01% 11.18% 11.8% 3.64% 6.09% 0.96% 0.96%
<rewrite> 1.04% 2.34% 0.44% 1.21% 0.18% 0.1% 0.1%

Test Distribution
<internal> 70.28% 83.57% 85.94% 95.42% 92.68% 98.92% 98.75%
<external> 26.91% 15.12% 12.41% 3.81% 6.47% 0.98% 1.08%
<rewrite> 2.27% 1.31% 1.65% 0.77% 0.85% 0.1% 0.17%

<internal> on Test
Precision 0.85 0.63 0.77 0.89 0.85 0.88 0.83
Recall 0.78 0.72 0.90 0.94 0.90 0.99 0.99
F1 0.81 0.67 0.83 0.91 0.87 0.94 0.9

<external> on Test
Precision 0.88 0.96 0.83 0.82 0.71 0.81 0.72
Recall 0.89 0.81 0.78 0.76 0.60 0.73 0.75
F1 0.89 0.88 0.80 0.79 0.65 0.77 0.74

<rewrite> on Test
Precision 0.62 0.33 0.32 0.52 0.50 0.0 0.0
Recall 0.24 0.21 0.05 0.36 0.21 0.0 0.0
F1 0.39 0.28 0.08 0.43 0.33 0.0 0.0

Table 6.6: Training distribution and test-time F1 scores for Speech-Hands’ action

tokens.

6.6.4 AudioQA Results

Table 6.5 reports accuracy on each sub-task and overall average accuracy: (1) Our

final setup (Speech-Hands + majority sampling) achieves the highest average ac-

curacy (77.37%), outperforming all baselines and pre-trained models. It performs

particularly well on Complex QA (85.70%) and Bioacoustics QA (81.25%), indicat-

ing its ability to handle both abstract reasoning and fine-grained audio patterns;

(2) Standard supervised fine-tuning (SFT) and prompt-based GER exhibit mixed

results. SFT achieves good accuracy on Bioacoustics (78.13%) but fails on Sound-

scapes (34.65%). Prompt-based GER also fails on both Soundscape and Complex

QA compared with flamingo 3 baseline. These results highlight the robustness of

our agentic framework in diverse audio reasoning settings.
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6.7 Additional Analysis

6.7.1 Accuracy of Action Token Prediction

We analyze the model’s ability to correctly emit the three action tokens of

<internal>, <external>, and <rewrite>, in the ASR setting under the Action

Tokens + Whisper configuration. These tokens interpret whether the model is

making correct decisions to guide its final prediction.

Table 6.6 shows both the training distribution and the test-time precision,

recall, and F1 scores. The distribution highlights a strong internal bias: across

all datasets, <internal> dominates, exceeding 95% in Libri-clean, Libri-other,

spgispeech, and Voxpopuli. In contrast, <external> is sparsely supervised, where

below 1% in Librispeech and <rewrite> is extremely rare everywhere, often less

than 2%. This imbalance poses a natural challenge for learning reliable action.

Despite this skew, the model demonstrates robust performance for the two

tokens. On test data, <internal> predictions achieve F1 scores above 0.8 on most

datasets (0.91 on spgispeech, 0.94 on Libri-clean, 0.90 on Libri-other), indicating

that the model can reliably recognize when its own decoding is sufficient. Even for

the much rarer <external> token, the model attains high F1 scores, showing strong

generalization of deferring to external hypotheses despite limited supervision.

The <rewrite> token proves to be the most challenging, with F1 scores below

0.4 in all but one dataset and zero in Librispeech, where positive training exam-

ples are extremely rare. A closer examination reveals that precision consistently

exceeds recall, indicating that when the model does emit <rewrite>, its decision is

generally correct but under-triggered in the omni model. This suggests a cautious

yet reasonably reliable rewrite detector, whose coverage could be further improved

through targeted data augmentation.

Overall, these results validate the effectiveness of the proposed agentic action:

even under heavy class imbalance, the model learns to accurately identify when

to trust its own predictions versus when to consult external information. The

main bottleneck remains the <rewrite> case, suggesting that richer sampling or

augmentation strategies may be needed to stabilize this decision in future work.
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(a) Bio-acoustic QA (b) Soundscape QA (c) Complex QA

Figure 6.5: Confusion matrices of Speech-Hands’ agentic action execution for audio

QA and reasoning three subsets on (a) bio-acoustic QA, (b) temporal and sound

event QA, and (c) complex audio information QA.

6.7.2 Confusion Analysis In AudioQA

Subset <in>/<ex>/<re>

Bio-acoustic QA 106/75/43
Soundscape QA 343/185/81
Complex QA 978/555/100

Table 6.7: Oracle Statistics of the three DCASE2025 AudioQA test sets used in

our experiments.

We analyze the confusion matrix over the three subsets under the w/ multiple

sampling setup (the oracle token distribution is shown in Table 6.7). As shown in

Figure 6.5, the confusion between <internal> and <external> remains relatively

low, suggesting that the model can effectively distinguish between them, especially

in the Complex QA subset. However, the Soundscape subset shows slightly in-

creased overlap, possibly due to the difficulty of Soundscape compared with other

parts, also their original performances (Qwen 56.32 v.s. Flamingo 57.31) are quite

closed, leading to much smaller sets of <external>. Besides, the highest confu-

sion still lies with the <rewrite> class. As summarized in Table D.1, the number

of training tokens labeled as <rewrite> is significantly smaller across all subsets.

Such sparsity likely limits the model’s tendency to generalize the rewriting be-
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havior during generation, but when it generates <rewrite>, the accuracy is quite

high and robust as shown in the Figure. These findings highlight that even with

imbalanced actions in training, the current F1 scores can still reliably improve the

final performance, emphsizing the effectiveness of action tokens.

AudioQA Inference-Time Case Study

Q. Based on the audio, which natural phenomenon could be occurring?

A. Earthquake B. Thunderstorm

C. Forest fire D. Snowstorm

Internal pred: B. Thunderstorm

External pred: B. Thunderstorm

Pred: <rewrite> C. Forest fire ( 3)

ASR Inference-Time Case Study

Internal: you in the way marguerite but how

External: you ll in the way marguerite but how

Rewrite: you are in the way marguerite but how

Pred: <internal> you in the way marguerite but how (3)

6.7.3 Category Analysis and Case Study

To provide systematic insight beyond individual cases, during our prelimiary, we

categorize three primary failure modes observed in ASR when Speech-Hands is

absent. These categories further motivate our design choice of action tokens: (1)

External-induced Misguidance: the internal omni-model is correct, but the

model is misled by an error-heavy external hypothesis. This is the most damag-

ing failure mode and directly motivates the action-token arbitration design; (2)

Over-correction: LLMs tend to“complete”disfluent or partially heard speech,

introducing hallucinated insertions or semantic expansions; (3) Undercorrection

in Dual-Failure: when both internal and external predictions are wrong, the
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omni model often selects one erroneous hypothesis instead of generating a rewrite,

due to the lack of an explicit rewrite mechanism. These observations align with

the high-precision behavior of the <rewrite> token and explain the improvements:

the model selectively activates <rewrite> only when necessary.

We present illustrative examples (more in Appendix D.3) to show how the

model makes selective use of internal, external, and rewrite hypotheses across

modalities. In the AudioQA Case), both the internal and external models predict

“B. Thunderstorm”, likely influenced by surface acoustic features such as low-

frequency rumbling. The rewrite path, however, generates “C. Forest fire”, which

aligns with the ground truth, demonstrating the strong influence of <rewrite>

that even two models have the same first-pass prediction.

In contrast, the ASR Case reveals a different decision dynamic. Although

the rewrite produces a more fluent variant, the model opts to retain the baseline

hypothesis, judging the original phrase as sufficiently accurate. This indicates the

model’s ability to avoid overcorrection issue in prior GER researches when input

ambiguity is low. These examples underscore the benefits of explicit action tokens:

the model can either rely on internal or external model predictions or revise them

when necessary, yielding both flexibility and robustness in audio tasks.

6.8 Limitations and Discussions

Despite promising results, our study presents several limitations that offer avenues

for future exploration.

Token imbalance and rewrite sparsity. Our training data exhibits an inher-

ent imbalance across action tokens (<internal>, <external>, <rewrite>). While

both <internal> and <external> achieve high F1 scores, <rewrite> remains

under-trained on many datasets. This sparsity partly reflects that certain audio

QA datasets rarely require rewriting but this contextual information sparsity also

reveals a modeling challenge. Future work may explore more principled strate-

gies for balancing token distribution or adaptively reshaping decision boundaries,

especially under varying persona settings or task configurations.
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Limited ASR training subset. Our current ASR experiments are trained on

a restricted subset of data. While the model already achieves strong performance,

it likely underutilizes the available signal. Scaling up training with larger ASR

datasets or augmenting with synthetic audio variants may unlock further gains.

No exploration of transfer or multi-external setups. We do not yet study

transfer capabilities. For example, training with one external ASR model and

testing with another. Moreover, our current system only accepts a single external

prediction. Extending the framework to handle multiple external models, each

represented by distinct decision tokens, could significantly improve robustness and

enable broader deployment across diverse real-world pipeline.

6.9 Summary of This Chapter

In this work, we proposed a learnable voice-agentic framework Speech-Hands for

teaching omni models when to trust itself versus when to consult external au-

dio perception. By casting the problem with explicit <internal>, <external>,

and <rewrite> action tokens, our experimental results across AudioQA and ASR

benchmarks demonstrate strong performance improvements beyond strong base-

lines, especially when direct finetuning and GER training fail, Speech-Hands can

still robustly generate the best prediction.

This framework also benifits the interpretability in analysis, the model achieves

high F1 scores for both <internal> and <external> tokens, even under imbal-

anced training conditions. While the <rewrite> token is rarer, its precision no-

tably exceeds recall, indicating that the model can accurately identify necessary

rewrites when it does trigger them. Overall, our method offers an effective frame-

work to inject explicit actions into agent decision, toward reliable audio intelli-

gence.

Relationship to the Dissertation: The Climax of Autonomous Agen-

tic Scaffolding This final chapter, centered on Speech-Hands, represents the

ultimate evolution of the Inference-time Scaffolding hierarchy. While previous

chapters established the foundations of context utilization and dynamic retrieval,
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this work addresses the most critical challenge in agentic systems: the autonomous

integration and reconciliation of heterogeneous model outputs.

The core contribution of this chapter lies in its exploration of how individual

agents adapt within a collaborative collective. In an agentic scaffold, a model

must not only process inputs from other agents but also strategically choose be-

tween external context and its own internal knowledge. Failure to manage this

choice leads to error integration, where cascaded inaccuracies degrade the entire

system’s performance. By introducing special action tokens, we provide a mini-

malist yet highly efficient optimization for this coordination, enabling agents to

autonomously navigate trust and resolve perceptual conflicts during the reasoning

process.

Ultimately, this chapter fulfills the dissertation’s primary vision: defining In-

telligence as a System Property. It demonstrates that through self-managed scaf-

folding and recursive reflection, a group of coordinated agents can achieve a level

of synergistic scaling that far exceeds the capabilities of any monolithic architec-

ture. This marks the transition from models that "solve tasks" to systems that

"manage their own intelligence".



Chapter 7

Conclusions and Future Work

7.1 Conclusions

This dissertation investigated how to improve the reliability and generality of

LLMs without parameter updates, by treating inference as a first-class design

space. Across text and multimodal settings, this dissertation demonstrates that

many practical failures of LLMs are not solely due to a deficiency in their pre-

trained knowledge, but rather due to how that knowledge is elicited through

inference-time execution. Under this lens, the dissertation presented a series of

inference-time scaffolding strategies centered around two recurring behaviors: (i)

effective context utilization and (ii) reasoning under constraints. These behaviors

enable latent capabilities to be expressed more robustly through carefully designed

inference processes, rather than through costly retraining.

Chapters 2 and 3 defined the foundational archetype of this scaffolding through

ICL. Although ICL is often effective on broad, loosely constrained tasks, it remains

less reliable for classic structured prediction problems that historically benefited

from BERT-era fine-tuning. Focusing on relation extraction, I showed that the

main bottlenecks of vanilla ICL are not merely the number of demonstrations, but

their semantic alignment with the query instance and the absence of explicit, label-

grounded logic. To close this gap at inference time, I proposed GPT-RE, which

augments ICL with task-aware demonstration retrieval and gold-label-induced rea-

soning. By constructing demonstrations that are both relevant and logically in-

101
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formative, GPT-RE substantially narrows the performance gap between ICL and

fully supervised baselines while improving interpretability through label-aligned

rationales.

Building on the insights from structured text, the dissertation then general-

ized the same inference-time principles to multimodal tasks. I presented GPT-MM

as a unified in-context learning framework for text, vision, and audio, where the

core idea remains unchanged: the system should retrieve task-relevant demonstra-

tions and enrich them with label-induced reasoning so that inference becomes both

more accurate and more interpretable. The resulting framework consistently im-

proves few-shot performance over strong prompting baselines and demonstrates

that task-aware retrieval and label-grounded reasoning can serve as modality-

agnostic mechanisms. Taken together, GPT-RE and GPT-MM support a uni-

fied view that “learning at inference time” becomes reliable when demonstrations

are treated as structured, task-aware evidence rather than as arbitrary examples.

More importantly, the gold-label-induced reasoning framework introduced in

these chapters has provided a methodological legacy for constructing the high-

quality reasoning traces now widely used in model alignment and training.

Chapter 4 established RAG as the dynamic link between frozen models

and an evolving world, and focused on inference-time domain adaptation un-

der distribution shift, with an emphasis on faithfulness in high-stakes settings. In

domain-specific applications such as law, hallucinations and ungrounded claims

are particularly problematic, and naive retrieval augmentation can remain brittle

when retrieved evidence is incomplete, noisy, or inconsistently applied. I intro-

duced Adapt-Retrieve-Revise, which reformulates domain adaptation as an iter-

ative inference procedure. Instead of generating a single answer from a fixed

context, the framework produces a draft, retrieves evidence based on the draft,

and revises the answer using the retrieved provisions. This iterative structure

provides a practical mechanism to ground generation in verifiable sources and to

improve reliability through explicit correction at inference time, while keeping the

base model parameters unchanged.

Chapters 5 and 6 marked the transition from individual reasoning lay-

ers to the architecture of collective intelligence, and I addressed multi-
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modal multi-agent pipelines, where intermediate artifacts (e.g., ASR transcripts)

are increasingly consumed by other agents/LLMs rather than humans. This shift

challenges conventional evaluation protocols and motivates an agent-centric notion

of understanding. I proposed SpeechIQ, a cognition-inspired evaluation pipeline

that measures voice-model capabilities across cognitive levels and provides a con-

sistent way to compare systems across architectural choices, including cascaded

ASR→LLM pipelines and end-to-end speech LLMs. By moving beyond text-only

transcription metrics, SpeechIQ offers a principled benchmark to quantify whether

intermediate outputs support downstream understanding and decision-making in

agent pipelines.

Finally, motivated by the observation that multimodal hypotheses are often

noisy and can derail downstream reasoning, I presented Speech-Hands, a self-

reflection voice-agentic framework that learns when to trust internal inference ver-

sus when to consult external audio perception. By casting self-reflection as a learn-

able decision primitive and by unifying perception and decision-making within an

agentic inference procedure, Speech-Hands improves robustness on speech recogni-

tion as well as on audio reasoning tasks. This completes the dissertation’s overarch-

ing narrative: inference-time scaffolding is not only about injecting more context,

but also about structuring decision processes so that agents can remain reliable

under uncertainty.

In summary, the dissertation establishes inference-time design as a practical

and general pathway toward more robust LLM systems. Across structured text

understanding, multimodal ICL, domain adaptation, and voice agent pipelines,

the results collectively show that retrieval constructs useful context, reasoning

enforces task-consistent logic, and agentic self-reflection prevents failures under

noisy hypotheses. These components form a coherent methodology for advancing

reliable and unified understanding across modalities without parameter updates.

7.2 Future Work

While this dissertation demonstrates the effectiveness of inference-time scaffolding,

it also exposes several open directions that can further strengthen the reliability
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and generality of LLM-based systems.

The first direction is inference-time training as an extension of inference-

time design. The methods studied here deliberately avoid parameter updates,

which provides strong practicality and deployment stability, but also limits how

much a system can adapt to persistent shifts. An attractive next step is to combine

the inference-time scaffold with lightweight, controlled adaptation at test time,

where updates are small, reversible, and guided by reliability signals. For exam-

ple, agent-centric evaluation outcomes can be used as training signals to adapt

components of the system (e.g., retrieval policies, confidence calibration modules,

or compact adapters) only when the system detects systematic failures. The key

research question is how to introduce inference-time updates that improve robust-

ness without sacrificing safety, reproducibility, and cross-domain generalization.

The second major trajectory for future research involves the evolution of

inference-time design into autonomous agentic systems. Building on the in-

sight that many modern AI agents operate by utilizing the same underlying model

with varying prompts, this dissertation posits that agentic behavior is essentially

a dynamic and sophisticated form of inference-time scaffolding. In this paradigm,

the role of LLMs matures from passive generators into proactive cognitive hubs

that autonomously orchestrate their own execution strategies. Future research

will explore the development of self-managed scaffolding, where agents dynami-

cally decide how to structure their inference process, such as choosing between

different reasoning paths or context utilization strategies―based on real-time task

demands and environmental feedback. This transition will effectively bridge the

gap between human-designed prompts and truly autonomous machine intelligence.

Ultimately, these directions point toward a transformative vision of Artificial

General Intelligence (AGI). Rather than a single monolithic model, the future

of AGI likely resides in a dynamic agentic collective that a decentralized group

of specialized agents coordinated through sophisticated inference-time scaffolding.

In this paradigm, intelligence is no longer an isolated property of model parame-

ters, but an emergent system-level property of the interactions, verifications, and

reflections among these agents. Inference-time scaffolding serves as the funda-

mental architecture for this agentic future, providing the essential protocols for
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self-managed learning and cross-modal coordination. By evolving from simple

textual reasoners into an autonomous agentic group capable of native multimodal

reasoning, we pave the way for a resilient and reflective intelligence that can truly

navigate and act within the boundless uncertainties of the real world.
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Appendix A

Additional Experimental Details

of GPT-RE

A.1 Hyperparameters

A.1.1 GPT-3 Hyperparameters

We use the GPT-3 API during the experiments and set the hyperparameters as

in Table A.1. Since the “Temperature” is set to be 0.0, denoting the stable output

of GPT-3, we report the result of the single run for all experiments. Due to the

input length limitation of GPT-3 and the various average lengths of contexts from

each dataset, we set different search ranges for the number of demonstrations of

each dataset as shown in Table A.2.

A.1.2 Fine-tuning Baseline PURE

We follow their single-sentence setup to keep consistency among datasets as Se-

meval and TACRED are both sentence-level RE datasets. For the PLMs, we also

follow PURE by using scibert-scivocab-uncased [8] as the base encoder for SciERC

and bert-base-uncased [37] for the remaining three general domain datasets. We

follow hyperparameters in their paper. We used 2 NVIDIA RTX3090 for training.
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Hyperparameter In Experiment

Engine text-davinci-003

Temperature 0.0

Max_tokens 256

Top_p 1

Frequency_penalty 0.0

Presence_penalty 0.0

Best_of 1

Logprob 1

Table A.1: GPT-3 Hyperparamters.

Dataset Lower bound Upper bound

Semeval 5 30

TACRED 5 15

SciERC 5 30

ACE05 5 25

Table A.2: Search range for each dataset.

A.1.3 Sentence Embedding Methods

(author?) [74] uses the [CLS] of RoBERTa-large as the representation in retrieval,

(author?) [98] fine-tunes RoBERTa-large on two natural language inference (NLI)

datasets: SNLI [15] and MultiNLI [189] to enhance the quality of sentence embed-

ding. For the sentence embedding method SimCSE in our experiment, we utilize

the version: sup-simcse-bert-base-uncased.
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Context: this paper describes a set of principles designed to help 
archives position themselves to address the management ......
Given the context, the relation between principles and set is 
MEMBER AND COLLECTION.

GPT-Sent Demonstration

Context: basic diagrams also work well on the computer screen if 
they are carefully designed to match the grid of pixels on the screen. 
Given the context, the relation between screen and computer is
[COMPONENT AND WHOLE]

Test Input

Context: the screen works using ink , just like books and newspapers 
, but displays the ink particles electronically .
Given the context, the relation between ink and screen is 
COMPONENT AND WHOLE.

GPT-RE_SimCSE Demonstration

Context: the computer mouse has been the input device of choice 
for a long time now in the computer world .
Given the context, the relation between mouse and computer is 
COMPONENT AND WHOLE.

GPT-RE_FT Demonstration

Retrieval GPT-Sent GPT-RE_SimCSE GPT-RE_FT

GPT-3 
Output

MEMBER AND 
COLLECTION

COMPONENT AND 
WHOLE

COMPONENT AND 
WHOLE

(a) [COMPONENT AND WHOLE]
denotes the gold label

Context: a woman diagnosed with breast cancer today joins a huge 
sisterhood of cancer survivors ready to help her along the way ……
Given the context, the relation between survivors and sisterhood is 
MEMBER AND COLLECTION.

GPT-Sent Demonstration

Context: the wheelchair foundation donated wheelchairs to people
with physical problems in hundred countries .
Given the context, the relation between wheelchairs and people is 
[ENTITY AND DESTINATION].

Test Input

Context: the victim of last night 's car accident donated his organs to 
several patients who have been waiting for donated organs .
Given the context, the relation between organs and patients is 
ENTITY AND DESTINATION.

GPT-RE_SimCSE Demonstration

Context: operation homefront and partners delivered toys to military 
children .
Given the context, the relation between toys and children is ENTITY 
AND DESTINATION.

GPT-RE_FT Demonstration

Retrieval GPT-Sent GPT-RE_SimCSE GPT-RE_FT

GPT-3 
Output

MEMBER AND 
COLLECTION

ENTITY AND 
DESTINATION

ENTITY AND 
DESTINATION

(b) [ENTITY AND DESTINATION]
denotes the gold label.

Figure A.1: More casees.

A.2 Case Study

To verify the effectiveness of our task-aware demonstration retrieval, we provide

more cases.

For Figure A.1a, GPT-Sent retrieves a demonstration that shares the same

semantic meaning of “design” with the test input. However, the entity pair is

irrelevant to the concept “design” resulting in a noisy demonstration. Instead,

GPT-RE_SimCSE retrieves a more relative demonstration with closer pair of

entities sharing the same relation label. Furthermore, GPT-RE_FT retrieves

the demonstration containing both the closing entity pair and the same linguistic

structure between entities. This case emphasizes level-by-level improvement using

our proposed methods. Figure A.1b shows a similar phenomenon.



Appendix B

Additional Experimental Details

of Adapt-Retrieve-Revise

B.0.1 Legal Instruction Tuning

We build our legal instruction dataset by human experts. Due to privacy concerns,

we are not allowed to disclose the annotated instruction data. However, we will

release the instruction annotation guideline along with our 7B legal LLM. We show

a template with a toy example below.

• Due to the Article x in the law y: [the corresponding content in the

law]

• Considering the fact that [the fact]

• The judgment is [the conclusion]

A toy example could be:

• Due to the article 91 of the Road Traffic Safety Law of the People’s

Republic of China: [Whoever drives a motor vehicle after drinking alcohol

shall be imposed upon the penalty of temporary seizure of his motor vehicle

driving license for not less than 1 month but not more than 3 months, and be

imposed upon a fine of not less than 200 Yuan but not more than 500 Yuan

as well; whoever drives a motor vehicle when he is drunk shall be restricted
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by the traffic administrative department of the public security organ until he

becomes sober, be detained for not more than 15 days, be imposed upon the

penalty of temporary seizure of his motor vehicle driving license for not less

than 3 months but not more than 6 months, and be imposed upon a fine of

not less than 500 Yuan but not more than 2000 Yuan as well. Whoever drives

a commercial operating motor vehicle after drinking alcohol shall be imposed

upon the penalty of temporary seizure of his motor vehicle driving license for

3 months, and be imposed upon a fine of 500 Yuan as well; whoever drives a

commercial operating motor vehicle when he is drunk shall be restricted by

the traffic administrative department of the public security organ until he

becomes sober, be detained for not more than 15 days, be imposed upon the

penalty of temporary seizure of his motor vehicle driving license for 6 months,

be imposed upon a fine of 2000 Yuan as well. Where anyone is penalized

for twice or more within one year due to his drunken driving as prescribed

in the preceding two paragraphs, his motor vehicle driving license shall be

canceled, and he shall not drive a commercial operating motor vehicle within

5 years.]

• Considering the fact that [the man was riding a motorbike when drunk.]

• The judgment is [to be restricted by the traffic administrative department

of the public security organ until he becomes sober, be detained for not

more than 15 days, be imposed upon the penalty of temporary seizure of his

motor vehicle driving license for not less than 3 months but not more than 6

months, and be imposed upon a fine of not less than 500 Yuan but not more

than 2000 Yuan as well.]

B.0.2 Retrieval Modules

we leveraged multilingual E5-large, which is the SOTA family of text embeddings,

which has been reported to outperform BM25, Contriever [70], and GPT embed-

dings [127]. Since the improvements of our method are consistent and substantial

(+33.3% vs vanilla, +15.4%/23.9% vs retrieval baselines), we believe these gaps

have shown sufficient robustness in our proposal.
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However, we agree that including more established retrieval modules can en-

hance the robustness of our findings. Therefore, we added extra experiments and

compared them with the current SOTA Chinese retrieval module CoROM follow-

ing [136] on the LegalQA dataset, the same setting as in Section 4.5.1. Table B.1

shows the comparison results. We find that: (1) multilingual e5-large has a com-

petitive performance with CoROM on query-based retrieval and vastly outper-

forms CoROM on answer-based retrieval; (2) for both modules, the answer-based

retrieval primarily improves the retrieval quality than the query-based setting.

Retriever Retrieval Top-1 Top-5 Top-10

Multilingual E5-large Query-based 45.8 61.3 70.5

Multilingual E5-large Answer-based 65.3 84.5 88.5

CoROM Query-based 47.5 60.8 71.5

CoROM Answer-based 58.8 72.5 80.5

Table B.1: Results of different retrieval seteps.
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Additional Experimental Details

of SpeechIQ

C.1 Complete Results

C.1.1 WER Results

As in Figure C.1 C.2 C.3, the WER performance on each dataset show a consistent

tendency as the average score that cascaded LLMVoice overally show better per-

formance than end-to-end LLMVoices, and GER seems to negatively influence the

ASR. We also notice that AnyGPT and Desta2 show much lower performance than

other models, with closer check into their outputs, we find that sometimes they

can not recognize the voice and provide meanlingless responses, while their foun-

dation ASR models can succeed in recognizing. This may indicate the potential

problem in their modality alignment training.

C.1.2 Similarity Results

As in Figure C.4 C.5 C.6, two architectures become competitive on each dataset,

especially for end-to-end-large LLMVoices show strongest performance. Meanwhile,

GER transfers to provice positive influence on ASR results by capturing the se-

mantic meaning of the voice inputs.

145



146APPENDIX C. ADDITIONAL EXPERIMENTAL DETAILS OF SPEECHIQ
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Figure C.2: WER on medasr
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Figure C.3: WER on voxpopuli

C.1.3 QA Accuracy Results

As in Figure C.7 C.8 C.9, a interesting tendency occurs that end-to-end-

large LLMVoices show the best performances in solving multi-choice questions

while smaller end-to-end LLMVoices show the worst performances, with cascaded

LLMVoices lying on the mid. This may indicate that modality alignment need

scaling-up data size to train robust speech-text models and better than their cas-

caded foundation variants.

C.2 Scaling Law Normalization

We realize that normalize the SIQ based on computations in training related to

both model size and data size will be a significant step for fairly comparing vari-

ous models. This normalization matches the age-aware normalization in comput-

ing human IQ, since models trained with less computations should be rewarded

more SIQ if perform similar or better than larger models, representing the better

training strategies in modality alignment. Thus, in our future work we will make
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Figure C.5: Similarity on medasr
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Figure C.6: Similarity on voxpopuli
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Figure C.7: QA accuracy on earning22
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Figure C.8: QA accuracy on medasr
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Figure C.9: QA accuracy on voxpopuli
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efforts to include the scaling law normalization, even considering the fact that the

computation cost is sometimes closed to acquire.



Appendix D

Additional Experimental Details

of Speech-Hands

D.1 Failure Case of Multimodal GER

D.1.1 Amplifying Hallucination

This is often a situation where external audio perception is not strong enough or

N-best decoding introduces noise for GER. Especially when the omni model is

encouraged to take all hypothesses in consideration.

ASR Failure Case
Internal: insane

External (Whisper 5-best): [’ Gimseeinnnnnn’, ’ You can say.’, ’ Insta.’, ’

Wednesday.’, " I’m from Phelps County, I’m gonna see what this guy’s doing."]

GER Pred: I’m from Phelps County, I’m gonna see what this guy’s

doing

Gold: insane

152
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D.1.2 Overcorrection

Due the language modeling nature, LLMs tend to revise the transcription to be

more likea complete sentence, which sometimes caused “overcorrection.”

ASR Failure Case
Internal: you in the way marguerite but how

External (Whisper 5-best): [’ you ll in the way marguerite but how’, ’you

in the way marguerite but how’, ’you in the way marguerite but how.’, ’ you in

the way marguerite but how.’, " you in the way marguerite but how."]

GER Pred: you are in the way marguerite but how

Gold: you in the way marguerite but how

D.2 Dataset Details for DCASE2025 AudioQA

Subset #Train / #Dev <in>/<ex>/<re>

Bio-acoustic QA 0.7K / 0.2K 338/234/168
Soundscape QA 1.0K / 0.6K 604/182/252
Complex QA 6.4K / 1.6K 4,267/1,785/391

Table D.1: Statistics of the three DCASE2025 AudioQA subsets used in our ex-

periments. <in>/<ex>/<re> shows the token distribution in training w/ ma-

jority sampling.

The DCASE2025 AudioQA benchmark comprises three complementary

multiple-choice question-answering subsets, each designed to evaluate a different

aspect of audio reasoning.

D.2.1 Bioacoustics QA

This subset targets perceptual and cognitive grounding in marine bioacoustics. It

includes questions about 31 marine mammal species with diverse acoustic ranges,
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habitats, and vocalization durations. Tasks include species classification, vocal-

ization type recognition, factual retrieval, interpretation of acoustic features, and

comparative reasoning. The dataset includes approximately 0.7K training and

0.2K development QA pairs. Audio clips range in sample rate from 600 Hz to 160

kHz and in duration from 0.4 s to 625 s, allowing evaluation under highly var-

ied acoustic conditions. All audio is sourced from the Watkins Marine Mammal

Sound Database (Woods Hole Oceanographic Institution; New Bedford Whaling

Museum), and usage of audio beyond the provided splits is strictly prohibited.

D.2.2 Temporal Soundscapes QA

This subset focuses on temporal reasoning over sound events, encompassing 26

event classes. Questions require identifying active sound classes, temporal order-

ing, timestamp estimation (onset, offset, duration), and event comparison. The

subset comprises approximately 1.0K training and 0.6K development QA pairs.

Audio clips are mono-channel, 10 seconds long, and sampled at 32–48 kHz. Most

clips correspond to a single QA item, while a small portion supports multiple

questions. All annotations are manually verified, which include event types, times-

tamps, and answers. Audio is sourced from NIGENS, L3DAS23 Challenge [117],

and TAU Spatial Sound Events 2019 datasets [2].

D.2.3 Complex QA (MMAU)

This subset evaluates high-level reasoning over natural sound scenes. Each in-

stance consists of a 10-second, 16 kHz audio clip paired with a question requiring

reasoning over acoustic, temporal, and contextual cues (i.e., overlapping events,

implied sequences, or abstract relationships.) Tasks are inspired by the MMAU

Sound benchmark [155] and extend its principles to more diverse soundscapes.

The data include approximately 6.4K training and 1.6K development QA pairs.

Audio clips are sourced from AudioSet and Mira.
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D.3 Cases On ASR

We provide several examples to show the effectiveness of our Speech-Hands in ASR

tasks.

ASR Case 1
Q. What is the correct transcription of this audio?

Internal: water and fresh stalls to take on there

External: we’ve water and fresh stores to tick on there

Rewrite: we’ve water and fresh stores to take on there

Pred: <rewrite> we’ve water and fresh stores to take on there

Gold: we’ve water and fresh stores to take on there

ASR Case 2
Q. What is the correct transcription of this audio?

Internal: then has nothing happened with a voice like a whip mr wicker said

start at once

External: then as nothing happened with a voice like a whip mister wigger

said start at once

Rewrite: then as nothing happened with a voice like a whip mister wuthers

said start at once

Pred: <external> then as nothing happened with a voice like a whip

mister wigger said start at once

Gold: then as nothing happened with a voice like a whip mister wicker

said start at once
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D.4 Cases On AudioQA

For each token we pick up 5 examples to illustrate how action tokens influence

the final correctness. For <rewrite> token, it works not only when the internal

prediction is conflicted with the external prediction, but also show robust and

accurate decision when hypothesses generate the same but wrong prediction. This

is extremely important when facing challenging tasks, the omni-agent should be

confident to refuse wrong hypothesses. Also for <internal> and <external>

tokens that have more frequencies, they should be accurately distinguished when

conflicts, and action tokens complete a good job on recognizing the true answer.

AudioQA Case 1

Q. Based on the audio, which natural phenomenon could be occurring?

Options:

A. Earthquake

B. Thunderstorm

C. Forest fire

D. Snowstorm

Internal pred: B. Thunderstorm

External pred: B. Thunderstorm

Pred: <rewrite> C. Forest fire

Gold: <rewrite> C. Forest fire

AudioQA Case 2

Q. What activity is likely occurring based on the described sounds?

Options:

A. Driving a car

B. Planting a garden

C. Painting a picture

D. Cooking a meal
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Internal pred: A. Driving a car

External pred: B. Planting a garden

Pred: <rewrite> D. Cooking a meal

Gold: <rewrite> D. Cooking a meal

AudioQA Case 3

Q. Based on the audio, what is the most likely environment in which the sounds

are occurring?

Options:

A. An indoor setting

B. A rural countryside

C. A busy city street

D. A quiet residential neighborhood

Internal pred: A. An indoor setting

External pred: B. A rural countryside

Pred: <rewrite> C. A busy city street

Gold: <rewrite> C. A busy city street

AudioQA Case 4

Q. What background sound is present in the audio clip?

Options:

A. Waves crashing

B. Birds chirping

C. Bells ringing

D. Running car engine

Internal pred: A. Waves crashing

External pred: D. Running car engine
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Pred: <rewrite> C. Bells ringing

Gold: <rewrite> C. Bells ringing

AudioQA Case 5

Q. What might the purpose of tapping the metal object in the background be?

Options:

A. To emphasize the speaker’s instructions

B. To distract from the speaker’s sad tone

C. To demonstrate its material quality

D. To create a rhythmic background

Internal pred: A. To emphasize the speaker’s instructions

External pred: A. To emphasize the speaker’s instructions

Pred: <rewrite> C. To demonstrate its material quality

Gold: <rewrite> C. To demonstrate its material quality

AudioQA Case 6

Q. What type of mood is conveyed through the musical elements in this audio?

Options:

A. Calm and soothing

B. Angry and aggressive

C. Joyful and uplifting

D. Sad and reflective

Internal pred: B. Angry and aggressive

External pred: D. Sad and reflective

Pred: <external> D. Sad and reflective

Gold: <external> D. Sad and reflective
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AudioQA Case 7

Q. Based on the audio description, what is likely happening in the background?

Options:

A. A calm evening

B. A windy day

C. An earthquake

D. A quiet morning

Internal pred: B. A windy day

External pred: C. An earthquake

Pred: <external> C. An earthquake

Gold: <external> C. An earthquake

AudioQA Case 8

Q. What type of sound is present in the background of the audio clip?

Options:

A. Car engine

B. Ocean waves

C. Upbeat synthesized music

D. Bird chirping

Internal pred: B. Ocean waves

External pred: C. Upbeat synthesized music

Pred: <external> C. Upbeat synthesized music

Gold: <external> C. Upbeat synthesized music

AudioQA Case 9

Q. Based on the audio description, what is the primary focus of the sounds?

Options:

A. A quiet library setting

B. A peaceful nature scene
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C. A busy city street

D. A defense attack scenario

Internal pred: A. A quiet library setting

External pred: D. A defense attack scenario

Pred: <external> D. A defense attack scenario

Gold: <external> D. A defense attack scenario

AudioQA Case 10

Q. Based on the audio description, what type of activity is most likely taking

place?

Options:

A. Gardening

B. Woodworking

C. Lock-picking

D. Cooking

Internal pred: B. Woodworking

External pred: C. Lock-picking

Pred: <external> C. Lock-picking

Gold: <external> C. Lock-picking

AudioQA Case 11

Q. What element in the audio contributes to the emotional depth of the song

besides the vocals?

Options:

A. The language spoken

B. The steady drum beats

C. The groovy bass line

D. The keyboard harmony
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Internal pred: D. The keyboard harmony

External pred: C. The groovy bass line

Pred: <internal> D. The keyboard harmony

Gold: <internal> D. The keyboard harmony

AudioQA Case 12

Q. Based on the audio description, what type of environment is suggested by

the background sounds?

Options:

A. A serene forest

B. A quiet library

C. A beach with waves

D. A busy city street

Internal pred: D. A busy city street

External pred: D. A busy city street

Pred: <internal> D. A busy city street

Gold: <internal> D. A busy city street

AudioQA Case 13

Q. What might the purpose of the whistle and crinkling leaves in the background

be?

Options:

A. To create a suspenseful atmosphere

B. To signal the attention of someone nearby

C. To mimic a bustling city environment

D. To indicate the presence of wildlife

Internal pred: B. To signal the attention of someone nearby

External pred: B
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Pred: <internal> B. To signal the attention of someone nearby

Gold: <internal> B. To signal the attention of someone nearby

AudioQA Case 14

Q. Why does the conversation feature electronic beats and rhythmic cymbal

sounds?

Options:

A. To mimic the sounds of a busy environment

B. To create a sense of urgency in the interaction

C. To drown out background noise

D. To enhance the emotional depth of the speech

Internal pred: B. To create a sense of urgency in the interaction

External pred: D. To enhance the emotional depth of the speech

Pred: <internal> B. To create a sense of urgency in the interaction

Gold: <internal> B. To create a sense of urgency in the interaction

AudioQA Case 15

Q. What sound appears earliest in the audio?

Options:

A. Ticking

B. Accelerating, revving, vroom

C. Idling

D. Car

Internal pred: C. Idling

External pred: D. Car

Pred: <internal> C. Idling

Gold: <internal> C. Idling
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