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Abstract

Deep learning models for vision and multimodal data rely on high-dimensional latent

representations to achieve strong empirical performance. However, such representations

are often difficult to interpret and control, limiting their reliability and adaptability in tasks

requiring structured reasoning. This thesis investigates how latent representations and latent

structures can be organised to support both interpretability and controllability across visual

and multimodal learning settings. This work propose that effective latent modeling requires

explicitly distinguishing task-relevant semantic factors from task-irrelevant variability, and

enforcing selective invariance and alignment during learning. Rather than relying on fully

entangled latent spaces or opaque internal processes, the thesis adopts the perspective that

latent structures should expose meaningful organisation that can be selectively preserved,

modified, or aligned according to task requirements. The first part of the thesis examines

this principle in ordinal visual learning, where discriminative information is subtle and order-

dependent. It shows that commonly used representation learning strategies induce excessive

invariance, obscuring ordinal semantics in the latent space. By encouraging minimal and

targeted latent variation, the proposed approach retains ordinal meaning while remaining

robust to irrelevant changes. The second part studies controllability in visual in-context

learning, demonstrating that latent representations in large autoregressive vision models

can be made more interpretable through structured intermediate representations that reflect

progressive visual reasoning. The third part extends these principles to multimodal generation

by learning selectively aligned latent spaces that capture shared semantic factors while

excluding modality-specific variability. Finally, the thesis generalises latent modeling beyond

internal representations to interpretable procedural structures, showing that agentic workflows

can be treated as latent constructs whose organisation is learned under explicit constraints.
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CHAPTER 1

Introduction

Recent years have witnessed rapid progress in vision and multimodal learning, driven by

advances in representation learning (Chen et al., 2020b; Caron et al., 2021; Radford et al.,

2021), large-scale datasets (Deng et al., 2009; Lin et al., 2014; Schuhmann et al., 2022), and

increasingly expressive neural architectures (He et al., 2016; Vaswani et al., 2017). Across

supervised, self-supervised, and generative paradigms, modern models rely heavily on latent

representations as the primary medium through which information is encoded, transformed,

and synthesized. These latent spaces underpin a wide range of capabilities, including visual

recognition (Shafiq and Gu, 2022), reasoning (Zakari et al., 2022; Sun et al., 2025), and

cross-modal generation (Żelaszczyk and Mańdziuk, 2024; He et al., 2024), and have become

a central abstraction for understanding and designing learning systems.

Despite their empirical success, latent representations learned by contemporary models are

often difficult to interpret and manipulate in a principled manner. In practice, latent variables

tend to capture complex mixtures of semantic factors and incidental variations, with little

explicit alignment to human-interpretable concepts (Gandelsman et al., 2024; Xie et al., 2025).

This lack of structure poses a fundamental challenge for tasks that require model transparency,

controlled intervention, or reliable generalisation beyond the training distribution. As models

grow in scale and are deployed in increasingly complex settings, the limitations of opaque

and entangled latent spaces become more pronounced.

A common characteristic of many existing approaches is that latent representations are shaped

implicitly by optimisation objectives that prioritise predictive or generative performance (Gui

et al., 2024). While this implicit learning often yields strong task performance, it provides

limited guarantees about the semantic organisation of the resulting latent space. Task-relevant

1
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factors are frequently entangled with nuisance variations, and individual latent dimensions

lack clear functional roles (Higgins et al., 2017b; Wang et al., 2024c). As a consequence,

models may rely on spurious correlations, encode brittle decision rules, or exhibit failure

modes that are difficult to diagnose or correct.

These issues are particularly acute in settings where the underlying semantic signals are

subtle, structured, or only partially observable. For example, in ordinal prediction tasks,

the discriminative information may lie in fine-grained and ordered variations rather than

categorical differences (Wang et al., 2025a). In visual reasoning, successful inference often

depends on selectively attending to relational or causal structure rather than global appearance

statistics (Ke et al., 2025). Similarly, in multimodal generation, different modalities frequently

exhibit incomplete or asymmetric correspondence, such that forcing full alignment across

modalities can obscure modality-specific semantics or introduce semantic noise (Xie et al.,

2025). In these scenarios, indiscriminate enforcement of invariance or alignment can degrade

both interpretability and performance.

Existing research has explored disentanglement, invariance, and interpretability from a variety

of perspectives, including variational modeling, contrastive learning, and self-supervised

objectives (Higgins et al., 2017b; Khemakhem et al., 2020; Von Kügelgen et al., 2021). While

these efforts have yielded important theoretical and empirical insights, many approaches still

treat latent spaces as homogeneous embeddings. As a result, they offer limited mechanisms

for selectively preserving, suppressing, or aligning specific semantic factors based on task

requirements. This gap motivates a more structured view of latent representation learning.

This thesis is motivated by the observation that controllability and interpretability are closely

related properties of latent representations, and that both can be improved by explicitly distin-

guishing task-relevant semantic factors from task-irrelevant variation during learning (Von

Kügelgen et al., 2021). Rather than treating latent spaces as monolithic vectors, the thesis ad-

opts the perspective that latent representations should expose internal structure, with different

components serving distinct semantic purposes. From this viewpoint, effective representation

learning is not solely about maximizing information content, but about organising information

in a manner that supports selective use, intervention, and analysis.
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Central to this perspective is the notion of selective modeling (Xiao et al., 2021; Von Kügelgen

et al., 2021; Xie et al., 2025). Instead of enforcing uniform invariance or alignment across

all latent dimensions, selective modeling aims to preserve information that is causally or

semantically relevant to a given task, while suppressing variation that is irrelevant. This

principle manifests in several forms throughout the thesis, including selective invariance for

ordinal learning, structured latent reasoning for vision models, and selective cross-modal

alignment for multimodal generation. In each case, the goal is to guide the learning process

toward latents that are both more interpretable and amenable to controlled manipulation.

Beyond internal feature representations, this thesis further argues that latent structure can

arise at the level of reasoning processes and computational workflows. In complex decision-

making settings, model behaviour is often governed not only by latent embeddings, but by

latent procedural structures that determine how intermediate representations are generated,

combined, and validated (Luo et al., 2025). These structures, such as reasoning sequences or

agentic workflows are typically implicit, manually designed, or fixed a priori, limiting both

transparency and adaptability (Wu et al., 2024a). By treating such workflows as latent objects

that can be learned, constrained, and analysed (Hu et al., 2025; Zhang et al., 2025b), the same

principles of selective modeling can be extended from representation spaces to procedural

reasoning structures, enabling interpretable and controllable behaviour at the system level.

The scope of this thesis primarily focuses on vision and closely related multimodal learning

problems, with an emphasis on representation learning and generative modeling. The final part

of the thesis extends these ideas to agentic reasoning pipelines, illustrating how latent modeling

principles generalise beyond perception to structured decision-making tasks. Throughout,

the emphasis remains on settings where explicit supervision is limited and architectural

modifications are kept minimal. This reflects a practical concern: improving interpretability

and controllability should not come at the cost of excessive supervision or fundamentally

altering well-established model architectures. Instead, the thesis explores how latent structure

can be induced through principled objectives, constraints, and training strategies that integrate

naturally with existing frameworks.
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Collectively, this thesis aims to provide a coherent framework for understanding and design-

ing latent representations and latent structures that support transparent, interpretable, and

controllable model behaviour across diverse learning paradigms. By grounding the analysis in

concrete vision, multimodal, and agentic reasoning tasks, the thesis seeks to bridge theoretical

insights on latent structure with practical considerations in modern deep learning systems.

1.1 Thesis Outline

The remainder of this thesis is organised as follows.

Chapter 2, Controllable Latent Representations for Ordinal Visual Learning, investigates

how latent representations can be structured to preserve task-relevant semantic order while

suppressing nuisance variation. Focusing on ordinal prediction tasks, this chapter shows

that commonly used representation learning objectives induce excessive invariance, which

obscures fine-grained ordinal semantics in the latent space. It then develops principled

strategies for encouraging minimal and targeted latent variation, yielding representations that

are both more interpretable and more amenable to controlled manipulation. This chapter

establishes the thesis’s core argument that interpretability and controllability depend on

explicitly structuring latent representations according to task semantics.

Chapter 3, Structured Latent Reasoning in Large Vision Models, extends the notion of

structured latent modeling from static feature representations to dynamic reasoning processes.

It examines how latent representations in large autoregressive vision models can be organised

to expose intermediate reasoning structure, enabling interpretable and controllable visual

in-context learning. By introducing structured latent transitions that reflect progressive visual

reasoning, this chapter demonstrates how control can be exerted over model behaviour through

interpretable internal representations rather than opaque end-to-end inference.

Chapter 4, Interpretable Cross-Modal Latent Modeling for Multimodal Generation,

generalises the proposed latent modeling principles to multimodal generative settings. Fo-

cusing on text-to-audio-video generation, this chapter addresses the challenge of partial and
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asymmetric correspondence between modalities. It proposes selectively aligned latent spaces

that capture shared semantic factors while excluding modality-specific noise, resulting in

improved interpretability, controllability, and cross-modal coherence. This chapter highlights

how selective latent alignment supports robust multimodal generation without enforcing

unnecessary or harmful invariance.

Chapter 5, Interpretable Latent Workflow Modeling for Agentic Reasoning, further

extends the thesis beyond internal representations to latent procedural structures that govern

complex reasoning systems. It treats agentic workflows as latent computational graphs whose

components and execution order are learned rather than manually designed. By explicitly

modelling and optimising these workflows under task and constraint feedback, the chapter

demonstrates how the principles of controllable and interpretable latent modeling generalise

to system-level reasoning processes, enabling transparent and controllable decision-making

in real-world tasks.

Chapter 6, Conclusions, concludes the thesis by summarising the main contributions, dis-

cussing limitations of the proposed approaches, and outlining directions for future research

on structured, controllable, and interpretable latent modeling across vision, multimodal, and

agentic learning systems.



CHAPTER 2

Controllable Latent Representations for Ordinal Visual Learning

This chapter examines ordinal visual learning as an initial case study for controllable and

interpretable latent modeling, focusing on prediction tasks where ordered labels depend on

subtle and localized semantic cues. It highlights a fundamental mismatch between standard

contrastive learning, particularly its reliance on strong, predefined augmentations, and the

semantic requirements of ordinal regression, where task-relevant information can be easily

disrupted. To address this limitation, the chapter introduces a generative, content-preserving

augmentation framework based on disentangled latent representations and the principle of

minimal change, enabling selective invariance aligned with ordinal semantics. By doing so,

the chapter establishes the central thesis argument that effective representation learning in

structured prediction tasks requires explicit control over latent factors.

2.1 Introduction

Ordinal visual learning addresses a class of prediction problems in which target labels are

discrete but inherently ordered, such as age estimation, disease severity grading, and quality

assessment (Niu et al., 2016; Liu et al., 2017; Beckham and Pal, 2017). Unlike standard

categorical classification, ordinal regression requires models to capture subtle, monotonic

semantic variations that reflect relative ordering rather than absolute class identity. As a result,

performance in ordinal tasks depends critically on the representation’s ability to preserve

fine-grained semantic structure while remaining invariant to task-irrelevant variations.

Recent advances in representation learning have demonstrated that contrastive learning

provides a powerful mechanism for learning invariant and transferable visual features by
6
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Heavy Wrinkles
Gray Hair

Age: 60+

Heavy Wrinkles
Gray Hair

Heavy Wrinkles
Gray Hair

Age: ?

Gaussian Blur Color Jitter

Losing Ordinal Content Information

FIGURE 2.1. Ordinal content information in data can be easily distorted by
standard augmentations in contrastive learning. As illustrated in the example,
the age-related features: wrinkles and hair color are eliminated after Gaussian
blurring and color jitter, making the age become unidentifiable.

enforcing consistency between multiple views of the same instance (Oord et al., 2018; He

et al., 2019; Khosla et al., 2020). By contrasting strongly and weakly augmented samples,

contrastive objectives encourage the extraction of shared semantic information while sup-

pressing nuisance variability (Chen et al., 2020b). This paradigm has been shown to be highly

effective across supervised and self-supervised learning settings, contributing substantially to

progress in visual representation learning (Jaiswal et al., 2020).

However, when directly applied to ordinal regression, contrastive learning exhibits noticeably

diminished effectiveness. This limitation arises not from the contrastive objective itself, but

from a mismatch between the assumptions underlying standard contrastive augmentation

strategies and the intrinsic structure of ordinal data. In conventional contrastive learning

pipelines, strong predefined augmentations, such as aggressive color jittering, color drop-

ping, or blurring are introduced to eliminate superficial correlations and enforce semantic

invariance (Von Kügelgen et al., 2021; Xiao et al., 2021). While suitable for category-level

discrimination, these transformations can be detrimental in ordinal settings, where the dis-

criminative information is often subtle, localized, and semantically fragile (Wang et al.,

2025a).

In ordinal visual tasks, the information that determines relative ordering frequently manifests

in small-scale or low-contrast visual cues. For example, in age estimation, ordinal distinctions

may depend on localized facial features such as wrinkles, skin texture, or hair coloration,
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which occupy only a small fraction of the image (See Figure 2.1). Similarly, in diabetic

retinopathy grading (Liu et al., 2022), disease severity is indicated by fine-grained retinal

lesions, such as microaneurysms or hemorrhages, that are both spatially localized and visually

subtle. Strong augmentations commonly used in contrastive learning can distort or entirely

remove these critical cues, thereby suppressing the very information required for accurate

ordinal prediction. Consequently, enforcing invariance across such augmented views risks

collapsing ordinal content into nuisance variation, undermining both representation quality

and downstream performance.

This observation highlights a broader issue that recurs throughout this thesis: effective

controllable latent modeling requires explicitly distinguishing task-relevant semantic factors

from task-irrelevant variability (Xiao et al., 2021). In ordinal learning, this distinction is

particularly acute, as ordinal content information must be preserved rather than abstracted

away. From this perspective, the failure of standard contrastive learning in ordinal regression

reflects a lack of control over which latent factors are encouraged to remain invariant and

which are permitted to vary.

Motivated by this insight, this chapter proposes an alternative approach to contrastive aug-

mentation for ordinal visual learning, one that explicitly preserves ordinal content while

enabling controlled variation in non-ordinal factors. Rather than relying on handcrafted

strong augmentations (Chen et al., 2020b), we introduce a generative, content-preserving

augmentation mechanism grounded in latent factor disentanglement (Kong et al., 2022). The

core idea is to construct augmentations that differ in visual style while remaining semantically

consistent with respect to ordinal labels.

To achieve this, we employ a generative model trained under the principle of minimal

change (Xie et al., 2022), which constrains variations in latent space to have limited impact on

ordinal content. Generative models, such as Generative Adversarial Networks (Goodfellow

et al., 2014), provide a natural framework for synthesizing diverse visual instances. However,

without additional constraints, their latent spaces typically entangle ordinal and non-ordinal

factors, resulting in limited controllability over semantic attributes. Such entanglement hinders
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the generation of instances with fixed ordinal content and undermines their use as reliable

contrastive views.

The minimal change principle addresses this challenge by explicitly regulating the influence

of latent factors on the generated output. In this framework, the latent representation is

partitioned into two complementary components: one dedicated to ordinal content and

another capturing non-ordinal variations such as style, illumination, or background (Von

Kügelgen et al., 2021). The ordinal latent component is constrained to undergo minimal

change during generation, ensuring that it encodes only the essential information required

to determine ordinal labels. Once reconstruction fidelity is achieved under this constraint,

ordinal and non-ordinal information become effectively disentangled, yielding a controllable

latent structure aligned with the requirements of ordinal learning.

Building on this disentangled representation (Wang et al., 2022a), the proposed method

generates ordinal-preserving augmented instances by fixing the ordinal latent factors and

resampling the non-ordinal ones. The resulting synthetic images exhibit substantial stylistic

diversity while maintaining consistent ordinal semantics. These instances can be used as

strong contrastive views, enabling contrastive learning objectives to operate without corrupt-

ing ordinal content. Importantly, this strategy allows contrastive learning to be integrated

seamlessly into existing ordinal regression frameworks (Li et al., 2019; Li et al., 2021; Shin

et al., 2022), while restoring its effectiveness through principled control over latent variation.

In the context of the broader thesis, this chapter establishes a foundational case study demon-

strating how controllable and interpretable latent representations can address task-specific

failures of generic representation learning techniques (Khosla et al., 2020; Zha et al., 2022).

By explicitly aligning latent structure with ordinal semantics, the proposed approach illustrates

how selective invariance and controlled generation can improve learning outcomes in settings

where semantic signals are weak, localized, or easily disrupted. The ideas developed here

foreshadow subsequent chapters, which extend the same principles to structured reasoning in

large vision models and interpretable cross-modal alignment in multimodal generation.
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The remainder of this chapter is organized as follows. Section 2 reviews related work in

ordinal regression and contrastive learning, with particular emphasis on their limitations in

handling subtle semantic structure. Section 3 presents the proposed generative augmentation

framework and details the application of the minimal change principle. Section 4 evaluates

the approach across multiple ordinal visual learning benchmarks. Section 5 concludes the

chapter and discusses implications for controllable latent modeling more broadly.

2.2 Related Works

Method for Ordinal Regression. Recent advancements often frame ordinal regression as

a classification task (Niu et al., 2016; Liu et al., 2017; Beckham and Pal, 2017). Liu et al.,

2018b introduced a constrained optimization formulation for ordinal regression. This approach

minimizes the negative log-likelihood across multiple classes while simultaneously preserving

the inherent order relationship between instances. Diaz and Marathe, 2019 leveraged the

natural ordinal relationships between targets, imparting them as prior knowledge to the

model through soft labels. Liu et al., 2019 addressed the task from a probabilistic modeling

perspective, where a Gaussian Process model is attached to the output layer of the deep

neural network to model uncertainty. Li et al., 2021 proposed a framework that employs

probabilistic embeddings to model data uncertainty. Their method enforces a constraint

between the learned embedding distributions and pre-defined ordinal distributions, ensuring

that the learned embedding space remains ordered. Shin et al., 2022 proposed a regression-

based rank estimation algorithm that learns to model the order relationship between instances.

Cheng et al., 2023b propose a data fusion approach to address the class-imbalance issue in

ordinal regression datasets. While most of the previous studies primarily focused on aligning

the model’s final predictions with the target, our approach emphasizes the importance of

preserving ordinal content information when augmenting ordinal regression data. Our method

is orthogonal to end-to-end trainable ordinal regression model, which can serve as a plug-

and-play solution to improve the performance of existing state-of-the-art ordinal regression

frameworks.
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Contrastive Learning and Data Augmentations. Contrastive learning (CL) extracts dis-

criminative information from data by organizing samples into similar and dissimilar pairs.

It amplifies the similarity of similar pairs and increases the difference between dissimilar

pairs in the feature space. In a self-supervised setting (He et al., 2019; Chen et al., 2020b),

similar pairs are generated through a data augmentation module. Given a reference image, this

module introduces modifications such as random scaling, cropping, color jittering, blurring,

and flipping to generate new perspectives of the image. The original image and its augmented

versions constitute a similar pair. In contrast, other images in the batch are treated as dissimilar

samples, forming dissimilar pairs. Khosla et al., 2020 expanded CL to a supervised setting.

In addition to the augmented versions of the image, samples from the same class also become

part of a similar pair. Zha et al., 2022 introduced a supervised CL framework for regression

tasks, ensuring that the order of representations in the feature space corresponds to their target

values. The results demonstrate that existing regression methods consistently benefit from a

CL module for extracting discriminative features from data.

Furthermore, intensive data augmentations have been found crucial for the success of the

contrastive learning framework across all settings (Chen et al., 2020b; Chen et al., 2020c;

Khosla et al., 2020; Li et al., 2023c; Li et al., 2022a; Huang et al., 2021; Zheng et al., 2022).

However, such aggressive augmentations can compromise an image’s content. Xiao et al.,

2021 addressed this breach of the invariance assumption (i.e., data augmentations altering

the data’s semantic information) by decomposing a compound series of augmentations into

individual operations and creating distinct heads for each single augmentation. This method is

effective when data is sensitive to a few specific augmentations within the full augmentation

sequence but maintains its invariance assumption with others. Given that content information

in ordinal data is particularly susceptible, many augmentation techniques can potentially

distort an image’s semantics, thereby limiting the method’s efficacy. Compared to their

approach, our method does not depend on any predetermined augmentation method. Instead,

we guide the model to discern which aspects of the augmented data should be preserved as

content variables and which can be modified to introduce diversity as style variables.
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FIGURE 2.2. The data generative process employed by our method. The
shaded variables are observable and the unshaded variables are latent.

2.3 Ordinal Content Preserving Contrastive Learning

(OCP-CL)

In this section, we introduce our Ordinal Content Preserving Contrastive Learning (OCP-CL)

framework. Specifically, to improve the utility of contrastive learning for ordinal regres-

sion, we propose a novel ordinal content-preserving augmentation method that replaces the

predefined strong augmentations in a contrastive learning framework. First, we explain the

generative process of ordinal regression data, which serves as the foundational understand-

ing of our proposed generative model. Then, we introduce our approach for disentangling

ordinal content and non-ordinal factors via minimal change, and detail the implementation of

the generative model. Next, we describe the process of generating content-preserving data

augmentations through interventions on non-ordinal latent factors. Finally, we present the

contrastive learning formulation with our generated augmentations from the original instances.

The contrastive learning objective can be integrated into any existing end-to-end trainable

deep ordinal regression methods to form a joint objective.

Data Generative Process. We first explain the causal data generative process (Glymour and

Zhang, 2019; Yao et al., 2023) as illustrated in Figure 2.2. The graph outlines the generative

process for ordinal regression data, segregating latent factors into different functional groups

based on their relationships to the observed variables.
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Specifically, zv denotes a set of invariant ordinal factors that capture all ordinal content

relevant features across different ordinal categories. For example, in age estimation, zv

encompasses a comprehensive collection of age-specific attributes such as the severity of

wrinkles or variations in skin texture across age groups. The ordinal label y serves as a

constraining variable, ensuring that zo selectively retains only those features from zv that

pertain to its corresponding ordinal category. Similarly, zn denotes the set of non-ordinal, style-

related factors. Together, zo and zn collaboratively generate x, the observed data instance.

Our primary objective for the generative model is to disentangle the learned latent factors ẑ

into ẑo and ẑn, in alignment with the proposed SCM. In this setup, ẑo is approximated to only

contain ordinal content information that determines the ordinal category, whereas ẑn holds

styling information. Generating content-preserving samples hinges on accurately recovering

the true joint distribution of image and class, denoted as P (X,Y ). Based on our proposed

generative process, the causal factorization of the joint distribution P (X,Y ,Zo,Zv,Zn) is:

P (X,Y ,Zo,Zv,Zn) = P (Y )P (Zv)P (Zn)P (Zo|Y ,Zv)P (X|Zo, Zn). (2.1)

Our method is designed to fulfill the this generative process by modelling each probability in

Eq. 2.1.

2.3.1 Philosophy of Disentangling Ordinal Content Factors.

The principle of minimal change is pivotal in our generative process, aiding in the effective

disentanglement of non-ordinal factors from ordinal content factors. To underscore the

importance of this principle, we first discuss the limitations of relying solely on ordinal labels

y. Subsequently, we explore scenarios that incorporate the minimal change principle. We

consider a generative model (Zhou et al., 2023; Yao et al., 2021) that aligns with the generative

process depicted in Figure 2.2 and infers the factors ẑn, ẑo, and ẑv. After the learning phase,

in which the reconstruction error is minimized, our goal is to align ẑn with non-ordinal factors

zn; align ẑo with ordinal content factors zo; and align ẑv with the set of invariant ordinal

factors zv. Note that zn, zo and zv are the true latent factors in the data generative process.
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If we rely solely on ordinal labels y, the generation of ẑo is influenced by both y and

ẑv. This relationship can be mathematically expressed as: ẑo = g(y, ẑv) + ϵ. In essence,

this generation mechanism allows ẑo to assimilate information from both y and ẑv. Given

the generative model’s typical assumption that both ẑn and ẑv follow a standard Gaussian

distribution, non-ordinal information can feasibly reside in either ẑv or ẑn. These factors are

fundamentally similar, and their differences are purely notational. Hence, the choice of where

to store non-ordinal information does not influence the reconstruction error. As a result, ẑo,

being influenced by both y and ẑv, inevitably contains non-ordinal information. Thus, the

disentanglement can not be achieved solely with y.

To address this, we apply the minimal change principle in the disentanglement process.

The minimal change principle serves as a constraint on image generation, ensuring that the

influence of certain factors during instance generation remains minimal. Specifically, when

applied to ẑo, this principle limits the factor’s influence. Consequently, the information within

ẑo remains minimal and focused. By introducing an additional constraint on the generative

function g, we ensure that ẑv inherently carries information related to Y . Assuming the

reconstruction error is minimized, this suggests that ordinal content information is primarily

included within the latent factors ẑo. As ẑn is generated independently of the ordinal label

Y , it will not contain ordinal content information. Therefore, all ordinal content information

becomes localized within ẑo. Furthermore, by minimizing the influence of ẑo, it becomes

exclusively representative of ordinal content information.

2.3.2 Ordinal Content and Non-Ordinal Information Disentanglement

via Minimal Change

Our primary objective is to achieve minimal change in the generation process, specifically

by constraining the influence of ordinal content factors ẑo. This is realized by limiting the

number of these factors. To this end, we introduce a mask operation, consistent with our data

generative process. The essence of this mask is to regulate the quantity of ordinal content

factors. A sparser mask translates to fewer ordinal content factors. To promote this sparsity,

we impose an L1 loss on the mask, represented as Lsp = ∥M∥1. Let’s define our latent factors
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as ẑ := [ẑo, ẑn] and ẑon := [ẑv, ẑn]. The mask operation is then given by:

ẑon = ẑ +M ⊙ fy(ẑ), ẑ ∼ N (0, I), y ∼ P (Y ). (2.2)

In the above equation, ẑ encapsulates both the invariant ordinal content factors ẑv and the

non-ordinal factors ẑn. The label distribution P (Y ) is derived empirically by counting the

occurrences of each label within the dataset and then normalizing these counts to form a

probability distribution. We utilize the Deep Sigmoidal Flow (Huang et al., 2018) for the

function fy. It is a type of normalization flow characterized by the use of small neural

networks with sigmoid units. These units introduce inflection points in the transformation

function, enabling the modeling of complex probability distributions. Within our context, it

serves as a component-wise transformation function that transforms ẑon in a component-wise

manner. This function, when applied, acts as a label influence. Although it impacts all

elements in ẑ, each element undergoes an independent transformation. The mask operation

on ẑ rejects certain transformed elements. By adding ẑ back, we ensure that certain elements

remain uninfluenced by the label Y , effectively distinguishing them as non-ordinal factors.

It’s worth noting that for elements unaffected by the mask but influenced by y, the addition

of elements from ẑ is inconsequential. Given that ẑ is sampled from a high-dimensional

Gaussian distribution, adding it to these elements is akin to introducing random Gaussian

noise, ensuring our method remains consistent with the proposed data generative process.

To make latent factors, we employ a Generative Adversarial Network (GAN) model (Mirza

and Osindero, 2014). The architecture of this model is illustrated in Figure 2.3. The GAN

comprises two main components: a generator Gθ and a discriminator Dϕ, each parameterized

by their respective learnable parameters θ and ϕ. The generator’s role is to craft realistic

instances, while the discriminator endeavors to differentiate between genuine and generated

instances. The GAN loss, vital for image reconstruction, is formally articulated as:

Lgan = E[log(Dϕ(x))] + E[log(1−Dϕ(Gθ(ẑon)))]. (2.3)

In the given formulation, Dϕ(x) represents the discriminator’s estimated probability that the

instance x is sampled from the real data distribution. The generator, denoted by Gθ, aims to
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FIGURE 2.3. Architecture of Our Generative Model. The class label y is
leveraged for both disentangling latent factors and enforcing minimal change.
An ordinal head is appended to the discriminator to preserve the ordinal
distribution of generated samples in relation to their class.

produce instances that the discriminator Dϕ perceives as real, maximizing the likelihood of

them being classified as genuine. Conversely, the discriminator Dϕ endeavors to distinguish

real instances from those generated by Gθ, classifying them accurately as either real or fake.

The objective function for disentangling ordinal content and non-ordinal information is

combined with the GAN loss and the sparsity loss, i.e.,

arg min
{ϕ,θ,fy ,M}

LAug = arg min
{ϕ,θ,fy ,M}

Lgan + λ · Lsp. (2.4)

where λ is the coefficient to control the contribution of the sparsity loss to the overall objective.

2.3.3 Content-Preserving Augmentation for Ordinal Regression

Our method is crafted to complement existing ordinal regression techniques, leveraging the

strengths of contrastive learning. After training, we could have a generator Gθ̂. To generate

an instance x′ corresponding to a specific ordinal label, we employ Eq. 2.2. For instance,

generating an example for the ordinal label Y = 1 can be achieved by:

x′
i = Gθ̂(ẑon), ẑon = ẑ +M ⊙ f1(ẑ), ẑ ∼ N (0, I), Y = 1. (2.5)

Specifically, we start by sampling ẑon. By setting the ordinal label Y = 1, we utilize f1(ẑ)

to generate ẑon specific to the ordinal label Y = 1. By sampling different ẑon values and
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maintaining the ordinal label Y = 1 constant, we can generate diverse instances that, while

exhibiting stylistic variations, consistently belong to the label Y .

To integrate with existing ordinal regression methods, x′ can be employed as the strongly

augmented data. We then incorporate the supervised contrastive loss (Khosla et al., 2020) as

a regularization term for the prevailing method. This loss emphasizes intra-class similarities

while concurrently maximizing inter-class disparities. Let’s define X as the feature space of

x. We introduce hψ as a model with learnable parameters ψ, which is used by the ordinal

regression method. For a given instance x, hψ(x) = z outputs the latent representation z used

for ordinal regression. The contrastive loss on hψ is defined as:

Lcon =
∑
i∈I

Lcon
i = −

∑
i∈I

1

|S(hψ(xi))|
∑

hψ(xs)∈S(hψ(xi))

log
exp (hψ(xi) · hψ(x′

i)/τ)∑
b∈B exp (hψ(xi) · hψ(xb)/τ)

.

(2.6)

In the equation above, I denotes the set of sample indices in the batch. For each instance

xi belonging to y, its strongly augmented counterpart x′i is generated using our method by

setting the ordinal label Y = y during the generation process.

2.4 Experiments

In this section, we evaluate our method across three real-world applications within the domain

of ordinal regression: age estimation, diabetic retinopathy rating, and weather condition

prediction. Due to space constraints, we include qualitative analyses of our generative model

in Appendix A4.

Baselines. We employ five state-of-the-art deep learning-based ordinal regression methods as

our baselines. OR-CNN (Niu et al., 2016) utilizes a series of binary classifiers and optimizes

the model through the one-hot encoding of labels. CNNPOR (Liu et al., 2018b) reduces

the multi-class negative log-likelihood while concurrently maintaining the intrinsic ordinal

relationship among instances. SORD (Diaz and Marathe, 2019) employs a soft labeling

strategy during training. POE (Li et al., 2021) captures data uncertainty via probabilistic

embeddings. MWR (Shin et al., 2022) leverages an auxiliary set of reference images to model
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ordinal relationships. All these models are end-to-end trainable. We seamlessly integrate our

contrastive learning objective into their original loss formulations, augmented with ordinal

content-preserving data transformations.

Experimental Settings. For the generative model, we use StyleGAN2 (Karras et al., 2020)

as the base model, λ1 is set to 1e-4 across all settings. For all ordinal regression methods, we

use VGG16 (Simonyan and Zisserman, 2014) the base deep neural network architecture, with

ImageNet (Deng et al., 2009) pre-trained weight for initialization. We employ an embedding

layer before the final output layer in the model to extract feature embeddings. The dimension

of feature embedding is set to 128. The ratio of contrastive loss is consistently set to 1e-4

for OR-CNN, CNNPOR and POE, and 1e-5 for SORE and MWR. For the three datasets,

the input images are resized into 256 × 256 and center cropped into a sub-region of 224 ×

224. Adam (Kingma and Ba, 2014) optimizer is used for all baseline methods, with a base

learning rate of 1e-4. We uniformly train all baseline models for 200 epochs with a batch

size of 256 for all baselines except MWR. For MWR, the batch size is set to 128 due to

memory constraints. We report the results via the accuracy and mean absolute error (MAE)

metrics. For the other parameters in the baselines, we adhere to the original settings designed

in the papers unless specified in our experimental settings. While we employ our techniques

for strong augmentations, weak augmentations are achieved solely through resizing, center

cropping, and normalizing the original instances. No other augmentation methods are applied

to the data. All experiments are conducted in on two 48GB NVIDIA RTX A6000 GPUs.

2.4.1 Age Estimation

Dataset. Age estimation is the task of predicting age groups based on facial images. The

Adience dataset (Eidinger et al., 2014) comprises 26,580 photos from Flickr, featuring 2,284

subjects. These photos are annotated across eight age groups: 0-2, 4-6, 8-13, 15-20, 25-32,

38-43, 48-53, and over 60 years. The dataset adheres to a standard five-fold, subject-exclusive

cross-validation protocol, as widely utilized in previous studies (Rothe et al., 2018; Shen et al.,

2018; Li et al., 2019; Li et al., 2021). The generative model is trained in accordance with

the training fold of this protocol. For each instance in the dataset, we generate 3 augmented
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Adience
w/o OCP-CL w/ OCP-CL

Accuracy (↑) MAE (↓) Accuracy (↑) MAE (↓)
OR-CNN (Niu et al., 2016) 54.6 ± 5.5 0.60 ± 0.09 57.1 ± 5.1 (+2.5) 0.56 ± 0.06 (+0.04)
CNNPOR (Liu et al., 2018b) 55.1 ± 6.0 0.60 ± 0.08 57.7 ± 4.2 (+2.6) 0.55 ± 0.07 (+0.05)
SORD (Diaz and Marathe, 2019) 57.8 ± 4.9 0.53 ± 0.06 59.9 ± 5.0 (+2.1) 0.49 ± 0.06 (+0.04)
POE (Li et al., 2021) 60.5 ± 4.8 0.47 ± 0.08 63.7 ± 4.6 (+3.2) 0.43 ± 0.07 (+0.04)
MWR (Shin et al., 2022) 62.6 ± 5.0 0.45 ± 0.08 63.6 ± 4.7 (+1.0) 0.43 ± 0.07 (+0.02)

Diabetic Retinopathy
w/o OCP-CL w/ OCP-CL

Accuracy (↑) MAE (↓) Accuracy (↑) MAE (↓)
OR-CNN (Niu et al., 2016) 71.9 ± 1.3 0.42 ± 0.01 72.8 ± 0.7 (+0.9) 0.41 ± 0.00 (+0.01)
CNNPOR (Liu et al., 2018b) 71.3 ± 1.1 0.42 ± 0.02 72.6 ± 1.0 (+1.3) 0.41 ± 0.01 (+0.01)
SORD (Diaz and Marathe, 2019) 69.1 ± 1.0 0.45 ± 0.01 69.9 ± 1.1 (+0.8) 0.44 ± 0.01 (+0.01)
POE (Li et al., 2021) 73.6 ± 1.0 0.40 ± 0.01 74.8 ± 0.8 (+1.2) 0.38 ± 0.00 (+0.02)
MWR (Shin et al., 2022) 74.5 ± 1.1 0.38 ± 0.02 75.1 ± 1.1 (+0.6) 0.37 ± 0.01 (+0.01)

SkyFinder
w/o OCP-CL w/ OCP-CL

Accuracy (↑) MAE (↓) Accuracy (↑) MAE (↓)
OR-CNN (Niu et al., 2016) 60.3 ± 2.1 0.48 ± 0.03 62.1 ± 2.3 (+1.8) 0.46 ± 0.04 (+0.02)
CNNPOR (Liu et al., 2018b) 57.6 ± 1.6 0.52 ± 0.03 59.7 ± 1.5 (+2.1) 0.49 ± 0.03 (+0.03)
SORD (Diaz and Marathe, 2019) 58.2 ± 1.9 0.51 ± 0.06 60.5 ± 2.0 (+2.3) 0.48 ± 0.04 (+0.03)
POE (Li et al., 2021) 61.9 ± 1.7 0.46 ± 0.05 64.1 ± 1.6 (+2.2) 0.42 ± 0.05 (+0.04)
MWR (Shin et al., 2022) 62.4 ± 1.8 0.45 ± 0.05 63.2 ± 1.9 (+0.8) 0.44 ± 0.06 (+0.01)

TABLE 2.1. Accuracy (%) and MAE comparison on Adience dataset (Eidinger
et al., 2014), Diabetic Retinopathy dataset (Liu et al., 2018a) and SkyFinder
dataset (Mihail et al., 2016).

views using the generative model, the augmented views and the original instances are jointly

trained by the models.

Results. We present the experimental results in Table 2.1 (Top). Employing our proposed

OCP-CL method, OR-CNN experiences a 4.58% boost in accuracy and a 6.67% reduction

in MAE. CNNPOR benefits from a 4.72% increase in accuracy and an 8.33% improvement

in MAE. SORD’s performance is uplifted by 3.63% in accuracy and 7.55% in MAE. POE

sees the largest accuracy improvement of 5.29% and an MAE reduction of 8.51%. Lastly,

MWR has a modest 1.6% increase in accuracy and a 4.44% decrease in MAE. This consistent
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improvement across multiple ordinal regression methods validate the efficacy of our OCP-CL

approach for the task of age estimation. Additionally, we visualise the generative augmenta-

tions in Figure 2.1. We observe that the augmentations have preserved the ordinal content

information for their respective age groups, capturing details such as the sparse eyebrows of

children, silky skin texture of young adults, and the pronounced wrinkles of seniors, thereby

allowing the ordinal regression methods and the contrastive learning framework to effectively

learn the critical ordinal content information.

2.4.2 Diabetic Retinopathy Rating

Dataset. The Diabetic Retinopathy dataset1 is utilized for predicting the severity stages of

Diabetic Retinopathy based on high-resolution RGB retina images. The dataset consists of

35,126 individual instances, each annotated into one of five ordinal categories representing

increasing levels of severity (i.e., No DR, Mild, Moderate, Severe, and Proliferative DR). The

dataset is partitioned into training, validation, and testing sets, which constitute 80%, 5%,

and 15% of the total dataset, respectively. The dataset contains 25,810, 2443, 5292, 873 and

708 images for each category, respectively. Account for the imbalances between adjacent

categories, we generate augmented views dynamically depending on the ground truth label,

which mitigates the class imbalance issue. Specifically, the number of augmentations for

instances from each increasing level of severity is set as [1, 3, 2, 5, 5].

Results. In Table 2.1 (Middle), we evaluate the performance of various ordinal regression

methods on the Diabetic Retinopathy dataset, with and without the incorporation of our

proposed OCP-CL (Ordinal Content-Preserving Contrastive Learning) module. Remarkably,

all the compared methods exhibit improvement in both accuracy and MAE upon integration

with the OCP-CL module. Practicularly, the incorporation of the OCP-CL module results in

accuracy improvements of 1.25%, 1.82%, 1.16%, 1.63%, and 0.81% for OR-CNN, CNNPOR,

SORD, POE, and MWR, respectively. Concurrently, the MAE reduces by 2.38%, 2.38%,

2.22%, 5.00%, and 2.63%, respectively. These results collectively indicate that the introduc-

tion of the OCP-CL module consistently enhances the performance across a diverse set of

1Accessible from https://www.kaggle.com/competitions/diabetic-retinopathy-detection
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Age Group: 4-6 Age Group: 25-32 Age Group: 60+

FIGURE 2.4. Generated augmentations for the age estimate task, the collec-
tions corresponds to the age group of (4-6), (25-32), and 60+ respectively.

ordinal regression models. This validates the generalizability and efficacy of our proposed

OCP-CL approach in boosting performance for ordinal regression tasks.

2.4.3 Weather Condition Prediction

Dataset. The SkyFinder Dataset (Mihail et al., 2016) comprises 94,804 labeled outdoor

images, sourced from 53 static webcams affiliated with the Archive of Many Outdoor Scenes

(AMOS). These images encapsulate a broad spectrum of weather and lighting conditions. A

specialized subset of 62,988 images, specifically featuring the weather conditions of Clear,

Partly Cloudy, and Mostly Cloudy, has been curated to create a weather prediction dataset.

This subset is further partitioned into training, validation, and testing sets, constituting 80%,

5%, and 15% of the dataset, respectively. For each instance in the dataset, we generate 3

augmented views using the generative model, the augmented views and the original instances

are jointly trained by the models.

Results. Table 2.1 (Bottom) presents the results of our experiments, highlighting the perform-

ance improvements achieved by all baseline models upon the incorporation of the contrastive

module. Specifically, the accuracy improvements for the baselines are 2.9%, 3.5%, 3.8%,

3.4%, and 1.1% for OR-CNN, CNNPOR, SORD, POE, and MWR, respectively. Similarly,

the improvements in MAE for the baselines are 4.2%, 5.8%, 5.9%, 8.7%, and 2.2%, respect-

ively. With an average improvement of 2.94% in accuracy and 5.42% in MAE, these results

demonstrate the efficacy of our method in enhancing the performance of deep-learning-based

ordinal regression models on the weather condition estimation task.
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FIGURE 2.5. Influence of minimal change in image generation.

2.4.4 Analysis

Transfer Learning. In this section, we evaluate the transfer learning performance of our

contrastive learning approach. Initially, we pre-train the encoder using a contrastive learning

objective for feature extraction. Following this, we freeze the trained encoder and employ

the extracted features as input to a single-layer MLP predictor, which is then fine-tuned

on the training data. We assess the efficacy of our approach against recent state-of-the-

art supervised contrastive learning frameworks across three different tasks. To mitigate

performance degradation due to parameter settings, we dynamically adopt the recommended

configurations from the original papers. However, for SupCon (Khosla et al., 2020), a batch

size of 1024 is unfeasible for image instances of size 224 by 224. To ensure convergence,

we reduced the image size to 64 by 64 and the batch size to 512. The results are presented

in Table 2.2. Notably, our method significantly outperforms all existing approaches in the

task of ordinal regression. The benefits of ordinal content-preserving data augmentation

become evident when benchmarked against SupMoCo (He et al., 2019). Specifically, we

adopt the SupMoCo framework as the baseline contrastive learning framework and integrate

our augmentation strategy by replacing the original data augmentation modules. This aids in

evaluating transfer learning performance. The contrastive loss formulation in SupMoCo aligns

with our Eq. 2.6, and an additional momentum encoder is incorporated to ensure training

convergence. The MoCo strategy is not employed in other experiments.
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Dataset
SupMoCo SupCon S-LooC SupCReg OCP-CL

(He et al., 2019) (Khosla et al., 2020) (Xiao et al., 2021) (Zha et al., 2022) (Ours)

Accuracy MAE Accuracy MAE Accuracy MAE Accuracy MAE Accuracy (↑) MAE (↓)
DR 63.6 0.52 60.5 0.55 63.0 0.52 62.7 0.53 65.2 0.50

Adience 51.9 0.65 51.7 0.67 52.4 0.64 51.2 0.63 53.1 0.61
SkyFinder 56.1 0.55 53.9 0.59 55.6 0.56 55.1 0.55 57.5 0.52

TABLE 2.2. Linear evaluation on supervised contrastive learning frameworks.
Accuracy (%) and MAE are reported for various ordinal datasets including
Diabetic Retinopathy dataset, Adience (Levi and Hassner, 2015) and Sky-
Finder dataset (Mihail et al., 2016).

Minimal Change in Image Generation. We study the effect of minimal change on ordinal

data generation by manipulating the mask hyperparameter. When this hyperparameter is

set to zero, sparsity is not enforced, effectively removing the minimal change constraint

from the generative process. As illustrated in Figure 2.5 (λmask = 0→ no minimal change),

the absence of minimal change leads to the inclusion of non-ordinal features, such as hair,

which do not contribute to identifying infant age groups and should be considered non-ordinal

factors. However, in the case where minimal change is not applied, these features are learned

as ordinal content factors and appear in all generated images, thereby demonstrating poor

disentanglement performance. By enforcing minimal change, these non-ordinal elements are

suppressed, enhancing the overall quality of the generated instances.

2.5 Conclusion

In this paper, we address the open challenge of applying contrastive learning to ordinal regres-

sion tasks. We find that the strong data augmentations in the contrastive learning frameworks

often diminish the intrinsic discriminative semantic information associated with ordinal labels.

Consequently, when contrastive learning is used to identify invariant features between weakly

and strongly augmented views, the extracted features frequently lack the essential ordinal con-

tent information. To mitigate this issue, we introduce a novel augmentation method grounded

in the principle of minimal change. This generative approach ensures that the images retain

the essential ordinal content information during the data augmentation process. As a result,

our method enhances the applicability of contrastive learning to ordinal regression tasks.
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Extensive experiments validate the efficacy of this approach in improving the performance

of existing ordinal regression models. This work not only broadens the scope of contrastive

learning in ordinal regression but also provides valuable insights for future research aimed at

preserving crucial task-specific information during data augmentation.



CHAPTER 3

Structured Latent Reasoning in Large Vision Models

This chapter investigates structured latent reasoning in large autoregressive vision models,

focusing on how intermediate, interpretable structure can be introduced into visual in-context

learning. Positioned after the ordinal learning chapter, it shifts from task-specific represent-

ation control to reasoning-time control within general-purpose vision models. The chapter

identifies a key limitation of existing Large Autoregressive Vision Models: while capable

of few-shot visual prediction, their prompting mechanisms lack explicit structure for pro-

gressive reasoning and informative context selection. To address this, the chapter proposes

Chain-of-Focus prompting, a visual analogue of chain-of-thought prompting that decomposes

visual context into ordered, salient intermediate steps and selects prompts based on relevance

and annotation richness. Through this formulation, the chapter demonstrates how latent

visual representations can be organized to support structured, interpretable reasoning without

modifying model parameters, advancing the thesis argument that controllability in large vision

models can be achieved through principled structuring of latent and contextual information.

3.1 Introduction

Utilizing a pre-trained, general-purpose vision model to perform multiple downstream visual

tasks with only a few illustrative examples represents a significant advancement toward

artificial general intelligence. Recently, the emergence of Large Autoregressive Vision

Models (LAVMs) (Bai et al., 2024; Guo et al., 2024) has presented a promising approach for

achieving this unification of tasks. The principle behind this integration involves building

an autoregressive model (Touvron et al., 2023b) that enables visual in-context learning (Bar
25
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et al., 2022; Zhang et al., 2023c; Wang et al., 2023a; Li et al., 2024a), where given a test

input and a pair of prompts containing an input image and its visualized target annotation, the

vision models endeavor to recognize the visual patterns between the prompt image and its

target, thereby making analogous predictions on the test image.

In the realm of large language models (LLMs), in-context learning (ICL) has been extensively

studied (Dong et al., 2022b). Among these approaches, Chain-of-Thought (CoT) prompt-

ing (Wei et al., 2022; Wang et al., 2022b; Zhang et al., 2022b) is one of the most influential

methods, significantly enhancing the predictive abilities of LLMs by introducing intermediate

reasoning steps within the contextual language prompts. Given that LLMs and LAVMs share

similar autoregressive architectures, we are inspired to explore whether injecting intermediate

steps into visual contextual prompts can similarly unlock the capabilities of LAVMs. Building

upon the principles of CoT prompting, we propose Chain-of-Focus (CoF) prompting, a novel

prompting method tailored for LAVMs.

Nevertheless, implementing contextual and sequential prompts in the vision domain presents

two significant challenges. First, unlike text, which follows syntactic and semantic rules,

visual data inherently lacks the clear logical structure, making it difficult to decompose

and sequence for step-by-step interpretation. Second, in the language domain, hand-crafted

prompts can be tailored specifically to the test input by providing analogous examples that

closely relate to the problem at hand. For instance, if the test input for LLMs is a geometry

problem, the language prompt can include a similar geometry problem with its solution,

making the answer more informative to the model for analogy-based predictions. This level

of customization is challenging in the visual domain, as images cannot be easily modified or

restructured to fit new test inputs.

CoF prompting addresses the first challenge by adapting a cognitive strategy that is fun-

damental to human visual understanding: visual salience, which enables individuals to

sequentially process visual information and draw intermediate conclusions based on the

prominence of salient objects in a scene (Wertheimer and Riezler, 1944). For example, when

viewing an image of a kitchen containing numerous objects, an observer’s attention will

initially focus on larger and closer items, such as the benchtop and chairs placed in front of it,
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Standard Visual Prompting

Model Input

Prompt Query Prompt Target Test Input
Prediction

Chain-of-Focus (CoF) Prompting

Model Input

Prompt Query Intermediate Reasoning Steps Prompt Target Test Input Prediction

LAVM

LAVM

Large Autoregressive 
Vision Model

Large Autoregressive 
Vision Model

FIGURE 3.1. Illustration of Chain-of-Focus (CoF) prompting. The top section
illustrates the current strategy for prompting LAVMs, where the prompt query
(image) is randomly selected for the test input, and the task-specific prompt
targets are visualized to form a prompt pair, enabling LAVMs to make in-
context, analogy-based predictions. CoF prompting (bottom section) generates
intermediate steps leading to the prompt target while selecting informative
prompt pairs based on prompt query similarities to the test input and the
richness of usable information contained in the prompt target.

before shifting to smaller appliances. As illustrated in Figure 3.1, CoF prompting replicates

this cognitive process through generating intermediate reasoning steps within the prompt

targets by ranking the salient regions of the prompt image in descending order. Specifically,

we generate a saliency probability map using a pre-trained saliency detection model (Qin et al.,

2020) to obtain the order of salient regions in the prompt image. Incrementally annotating

different parts of the image based on saliency scores to create intermediate steps, allowing the

models to build context progressively and enhance their predictive capabilities.

On the other hand, in the language domain, it has been shown in CoT prompting that finding

informative prompt queries is crucial for enhancing LLM’s predictive accuracy. Inspired

by this, in CoF prompting for visual inputs, we utilize two selection criteria to search for

the most informative prompts relative to the test input. First, we consider image relevance,

which measures how semantically related the prompt image is to the test input image. Prior

research (Zhang et al., 2023c) has demonstrated that images sharing similar semantic meanings
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with the test input serve as better illustrations, enabling the model to draw more accurate

analogies. However, we find that for certain downstream tasks, these semantically similar

images may have sparse annotations, meaning they cannot provide sufficient knowledge

to the model. Therefore, we introduce the second criterion, annotation richness, to ensure

that the selected prompt images contain comprehensive annotations useful for the test case.

By integrating both image relevance and annotation richness, our approach addresses the

challenge of creating tailored visual prompts, enhancing the model’s ability to generalize

from a few examples to unseen inputs.

We build our method upon the framework of Large Autoregressive Vision Models (LAVMs) (Bai

et al., 2024; Hao et al., 2024), leveraging their ability to perform simultaneous predictions

across multiple downstream tasks within one single pre-trained model. To quantify the

similarity between the prompt image and the test image, we employ the encoder from the

pre-trained LAVMs and evaluate the distance between their encoded representations. This

encoder transforms raw images into discrete indices within a codebook via vector quantiza-

tion(Esser et al., 2021; Van Den Oord, Vinyals et al., 2017). By treating these codebooks as

sets and calculating the intersection over union between them, we effectively capture semantic

equivalence while disregarding the specific order of indices. After identifying prompts similar

to the test input, we assess the richness of prompt annotations by examining the diversity

of entries in the prompt targets’ codebooks. This approach ensures that the selected visual

prompts are not only highly relevant but also possess rich annotations, thereby enhancing the

in-context performance of the LAVMs.

To summarize our contributions, we propose a new visual prompting paradigm called Chain-

of-Focus (CoF) prompting. Our approach mimics progressive thinking by incorporating

intermediate steps into visual prompts and addresses the challenge of prompt customization

by directly selecting the most informative prompts relative to test inputs. Our method can

be seamlessly integrated with the recently proposed Large Autoregressive Vision Models

(LAVMs) (Bai et al., 2024; Hao et al., 2024) through visual in-context learning, significantly

improving their performance on downstream visual tasks.
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3.2 Related Works

In-Context Learning and CoT Prompting In-context learning (ICL) (Huang et al., 2024b;

Wang et al., 2024a) is a paradigm where models learn to perform tasks by conditioning on

examples provided in the input context during inference. Rather than relying on traditional

training processes with gradient updates, the models leverage the contextual information from

query-target pairs presented at inference time to make predictions on new test inputs. In the

language domain, recent advancements have highlighted the effectiveness of hierarchical

reasoning techniques, known as Chain-of-Thought prompting, in enhancing the performance

of large language models (LLMs) (Kojima et al., 2022; Wang et al., 2022b; Wei et al.,

2022; Zhang et al., 2023a; Luo et al., 2024; Zhang et al., 2024b; Lin et al., 2025; Tu et al.,

2024). These methods leverage sequential reasoning steps to improve inference. Inspired

by these developments, researchers have extended hierarchical reasoning frameworks to the

vision-language domain (Lu et al., 2022; Zhang et al., 2023e). Among these, the most related

stream of works to ours has attempted to explore the rationale within or across images and

express them in textual descriptions (Ge et al., 2023; Mitra et al., 2023; Rose et al., 2023;

Zheng et al., 2023a). This integration of visual information into its language counterpart

has yielded significant improvements for large vision-language models (LVLMs) (Liu et al.,

2023b; Zhang et al., 2022a; Zhang et al., 2024c; Zhou et al., 2024), yet it also reveals the

challenges of applying CoT-based methods directly to the pure vision domain (i.e., expressing

reasoning without the use of language). Unlike language, images lack explicit symbolic

structures, making it challenging to express reasoning steps as in LLMs or LVLMs. In purely

visual contexts, Zhang et al. (Zhang et al., 2023c) develop a prompt retrieval framework for

selecting in-context examples that maximize models’ performance. Chain-of-Spot (Liu et al.,

2024b) develops a multimodal promtping method for LVLMs. It leverages language prompts

to use only regions of interest (ROIs) for visual understanding. Chain-of-Sight (Huang et al.,

2024c) introduces a purely visual framework that employs a sequence of visual resamplers to

capture visual details at different spatial levels, generating tokens across multiple scales.

Large Autoregressive Vision Models The inspiration behind autoregressive vision models

stems from the advancements of large language models (LLMs) (Brown et al., 2020; Touvron
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et al., 2023b; Touvron et al., 2023a). Using contextual information, LLMs are able to capture

long-range dependencies and make coherent predictions with sequential modelling techniques.

Building on this concept, Bai et al. (Bai et al., 2024) propose Large Autoregressive Vision

Models (LAVMs), which adapt this modelling strategy to the visual domain by constructing

‘visual sentences’ that enable sequential prediction. This approach involves representing visual

inputs as sequences of tokens, analogous to the text tokens used in LLMs. By processing visual

data sequentially, the model employs self-attention mechanisms to understand dependencies

and relationships within the visual context, thereby enabling effective in-context learning

from purely visual inputs. By including query-target pairs from different downstream tasks in

these visual sentences, the model can accomplish various visual downstream tasks within a

single framework. Hao et al. (Hao et al., 2024) extend the work and introduce a data-efficient

LAVM, which is designed to operate effectively on limited datasets by making use of data

augmentation and knowledge distillation. The primary purpose of LAVMs is to unify all

vision tasks within a single model, making the adaptation to downstream tasks highly efficient.

3.3 Chain-of-Focus (CoF) Visual Reasoning

3.3.1 Preliminaries

The Large Autoregressive Vision Model (LAVM) (Bai et al., 2024) is a foundational vision

model that synthesizes visual predictions through sequential modeling, inspired by the suc-

cesses of Large Language Models (LLMs). In LLMs, an autoregressive model predicts the next

word in a sentence based on previous words. Similarly, LAVM aims to predict the next visual

token in a visual sequence given the previous tokens. This is achieved using a tokenization

network E : Rh×w×c → Rn×d that transforms raw images X = {x1, x2, . . . , xn} ∈ Rh×w×c

into visual tokens Z = {z1, z2, . . . , zn} ∈ Rn×d, followed by a sequential model f : Rp → R

that predicts outputs in an autoregressive manner zt = f(zt−1, zt−2, . . . , zt−p) + εt, where

p is the total number of previous time steps in the sequence, t is the current step, and ε is

the noise. The predictions are then detokenized back to pixel space by a decoder network

D : Rn×d → Rh×w×c.
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In implementations of LAVMs (Bai et al., 2024; Hao et al., 2024), a pre-trained VQ-GAN (Es-

ser et al., 2021) model is employed as the tokenizer. The VQ-GAN model encodes the image

into a discrete codebook, with the indices in the codebook serving as the tokens for the autore-

gressive model. The pre-trained VQ-GAN decoder then decodes the codebook/tokens back

into pixel space for generating images. At its core, the autoregressive model in LAVM utilizes

a causal transformer (Touvron et al., 2023b) which employs causal masking to compute each

token’s representation based solely on itself and the preceding tokens, thereby preserving the

sequence’s temporal order. This allows the model to capture dependencies and patterns within

the data effectively, enhancing its ability to generate coherent sequences during inference.

The visual sentences used to train LAVM are either derived from natural visual sequences,

such as videos or multi-views of a 3D object (Zhan et al., 2022), or handcrafted by connecting

raw images with their target annotation pairs from various visual downstream tasks. This

allows the model to adapt to any downstream task given images (a.k.a. prompt queries xpq)

and annotations (a.k.a. prompt targets xpt). At the inference stage, LAVM employs prompted

inference. Given several examples of image and target annotation pairs, the tokenizer first

transforms each input into tokens and constructs a visual sentence using the paired image and

annotation data. The test input is appended at the end of the visual sentence as the last token.

This sentence is then passed into the autoregressive network for the prediction of the next

token in the sequence. The predicted tokens are subsequently constructed into a codebook

and decoded into pixel space.

3.3.2 Saliency-based Intermediate Reasoning Steps

Sequential Prompt Construction In our approach, we construct prompts that not only present

visual queries and targets but also sequentially introduce reasoning steps. Each prompt consists

of a visual query xpq, and a series of m intermediate reasoning steps {x1pt, x2pt, . . . , xmpt}

leading up to the final target xpt. This setup mimics human reasoning processes, where

intermediate conclusions are drawn before reaching a final decision. In practice, when

constructing the model input with the intermediate steps, we find that the best order is denoted

as: [xpq, x1pt, xpq, x
2
pt, . . . , xpq, x

m
pt, xtq], where the prompt query and intermediate targets are
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FIGURE 3.2. Illustration of Generating CoF Prompts. The framework can be
viewed in two steps. First, CoF identifies a set of the most relevant queries
to the test input and assesses the informativeness of their targets to filter
out less informative prompt pairs. This step ensures that the prompts are
highly relevant and informative to the test input. In the second step, CoF uses a
saliency-based strategy to create intermediate steps for the answers to the query,
which implicitly injects sequential visual cues into the prompt targets. CoF
follows the general structure of Chain-of-Focus prompting, with improvements
in automating the process of both prompt selection and intermediate steps
generation.

ordered alternately, with the test query xtq appended at the end of the sequence. We suggest

that the optimal construction order depends on the pre-trained model itself. The pre-trained

LAVMs (Hao et al., 2024; Bai et al., 2024) are primarily trained on visual sentences in the

format of query and target pairs, thus its sequential prediction ability is restricted to paired

representations. Similarly, finetuning the pre-trained LAVMs with natural reasoning steps

allows for a different construction of prompts: [xpq, x1pt, x
2
pt, . . . , x

m
pt, xtq], which follows the

natural sequential order. These intermediate reasoning steps decompose the complex answers

into sub-pieces for understanding.

Visual Reasoning via Exploring Salient Regions To simulate a cognitive reasoning process,

we generate a sequence of intermediate answers using visual saliency information. Given

a visual query xpq and its corresponding answer xpt, where both xpq and xpt are images.
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We utilize the salient regions within these images for constructing informative prompts.

To quantitatively assess the salience of different regions within the images, we compute a

saliency score σ(r) for each region r, where the regions are defined by the masks on objects of

interest in the image. In tasks such as image segmentation and pose estimation, the auxiliary

information on masks are often provided with the ground truth as their segmentation masks

and bounding boxes. We use a pre-trained saliency detection model (Qin et al., 2020) to

obtain a saliency probability map for the image. For each region, we compute the saliency

score as:

σ(r) =
∑
i,j

Mr(i, j) · S(xpq). (3.1)

Mr(i, j) is the mask for the region r, where Mr(i, j) = 1 if the pixel (i, j) is within the region

r and Mr(i, j) = 0 for pixels that do not belong to the region. The function S : Rh×w×c →

Rh×w extracts the pixel-wise saliency probability scores from the prompt query xpq and forms

the probability map. The function σ(r) computes the summed probability for the masked area

as the region saliency score. We label the regions in an incremental manner using the saliency

scores. For each intermediate step, the target is given by:

xt+1
pt = xtpt ∪ {r | σ(r) > τt+1}, (3.2)

where τt is a saliency threshold for step t, defining the minimum saliency required for a region

to be included in the intermediate target xtpt. In the last step, all regions in the image will be

labelled, providing a complete prompt target. This ordered introduction of information helps

the LAVM to focus on relevant features at each step, allowing it to build context progressively.

By leveraging saliency-based cognitive pathway, we aim to mimic the hierarchy focusing

observed in human visual attention, enhancing the understanding of visual content through

structured, human-like reasoning.

3.3.3 Informative Visual Prompts

In chain-of-thought (CoT) prompting, selecting relevant queries is crucial as it directly impacts

the quality of the generated responses. Traditionally, CoT involves manually choosing prompt

queries for each test input, a process that ensures alignment with desired outcomes but is
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labor-intensive and prone to human bias. In our method, we aim to automate this process

by selecting the most relevant and informative visual query and target pairs to the test input,

thereby enhancing the in-context learning performance of LAVMs. The following details our

strategy for selecting visual query and target pairs to serve as the prompts for inference.

Selection of Relevant Queries Given a test query xtq and a candidate pool of prompt pairs

consisting of prompt queries xpq ∈ Xpq and prompt targets xpt ∈ Xpt, our goal is to first

shortlist a subset of prompts contain queries that is similar to the test query. To this end,

we employ the same VQGAN encoder from the LAVM framework to serve as the feature

extractor for the prompt queries and the test query. The encoder transforms the queries

into discrete codebooks {ztq, zpq1 , zpq2 , . . . , zpqn}. Each entry in the codebook is a discrete

generative factor that corresponds to the pixel space, therefore, more aligned entries in the

two codebooks of queries indicate that the two queries contain similar objects or scenes in the

pixel space. Through manual testing, we find that the relative position of the objects and the

number of the objects in the prompt query do not affect the performance of inference as long

as the two queries are semantically aligned. Hence, we convert the codebooks into sets and

measure the similarity of each encoded prompt query zpq and ztq using the Jaccard similarity

index, which is defined as:

J(ztq, zpq) =
|ztq ∩ zpq|
|ztq ∪ zpq|

. (3.3)

This measure counts the number of unique indices shared between ztq and zpq without

considering the position of the indices in the codebook. The set operation also helps avoid

over-representation of redundant and repeating background features that are not pertinent to

the task. Through this process, we shortlist a subset of N prompts that have queries similar to

the given test query.

Selection of Rich Targets Once we have selected the N most similar queries, we need to

further refine our selection for target informativeness, that is to ensure the chosen answers are

providing rich information for inference. As observed in tasks such as image segmentation

and keypoint detection, the presence of diverse and richly annotated segmentation masks is

crucial for effective in-context learning. We quantify the informativeness of a prompt target

xpt by assessing the diversity of its encoded discrete representation zpt. The intuition behind
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this involves ranking the prompt targets based on feature richness, where prompt targets with

less information tend to have fewer variations in their features. For a given prompt from

the shortlisted subset, we calculate the number of unique indices in its encoded targets zpt.

Formally, we maximize the function:

Dk(zpt) = arg
k

max
zpt
|zpt|, (3.4)

where |zpt| denotes the number of unique indices in xpt’s codebook, and the xpt are from the

shortlisted subset. We select the top k prompts with the highest number of unique indices in

their target codebooks, which ensures that the selected examples contain diverse annotations

with varying meanings and structures. The final selection comprises the prompts with the

most relevant queries and informative targets, which serve as our baseline prompts for the

following visual reasoning step.

3.4 Experiments

In this section, we conduct evaluation on CoF prompting for LAVMs. In Section 3.4.1,

we introduce our experiment settings, including dataset, pre-trained models, metrics, and

other details. In Section 3.4.2, we report our main results on downstream visual tasks and

present extensive quantitative and qualitative analyses. In Section 3.4.3, we conduct ablation

experiments on the three major components in the CoF framework to study the contributions

of each module and provide discussions. Due to page limitations, we have included additional

results and analyses in the Appendix.

3.4.1 Experimental Setup

Tasks and Dataset For our experiments, we select four downstream visual tasks: image

segmentation (Hong et al., 2024a), object detection (Zheng et al., 2022), image inpainting and

pose estimation. Image segmentation involves partitioning an image into multiple segments

or regions. The primary objective of this task is to label each pixel in the image with a

class label, identifying the object to which it belongs. Pose estimation refers to the task of
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determining the configuration of the body in a given image by predicting the locations of

keypoints or joints. The goal here is to detect and classify the keypoints representing the

positions of body parts. To facilitate these tasks, we employ the MS-COCO dataset (Lin et al.,

2014), adhering to the settings outlined in Bai et al., 2024; Guo et al., 2024. Our experimental

protocol involves extracting 50,000 training images and their corresponding target annotations

to form the candidate prompt pool, and we rigorously test our methods on the entire validation

dataset. Note that, the pre-trained LLaMA-300M and LLaMA-1B only support the image

segmentation and pose estimation tasks, while LLaMA-7B supports all four downstream

tasks.

Pre-trained Models We utilize pre-trained LAVMs from (Bai et al., 2024) and (Hao et al.,

2024) for in-context learning. Specifically, we employ the VQ-GAN model as proposed

by (Chang et al., 2023) to generate discrete visual representations of 2048 dimensions. For

the autoregressive network, we leverage pre-trained LLaMA models (Touvron et al., 2023b;

Touvron et al., 2023a) at different scales, including LLaMA-300M, LLaMA-1B, and LLaMA-

7B for sequence modeling. Additionally, we incorporate an off-the-shelf saliency detection

model from U2-Net (Qin et al., 2020), which takes RGB images as input and outputs a saliency

probability map of the same height and width as the input image.

Visual ICL Baselines We compare our method with existing visual in-context learning

approaches, specifically SupPR (Zhang et al., 2023c) and SegGPT (Wang et al., 2023b).

SupPR is a general prompt retrieval framework that extracts prompt pairs that contain images

similar to the test input. SegGPT is a prompting method designed for segmentation tasks.

We only adopt its central idea of using the same color mask for the same object class when

prompting for segmentation tasks.

Post-processing and Evaluation Metrics Following (Guo et al., 2024; Zhang et al., 2023c),

We utilize Intersection over Union (IoU) and Pixel accuracy (P-ACC) as our evaluation

metrics for segmentation and pose estimation. We convert the predicted outputs into binary

pixel masks and compare them against the binary ground truth masks. IoU measures the

overlap between the predicted and ground truth regions by dividing the area of intersection

by the area of union. The P-ACC calculates the proportion of correctly classified foreground
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Method / Model

Image Segmenation

LLaMA-300M (Hao et al., 2024) LLaMA-1B (Hao et al., 2024) LLaMA-7B (Bai et al., 2024)

IoU (%↑) P-ACC (%↑) IoU (%↑) P-ACC (%↑) IoU (%↑) P-ACC (%↑)
Random Selection 26.31 ± 0.8 42.96 ± 1.1 27.21 ± 0.4 41.88 ± 1.0 45.69 ± 1.4 59.06 ± 2.2

SegGPT (Wang et al., 2023b) 26.52 ± 1.4 42.54 ± 2.7 26.39 ± 1.2 42.71 ± 1.6 45.38 ± 0.8 60.72 ± 1.9
SupPR (Zhang et al., 2023c) 27.05 ± 1.1 43.52 ± 1.4 27.94 ± 0.9 42.16 ± 1.2 49.41 ± 1.7 65.04 ± 1.1

CoF Prompting (Ours) 28.35± 0.6 46.36 ± 0.8 28.79 ± 0.3 44.75 ± 1.0 52.53 ± 0.3 67.05 ± 0.7

TABLE 3.1. Segmentation results of CoF prompting on LLaMA-300M,
LLaMA-1B and LLaMA-7B.

Method / Model

Pose Estimation

LLaMA-300M (Hao et al., 2024) LLaMA-1B (Hao et al., 2024) LLaMA-7B (Bai et al., 2024)

IoU (%↑) P-ACC (%↑) IoU (%↑) P-ACC (%↑) IoU (%↑) P-ACC (%↑)
Random Selection 0.60 ± 0.07 1.44 ± 0.09 1.00 ± 0.05 2.96 ± 0.10 2.40 ± 0.07 10.23 ± 0.16

SupPR (Zhang et al., 2023c) 0.67 ± 0.04 1.65 ± 0.13 1.04 ± 0.02 2.93 ± 0.18 2.87 ± 0.22 11.29 ± 0.21

CoF Prompting (Ours) 0.68 ± 0.04 1.75 ± 0.05 1.09 ± 0.02 3.29± 0.07 2.80 ± 0.04 13.34 ± 0.13

TABLE 3.2. Pose Estimation Results of CoF Prompting on LLaMA-300M,
LLaMA-1B and LLaMA-7B.

Model Random CoF

LLaMA-300M w/ VQ-GAN 58.58 ± 1.8 57.62 ± 0.6
LLaMA-1B w/ VQ-GAN 50.08 ± 2.5 43.12 ± 1.9
LLaMA-7B w/ VQ-GAN 45.28 ± 1.1 42.03 ± 0.5

TABLE 3.3. Failure Rates (↓) - Image segmentation

pixels in the binary prediction mask compared to the ground truth. For detection, since the

model only outputs the visualised bounding box as in image, we cannot directly obtain the

coordinates for evaluation. To address this, we employ a post-process network that intakes

images with visualised bounding box and outputs the box coordinates. We then calculate the

IoU of the bounding boxes to the ground truth. We name the metric as Learned IoU (L-IoU).

For image inpainting, we report the MSE loss and LPIPS score. We also measure the failure

cases of LAVMs in making predictions, that is when the LAVMs fail to output any meaningful

prediction, where the output appears in pure black. Due to page limit, we put the analysis of

object detection and image inpainting in the Appendix section B1.
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FIGURE 3.3. Results on LLaMA-7B Model. The first and fourth rows are
the original test inputs for image segmentation, detection, inpainting and pose
estimation, respectively. Orange boxes show the predictions given random
prompts. Maroon boxes show the predictions using SupPR method (Zhang et
al., 2023c). Blue boxes show the predictions using Chain-of-Focus prompting.

3.4.2 CoF Reasoning Results

Image Segmentation Table 3.1 reports the quantitative performance of CoF compared to

random prompting, same colour masking (Wang et al., 2023b) and SupPR (Zhang et al.,
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Model Random CoF

LLaMA-300M w/ VQ-GAN 53.49 ± 3.7 52.38 ± 1.5
LLaMA-1B w/ VQ-GAN 43.67 ± 2.0 42.54 ± 0.9
LLaMA-7B w/ VQ-GAN 41.74 ± 1.5 35.62 ± 1.9

TABLE 3.4. Failure Rates (%↓) - Pose Estimation

2023c). The CoF method demonstrates notable percentage increases compared to the second

best performing methods across various metrics. For image segmentation with LLaMA-300M,

the increases are approximately 4.81% in IoU and 4.77% in P-ACC, while for LLaMA-1B

and 7B, the increment in proportion is 3.04% and 6.31% in IoU, and 6.14% and 3.10% in

P-ACC, respectively. The results are reported with predictions that have black rate > 0.2.

We report the failure cases for segmentation in Table 3.3. Compared to the baseline, using

CoF eliminates the failure cases caused by the incapability of two LAVMs by 1.64%, 13.9%

and 7.7%, respectively. Figure 3.3 demonstrate the predictions made by Random, SupPR

and CoF prompting with LLaMA-7B model. We observe improvement in the objects that

models successfully identified and the accuracy of masking. The models using CoF prompting

also demonstrate better scene understanding ability, which outputs complete masks for the

same objects. These suggest that the in-context object discovery and segmentation ability of

LAVMs can be enhanced by prompting them with our method.

Pose Estimation A similar trend is also found in the pose estimation task, where, as illustrated

in Table 3.2, CoF prompting outperforms the other methods by a noticeable margin. For pose

estimation using LLaMA-300M, compared to the second highest scores, the increases are

approximately 1.49% in IoU and 6.06% in P-ACC. Moreover, LLaMA-1B shows a larger

improvement, with an increase of 4.81% in IoU and 11.15% in P-ACC. For LLaMA-7B, the

P-ACC is increased by 18%, but the IoU is 2.5% lower then the second highest method. The

failure rates are reported in Table 3.4. Despite pose estimation being a challenging task for

LAVMs, CoF prompting reduces the failure rate on both LLaMA-300M, LLaMA-1B and

LLaMA-7B by 2.08% and 2.59%, 14.7% respectively. We qualitatively compare the results

of the LLaMA-7B model in the top three rows in Figure 3.3. CoF prompting demonstrates

better performance compared to the baselines, with improvements in the completeness of the

skeletons, the accuracy of pose detection, and the number of human targets that the models
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Model CR QR AD Image Segmentation Pose Estimation

IoU (%↑) P-ACC (%↑) IoU (%↑) P-ACC (%↑)

LLaMA-300M w/ VQ-GAN

✓ 27.92 46.17 0.65 1.63
✓ 26.32 42.99 0.59 1.41

✓ 26.13 41.92 0.61 1.44
✓ ✓ 28.13 45.32 0.68 1.77

✓ ✓ 26.95 41.72 0.63 1.55
✓ ✓ 28.21 46.10 0.65 1.71

LLaMA-1B w/ VQ-GAN

✓ 28.63 45.07 1.04 2.87
✓ 26.14 43.05 0.99 2.73

✓ 27.39 43.02 1.01 2.84
✓ ✓ 27.90 44.16 1.09 3.30

✓ ✓ 27.33 42.19 1.07 3.01
✓ ✓ 28.50 44.35 1.12 3.22

LLaMA-7B w/ VQ-GAN

✓ 51.74 67.01 2.91 13.46
✓ 50.98 65.07 2.66 11.62

✓ 47.13 61.26 2.41 10.26
✓ ✓ 52.01 65.83 2.88 12.89

✓ ✓ 50.34 64.00 2.67 11.62
✓ ✓ 51.97 66.41 2.64 12.55

TABLE 3.5. Ablation Study on the three major components involved in CoF
pipeline. CR represents Cognitive Reasoning, which creates intermediate
reasoning steps for the prompt target. QR represents Query relevance, which
measures the similarity between the prompt queries and the test input. AD is
Annotation Diversity, which involves accessing the diversity of indices within
the targets’ codebooks.

successfully identify in the given test input, demonstrating the effectiveness of our method.

More results are provided in the appendix.

3.4.3 Ablation Studies

Intermediate Step and Prompt Selections To understand the impact of various components

in our CoF prompting method, we conduct a series of ablation studies. Specifically, the

designed experiments isolate and evaluate the contribution of individual components by

systematically removing or modifying specific parts of the model and observing the resulting

performance changes. Through this analysis, we seek to identify the critical factors that drive

the success of our method and provide insights into potential areas for further improvement.

We divide our entire framework into three parts: cognitive reasoning (CR), query relevance
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(QR), and annotation diversity (AD). Cognitive reasoning involves generating intermediate

reasoning steps using object saliency. When removing CR, we directly prompt the LAVMs

using the query and its complete target. Query relevance involves selecting prompts by

measuring their relevance to the test input. When removing QR, we randomly sample the

candidate set of prompts. Annotation diversity involves evaluating the prompt target. When it

is removed, the CoF does not access the prompt target for prompt selection.

We present the results of our ablation experiments in Table 3.5. In the image segmentation

task, for all models, we observe that the primary performance improvement originates from

cognitive reasoning, which incorporates intermediate steps for the prompt targets. The

standalone performance of the prompt retrieval component does not significantly benefit the

LAVMs, as evidenced by the predictive performance, which is comparable to the random

selection baselines. However, the integration of prompt selection with cognitive reasoning

shows a marked improvement, with both CR + QR and CR + AD combinations achieving

better results than cognitive reasoning alone. A similar trend is observed in pose estimation,

where cognitive reasoning remains the most crucial component, demonstrating a significant

enhancement when applied. Notably, in pose estimation, prompt selection can also achieve

good performance independently, without the aid of cognitive reasoning. This provides

insight into the contribution of each component within the framework, highlighting cognitive

reasoning as the most critical strategy, with the two steps involved in prompt selection

seamlessly enhancing the efficacy of the reasoning strategy.

Number of Reasoning Steps Here we exam the influence of different number of reasoning

steps for CoF prompting. Our setting includes using [0, 1, 2] intermediate steps in between the

prompt queries and the prompt target. Due to the maximum input length to the autoregressive

model employed in (Hao et al., 2024), injects two intermediate steps before the final targets

is the maximum for in-context learning using the model. We use the same prompt queries

and original target for all three experiments to avoid influence from the prompt selection.

Figure 3.4 demonstrates our results, where both models show improved performance with

an increasing number of reasoning steps, indicating that more reasoning steps enhance their

capabilities. However, in the case of the 300M model, the scores decrease when increasing
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LLaMA-300M w/ VQ-GAN LLaMA-1B w/ VQ-GAN

FIGURE 3.4. Comparison of using different reasoning steps. The first row of
figures captures the performance measures of the image segmentation task,
and the second row captures the performance measures of the pose estimation
task.

from one intermediate step to two intermediate steps in image segmentation. Conversely,

the LLaMA-1B model exhibits a more stable linear increment compared to LLaMA-300M,

demonstrating that the larger model benefits more significantly from reasoning steps. These

results highlight the importance of CoF prompting in achieving better performance.

3.5 Conclusion

The paper introduces Chain-of-Focus (CoF) prompting, a novel method designed to replicate

the sequential steps of Chain-of-Thought prompting in the visual domain by bridging the gap

between symbolic reasoning in language models and perceptual reasoning in vision models.

CoF automates prompt design by selecting the most relevant and informative prompts from

existing candidates and addresses the inherent challenge of the lack of explicit symbolic

structure in images by utilizing visual saliency to create intermediate reasoning steps for

prompt targets, capturing the intrinsic logic of the human perceptual system. By leveraging

this hierarchical information, COF allows Large Autoregressive Vision Models (LAVMs)

to process and understand visual information progressively, thus enhancing their sequential

predictive performance on various downstream vision tasks. Our experiments on image
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segmentation and pose estimation using LLaMA-300M, 1B and 7B w/ VQ-GAN models

demonstrate that embedding visual reasoning into prompts significantly improves the model’s

inference capabilities. CoF prompting represents a significant advancement in visual in-

context learning, with potential for broader applications in machine learning and computer

vision.



CHAPTER 4

Interpretable Cross-Modal Latent Modeling for Multimodal Generation

This chapter extends the thesis from single-modality representation control and reasoning

to interpretable latent modeling across modalities, focusing on text-to-audio-video gener-

ation. Building on earlier chapters that establish selective invariance and structured latent

organization as key principles, this chapter addresses a fundamental limitation of existing

multimodal generative models: the assumption of full correspondence between audio and

visual representations. It introduces Selective Audio-Visual Alignment (SAVA), a framework

that explicitly identifies and aligns only the latent components shared across modalities while

filtering out modality-specific factors that introduce semantic or temporal noise. By ground-

ing cross-modal alignment in a causal latent structure and enforcing selective, interpretable

alignment, the chapter demonstrates how controllable latent modeling enables robust and syn-

chronized multimodal generation, completing the thesis narrative from task-specific learning

to large-scale multimodal synthesis.

4.1 Introduction

Recent advances in multimodal generative models (Alayrac et al., 2022; Li et al., 2023b;

Liu et al., 2023b; Ruan et al., 2023; Sun et al., 2024; Wu et al., 2024b; Team et al., 2024)

have enabled high-quality content creation across text, image, audio, and video modalities.

While notable progress has been made in text-to-video (Blattmann et al., 2023; Hong et al.,

2023; Khachatryan et al., 2023; Hu, 2024; Singer et al., 2023) and text-to-audio (Ghosal et al.,

2023; Liu et al., 2023a; Liu et al., 2024a; Majumder et al., 2024) generation individually,

they are typically studied in isolation, leaving joint audiovisual generation from text largely
44
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Video

Visual 
Features

Auditory 
Features

Audio

FIGURE 4.1. Visual-auditory feature alignment is essential in text-to-audio-
video (T2AV) generation, yet assuming full correspondence between audio and
visual modalities is often problematic. For example, visual elements like roads
or buildings may not produce sound, while audio events such as wind may
lack visual presence. Aligning such mismatched features introduces semantic
noise, resulting in reduced cross-modal consistency and temporal mismatch in
the generated outputs.

underexplored. Text-to-Audio-Video (T2AV) generation addresses this gap by aiming to

synthesize audio and video streams that are both semantically and temporally aligned, condi-

tioned on a single text prompt. This involves not only generating high-quality content for each

modality, but also ensuring that the output audio and video remain contextually consistent

and synchronized.

Achieving this requires modeling cross-modal alignment, where both audio and visual repres-

entations capture the informative content conveyed by the other modality. To facilitate such

alignment, existing approaches often project multimodal features into a shared embedding

space (Mao et al., 2024; Tang et al., 2023; Xing et al., 2024). This facilitates the model to

capture joint semantics across modalities. However, forcing all audio and visual features to

align can be problematic. In real-world settings, audio and visual streams may exhibit only

partial alignment: audio may describe only parts of a visual scene, or visual frames may

contain elements absent from the audio (See Figure 4.1). Enforcing full alignment under

such conditions introduces mismatched information into the joint representations, resulting in

semantically inconsistent or temporally desynchronized outputs during T2AV generation.
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To address the challenge of partial correspondence between modalities, we introduce SAVA, a

framework for Selective Audio-Visual Alignment in text-to-audio-video generation. Compar-

ing with existing approaches (Luo et al., 2023; Mao et al., 2024; Tang et al., 2023; Wang et al.,

2024b; Xing et al., 2024) that assume full alignment between audio and visual features, SAVA

identifies and aligns only those latent components that are jointly predictive across modalities,

while disregarding modality-specific information that could otherwise introduce noise or

conflict. The overall pipeline, as shown in Figure 4.3, proceeds in three stages: Align and

Fine-tune, it learns to map multimodal latents by selectively filtering out irrelevant dimensions

in the latent space using a learnable mask, allowing the model to focus only on features

that contribute meaningfully to both modalities. The alignment is learned through adapter

networks applied to pretrained encoders. Then, we fine-tune the generator using the aligned

multi-condition inputs. Inference, it operates in a cascaded manner, projecting features from

video and audio into an aligned subspace, and conditioning the corresponding generator on

both the text and the aligned video/audio signals. This design enables synchronized and

consistent audio-visual generation while preserving efficiency and modularity.

SAVA is grounded in a causal view of multimodal generation, where audio and visual signals

are generated from a mixture of shared and distinct latent factors. We provably show that

the masked alignment objective recovers the minimal set of shared latent variables (those

which constitute the true semantic interface between modalities). This not only ensures

interpretability and robustness but also mitigates the entanglement issues observed in prior

alignment-based models. Our empirical results across diverse benchmarks confirm that SAVA

significantly improves semantic alignment and temporal synchronization in T2AV generation,

outperforming existing baselines.

4.2 Related Works

Text-to-Audio-Video Generation Text-to-Audio-Video (T2AV) generation aims to synthesize

audio and video streams that are semantically and temporally aligned, conditioned on a single

text prompt. The task extends beyond text-to-video (T2V) and text-to-audio (T2A) generation
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by requiring consistency across modalities. Recent advances in T2V (Chen et al., 2023b;

Guo et al., 2023; Khachatryan et al., 2023; Wu et al., 2023a; Zhang et al., 2023b) and

T2A (Agostinelli et al., 2023; Huang et al., 2023a; Liu et al., 2024a; Majumder et al., 2024;

Tan et al., 2024) have enabled high-quality content generation in each modality. However,

generating them independently often results in misaligned outputs, as the modalities are

not conditioned on each other. A simple alternative is a cascaded approach, where one

modality (e.g., video) is generated first and used to condition the other (e.g., audio). While

this improves synchronization, it may propagate errors and lead to inconsistencies with the

original text. To address these issues, recent T2AV methods propose joint modeling strategies.

CoDi (Tang et al., 2023) unifies generation across multiple modalities in a single diffusion

framework via aligning prompt encoders (text, image, video, audio) into a shared input

space using contrastive learning, with text as the central bridging modality. (Xing et al.,

2024) aligns pretrained T2V and T2A models via a shared semantic space using ImageBind.

TAVDiffusion (Mao et al., 2024) adopts a two-stream latent diffusion model and addresses

alignment via cross-attention and contrastive learning. Nevertheless, joint modeling of audio

and visual modalities requires careful alignment of representations to preserve both semantic

consistency and temporal synchronization. Our framework complements existing approaches

by introducing a targeted alignment mechanism that mitigates the impact of noisy or partial

correspondences, leading to more faithful and consistent T2AV generation.

Cross-Modal Alignment Cross-modal alignment is crucial for integrating information from

different modalities, facilitating tasks such as retrieval, classification (Zheng et al., 2022;

Hong et al., 2024a), and generation (Huang et al., 2023b; Zheng et al., 2024; Zheng et al.,

2025). The goal is to project modality-specific features into a shared embedding space

where semantically related inputs are closely aligned. In the vision-language domain (Huang

et al., 2024b; Huang et al., 2025a; Huang et al., 2025b), CLIP (Radford et al., 2021) has

become a standard framework, while CLAP (Wu et al., 2023b) and CAVP (Luo et al.,

2023) extend contrastive alignment to audio-language and vision-audio pairs, respectively.

ImageBind (Girdhar et al., 2023) further generalizes this approach to unify multiple modalities

in a single embedding space. Such alignment modules are integral to conditional generative

models (Luo et al., 2023). While early approaches trained modality encoders from scratch,
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FIGURE 4.2. The data generative process of audiovisual data. Audio features
ZA are selectively derived from visual features Zv guided by a learned mask
m. Each modality-specific latent combines with residual noise ϵ to produce
the outputs.

recent work shows that frozen foundation models can be effectively adapted using lightweight

projectors (Houlsby et al., 2019; Mokady et al., 2021). In video-to-audio generation, V2A-

Mapper (Wang et al., 2024b) learns a projection from CLIP to CLAP features using a simple

MLP, enabling audio generation conditioned on vision without retraining large-scale models.

Despite these advances, aligning the correct semantic content across modalities remains

challenging. Representations often entangle modality-specific and irrelevant information,

leading to noisy alignment. SmartCLIP (Xie et al., 2025) identifies this issue in vision-

language models, showing that CLIP embeddings often entangle unrelated concepts due

to coarse-grained alignment. These findings underscore a broader challenge in multimodal

generation: how to align information across modalities such that the learned representations do

not introduce inconsistencies in the generated outputs. Our work addresses this by introducing

a masked adapter module that enables efficient and selective alignment between pretrained

modality-specific encoders. By focusing alignment on semantically relevant regions, our

method mitigates noisy correspondence and improves consistency in T2AV generations.

4.3 Problem Formulation

Text-to-Audio-Video (T2AV) generation requires accurate alignment between audio-visual

representations to preserve meaningful cross-modal correspondence. In particular, semantic
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misalignment, where visual and auditory components do not reflect the same underlying

content, can mislead generative models and degrade the consistency of the resulting outputs.

Our objective is to enable selective and reliable alignment by identifying and preserving only

the semantically relevant components across modalities during training. To this end, we begin

by reviewing the text-to-audio-video generative process.

Data Generative Process As illustrated in Figure 4.2, we model the audiovisual data gen-

eration process using a structured causal model composed of three latent variable sets:

video-specific latent variables ZV , audio-specific latent variables ZA, and cross-modal latent

variables ZC , which encode shared content factors underlying both modalities. ZC may in-

clude semantically grounded, temporally evolving entities that manifest in both the visual and

auditory domains (e.g., a barking dog or a moving vehicle). In contrast, the modality-specific

latents ZV and ZA capture factors that are unique to the video and audio domains, respectively.

The latent variables are causally connected and evolve over time, with each group at time step

t potentially influenced by their own past states and the past states of other groups. Formally,

the evolution of these latent variables follows:

Zt
V ← {Z t-1

V , Z
t-1
A , Z

t-1
C }, Zt

A ← {Z t-1
V , Z

t-1
A , Z

t-1
C }, Zt

C ← {Z t-1
V , Z

t-1
A , Z

t-1
C }, (4.1)

where the superscript ‘past’ denotes historical latent states (e.g., from time t − 1), and the

arrows represent causal influence. These relationships reflect the potential bidirectional

statistical and causal dependencies (Von Kügelgen et al., 2021) across modalities.

The observable variables: video XV and audio XA, are generated from their corresponding

modality-specific latent variables in conjunction with the cross-modal latent:

XV ← {ZV , ZC}, XA ← {ZA, ZC}. (4.2)

This formulation reflects that while ZC captures semantically aligned and temporally cor-

related content, ZV and ZA may contain orthogonal information that should not be forced

into alignment. Therefore, when attempting to recover cross-modal structure, it is critical to

distinguish shared factors from modality-specific ones.
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Problem Setup Let XV ∈ XV and XA ∈ XA denote observed video and audio inputs,

generated from modality-specific latent variables ZV , ZA ∈ Rd and shared cross-modal latent

variables ZC ∈ Rd. We use pretrained encoders to extract latent representations ẐV , ẐA ∈ Rd,

serving as proxies for ZV and ZA. To allow flexible transformation, we apply learnable

reparameterizations qV , qA : Rd → Rd, yielding Z̃V = qV (ẐV ) and Z̃A = qA(ẐA). These

transformed embeddings are then used to identify shared cross-modal structure. We learn

binary mask functions MV ,MA : Rd × Rd → {0, 1}d, which output masks MV (Z̃V , Z̃A) and

MA(Z̃V , Z̃A), indicating dimensions in each modality that align with shared semantics or

temporal structure.

Let SV ⊆ [d] and SA ⊆ [d] denote the support of these masks, i.e., the selected dimensions

where the mask equals 1. The masked representations are denoted Z̃SV
V and Z̃SA

A , and we

write S = [d] \ S for the complement. Let S†
V and S†

A represent the (unknown) ground-truth

index sets corresponding to the shared latent dimensions (i.e., a Markov blanket of XA in ZV ,

and vice versa, under reparameterization).

4.4 Masked Latent Adaptation and Cascaded Diffusion

Generation

Selective Latent Alignment Let xv ∈ XV , XV ⊆ RT×H×W×3 be a video clip and xa ∈

XA, XA ⊆ RT ′×M its corresponding audio spectrogram. We extract frozen modality-specific

embeddings ẑv = fv(xv), ẑa = fa(xa),, where fv is a pretrained video VAE encoder (Hong

et al., 2023) and fa is a pretrained audio diffusion encoder (Wu et al., 2023b; Liu et al., 2023a).

These raw embeddings may contain modality-specific noise and are not guaranteed to lie

in a common semantic subspace. To expose the shared latent structure ZC ⊆ Rd, we apply

learnable reparameterizations (i.e., adapter networks):

z̃v = qV (ẑv), z̃a = qA(ẑa). (4.3)
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This projection step adapts the output of each frozen encoder and is subsequently trained to

isolate cross-modal features. We then introduce two mask networks:

MV ,MA : R2d → [0, 1]d, (4.4)

each taking both z̃v and z̃a as input. Due to the semantic ambiguity and contextual diversity

in audio-visual alignment, the relevant latent dimensions within the visual representation can

vary depending on the specific context. For example, a single video clip may be paired with

different types of audio, such as background music or voiceover narration, each requiring

attention to distinct visual regions or semantic features. Accordingly, the masking function

should be conditioned on both video and audio inputs. Conditioning on only one modality

impairs the model’s ability to disambiguate cross-modal variations, leading to suboptimal or

unstable mask learning.

Cross-Modal Reconstruction Let SV ⊆ [d] and SA ⊆ [d] represent the indices of dimensions

selected by the soft masks. After applying a thresholding operation, we obtain binary supports

S̃V ⊆ [d] and S̃A ⊆ [d], which indicate the dimensions where the mask value equals 1 (i.e.,

S̃V = {i ∈ [d] | MV (z̃v, z̃a)i = 1}, S̃A = {i ∈ [d] | MA(z̃v, z̃a)i = 1}). These binary masks

are then used to construct the masked latent representations by retaining only the selected

dimensions:

z̃v =MV (z̃v, z̃a)⊙ z̃v, z̃a =MA(z̃v, z̃a)⊙ z̃a, (4.5)

and decode each using the corresponding latent diffusion decoders gA and gV :

x̂a = gA(z̃v), x̂v = gV (z̃a). (4.6)

To ensure that the masked latent remains informative, we reconstruct each modality from the

masked latent of the other. This reconstruction objective acts as a constraint that prevents

degenerate masking solutions. Without it, the sparsity loss alone would encourage all-zero

masks, as they trivially minimize the L1 penalty while discarding all information (Kong et al.,

2022; Xie et al., 2023). We reconstruct across modalities (i.e., audio from masked video latent

and video from masked audio latent) rather than within the same modality. This cross-modal

reconstruction forces the mask to preserve only the latent dimensions that are predictive of
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FIGURE 4.3. Overview of our proposed T2AV framework. The system in-
volves training a learnable mask that selectively aligns the latents of each mod-
ality, filtering out irrelevant visual content (e.g., tree trunks) while preserving
meaningful cues (e.g., bamboo being eaten). The aligned representations
are then used to fine-tune the generator, adapting the multimodal conditions
alongside the text condition, followed by generation through a latent diffusion
model.

the other modality, thereby isolating the shared semantic structure. As a result, the model

learns compact and meaningful latent supports that are truly cross-modally informative.

4.4.1 SAVA-Diffusion

In this section, we present the implementation of the proposed SAVA-Diffusion framework

for Text-to-Audio-Video (T2AV) generation (See Figure 4.3). The framework consists of

three stages: (1) a masked latent adaptation stage in which we train aligned projections of

video-audio latents via selective masking, and (2) a fine-tuning stage that adapts the aligned

latents as a joint condition alongside the text condition. (3) a cascaded diffusion generation
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stage, where high-fidelity audio and video outputs are synthesized using latent diffusion

models in sequential orders.

Stage I: Masked Latent Adaptation In first stage, our method implements selective cross-

modal alignment by learning to isolate the latent dimensions that are predictive of the

other modality. We first obtain reparameterized embeddings z̃v and z̃a from the frozen

encoders (Yang et al., 2024; Liu et al., 2023a) and adapters. These are passed to the modality-

specific mask functions, each conditioned on both modalities, to produce binary masks that

filter the latent features. The masked latents are then decoded to reconstruct the opposite

modality. To encourage a consistent embedding geometry between modalities (Xie et al.,

2025), we further include a direct alignment loss between z̃v and z̃a prior to masking. This

stabilizes training and promotes representational coherence across modalities. The total

objective is:

Ltotal =
1

N

N∑
i=1

[
ℓA(x

(i)
a , gA(MV ⊙ z̃(i)v )) + ℓV (x

(i)
v , gV (MA ⊙ z̃(i)a )) + α · Lalign(z̃

(i)
v , z̃

(i)
a )

]
+λ (∥MV ∥1 + ∥MA∥1) ,

(4.7)

where ℓA and ℓV are cross-modal reconstruction losses, and the ℓ1 regularization encourages

sparsity in the learned supports. Lalign measures the distance (e.g., normalized ℓ2) between

the unmasked latent representations, and α controls the alignment strength.

Stage II: Multi-condition Fine-tuning In Stage II, the TV2A and TA2V diffusion backbones

are fine-tuned separately, each to use the cross-modal latent learned in Stage I, while keeping

the decoders gV , gA frozen. For audio, given the text embedding zt = ft(xt) and the aligned

visual latent z̃v = qV (z
T
v ), we form cA = [ zt; ϕA(z̃v) ] and adapt the conditioning pathway

via LoRA (Hu et al., 2022), similarly, for video we form cV = [ zt; ϕV (z̃a) ] from the aligned

audio latent z̃a = qA(z
T
a ), the objective is the diffusion loss:

LFT-A = Exa,ϵ,t
∥∥ϵ− ϵθA(x(t)a , t, cA)∥∥2

2
LFT-V = Exv ,ϵ,t

∥∥ϵ− ϵθV(x(t)v , t, cV )∥∥2

2
. (4.8)

with LoRA parameterization W ′ = W + BA on selected cross-attention or FiLM layers.

The total objective is not coupled during optimization, instead, we run distinct trainings.
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LoRA only on conditioning layers (mid-block and a few down/up blocks), and all backbone

convolutions and decoders frozen to preserve pretrained priors while teaching each model, in

isolation, to respond to its new cross-modal condition. In addition, we fine-tune the individual

T2A and T2V models to further enhance generation quality across modalities for the inference

pipeline.

Stage III: Cascaded Diffusion Inference Building on the aligned latent representations

from stage I and fine-tuned diffusion models from stage II, we generate video and audio

in a cascaded manner using independently finetuned single-modal diffusion models (T2A,

T2V) (Yang et al., 2024; Liu et al., 2023a) and multi-model diffusion models (TA2V, TV2A).

As illustrated in Figure 4.3, the process begins by generating a video from a text prompt using

a T2V diffusion model. The resulting visual latent zTv is then adapted through a lightweight

projection network Pθ, producing an audio-guiding latent z̃a that encodes visually grounded

cues. This latent conditions the subsequent audio generation, serves as a supervision signal

to finetune the audio diffusion model for improved semantic coherence. Similarly, we can

generate video conditioned on both audio and text latents. By structuring the process in this

cascaded fashion, we ensure that the audio is aligned with the generated visual/audible content.

The detailed formulation of the reverse diffusion process for both modalities is provided in

Appendix C. Notably, the pretrained diffusion encoders remain frozen during Stage I, and

only the adapters are updated; fine-tuning of the diffusion models is performed in Stage II to

enhance generation quality while maintaining modularity and efficiency.

4.5 Theoretical Analysis

In this section we show that our masked cross-modal reconstruction with an ℓ1-penalty

provably recovers exactly the shared latent factors between video and audio, i.e. the minimal

Markov blankets on the pretrained features, even when those features are entangled. By

faithfulness and d-separation on the latent DAG (Peters et al., 2017) over (ZV , ZA, XV , XA),

there exist unique index sets S†
V ⊆ [d], S†

A ⊆ [d], which are the minimal Markov blankets of

XA in ZV and of XV in ZA, respectively. Equivalently, S†
V is the smallest subset satisfying
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that conditioning on {ZV,i : i ∈ S†
V } renders all other latent coordinates irrelevant to XA. The

analogous property holds for S†
A.

To make precise what it means for two sets of latent factors to capture all and only the shared

information, we introduce the following definition.

DEFINITION 1 (Minimum Sufficient Latents). Given index sets S̃V , S̃A ⊆ [d], we say that the

pairs
(
Z̃ S̃V
V , Z̃ S̃A

A

)
are Minimum Sufficient Latents if they satisfy

I
(
Z̃ S̃V
V ; XA

)
= I

(
Z
S†
V

V ; XA

)
, I

(
Z̃Vj ; XA | Z̃ S̃V

V

)
= 0 ∀ j /∈ S̃V ,

I
(
Z̃ S̃A
A ; XV

)
= I

(
Z
S†
A

A ; XV

)
, I

(
Z̃Aj ; XV | Z̃ S̃A

A

)
= 0 ∀ j /∈ S̃A.

Key Assumptions We require four conditions (see Appendix B for formal definitions):

(1) (DAG & d-Separation) There is a latent DAG over (ZV , ZA, XV , XA) whose minimal

Markov blankets S†
V , S

†
A correspond to the truly shared factors.

(2) (Block-wise Reparameterization) The class of invertible maps qV , qA is rich enough that

there exists a reparameterization under which the shared block S†
V (resp. S†

A) becomes an

axis-aligned subset S̃†
V (resp. S̃†

A) of the coordinates.

(3) (Decoder Universality) The decoder families QgA , QgV can approximate any conditional

distribution, so that minimizing cross-entropy is equivalent to minimizing true conditional

entropy.

(4) (Mask Universality & Penalty-Range) The masks can implement any support selection

per example, and the sparsity weight λ lies strictly between the smallest shared-factor

contribution and the largest non-shared contribution (see Assumption 4).

Above assumptions are commonly used. First, a latent-variable DAG with faithfulness

(Assumption 1) underlies most generative models in vision and audio, and the Markov

blanket then exactly characterizes the shared information. This is the fundamental assumption

in Causality (Peters et al., 2017). Second, block-wise reparameterization (Assumption 2)

merely requires that our invertible networks qV , qA have sufficient capacity to “whiten” or

disentangle the small block of truly shared latents; in practice modern normalizing-flow and
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invertible-residual architectures easily satisfy this. Third, decoder universality (Assumption 3)

is standard in representation learning deep decoders with enough width and nonlinearity can

approximate any conditional density arbitrarily well, so cross-entropy minimization recovers

true conditional entropy. Mask universality implies stipulate that our mask networks are

expressive enough to pick any subset of coordinates per example. All these universality have

been supported by universal approximation theory of deep learning methods (Huang et al.,

2024a). Finally, penalty-range requirement (Assumptions 4) implies that the sparsity weight

λ can be chosen (e.g. via cross-validation) to lie between the minimal utility of a shared factor

and the maximal spurious contribution of a non-shared factor. In practice, we can just make λ

be sufficiently small. Together, these common assumptions ensure our theoretical guarantees

apply to many practical architectures.

LEMMA 1 (Sufficientness of Reconstruction). Fix any invertible qV . Under Assumptions 1-

4, any mask–decoder pair (MV , gA) that minimizes E[− logQgA(XA | MV ⊙ Z̃V )] must

satisfy, for every example, I
(
Z̃
SV (Z̃V ,Z̃A)
V ;XA

)
= I

(
Z̃V ;XA

)
. In other words, the selected

coordinates form a sufficient statistic for XA.

This lemma shows that if we only optimize the reconstruction loss (cross-entropy) then the

learned mask necessarily keeps all the information in Z̃V that is relevant to predicting XA.

In other words, the selected subset of coordinates forms a sufficient statistic for the audio

modality, capturing every bit of shared information from the video embedding.

LEMMA 2 (Sparsity-Induced Minimality). Fix any invertible qV . Under Assumptions 3-4, the

joint minimizer (M∗
V , g

∗
A) = argminMV ,gA

{
E
[
− logQgA(XA |MV⊙Z̃V )

]
+ λE[∥MV ∥1]

}
satisfies, for every example,

S∗
V (Z̃V , Z̃A) = S̃†

V , I
(
Z̃V,j;XA | Z̃

S̃†
V

V

)
= 0 ∀j /∈ S̃†

V . (4.9)

That is, the mask prunes away non-shared coordinates, recovering exactly the minimal shared

block.

This lemma establishes that once we add a sparsity penalty on the mask, the model discards

every coordinate that does not uniquely contribute to cross-modal reconstruction. The result
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VGGSound+ AudioCaps

Method FVD ↓ FAD ↓ AVHScore ↑ CAVPSIM ↑ FVD ↓ FAD ↓ AVHScore ↑ CAVPSIM ↑
Two-Streams 768.5 6.29 0.058 0.104 961.4 7.36 0.041 0.165
CasC-Diff 768.5 7.53 0.144 0.126 961.4 9.51 0.092 0.192
TAVDiff (Mao et al., 2024) 956.3 8.94 0.162 0.098 1131.9 8.43 0.105 0.182
CoDi (Tang et al., 2023) 709.4 8.36 0.108 0.149 902.5 9.07 0.098 0.211
JavisDiT (Liu et al., 2025) 697.4 6.17 0.153 0.140 801.2 7.55 0.104 0.207

Unidirectional 662.9 5.49 0.206 0.165 817.6 7.32 0.142 0.230
Bidirectional 701.4 - 0.217 0.183 852.4 - 0.157 0.242

TABLE 4.1. Quantitative comparison. Our method outperforms existing
baselines in both generative quality metrics and alignment metrics, demon-
strating improvements in fidelity as well as cross-modal consistency. For the
unidirectional setting, we directly adopt the fine-tuned T2V model for video
generation. The generated audio for both the bidirectional and unidirectional
settings is identical.

is the minimal subset of features which are precisely the shared latent block. Therefore no

redundant or modality-specific information remains.

THEOREM 1 (Global Block-Alignment and Recovery). Under Assumptions 1, 2, 3, and 4 the

global minimizer of Objective 4.7 yields
(
Z̃
S̃∗
V

V , Z̃
S̃∗
A

A

)
that satisfies Definition 2.

This theorem combines the sufficiency and minimality results in both directions (i.e., video

to audio and audio to video) and shows that our simple mask-and-reconstruct framework

provably extracts exactly the shared latent variables and eliminates all modality-specific

components.

4.6 Experiments

4.6.1 Experiment Setup

Dataset We conduct experiments on two benchmark datasets: VGGSound (Chen et al., 2020a)

and AudioCaps (Kim et al., 2019). VGGSound comprises approximately 200K 10-second

video clips spanning 310 sound classes, with strong audio-visual correspondence ensured

by the presence of visible sound sources. Following the protocol in (Xing et al., 2024), we

sample 5k and 3K clips from the train and test split, respectively, and annotate them with
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Screaming in the air a wolf with a white head and a 
yellowish-brown body lay on the ground. a golden leaf 
that has fallen to the ground is covered in snow. the wolf 
kept barking and it was really loud.

The white ambulance is traveling quickly. buildings and 
parked automobiles line the road. alongside the road are 
lush trees. sound of an ambulance siren.

Animatediff 

AudioLDM 

Diff-Foley 

TAVDiffusion 

Ours 

Text Prompt 

Temporal evolution 
of “kept” barking

Visible patterns that could 
represent distinct wolf barks

various brighter spots that 
could represent the 
variation in siren sounds

more complexity that would 
better capture both the 
environmental context

FIGURE 4.4. Text-to-Audio-Video generation results. We use the same text
prompt as in (Mao et al., 2024) for our demonstration and compare our method
against multiple baselines (Animatediff (Guo et al., 2023), AudioLDM (Liu
et al., 2023a), Diff-Foley (Luo et al., 2023), and TAVDiffusion (Mao et al.,
2024)). Compared to prior methods, our approach (unidirectional setting as
illustrated) produces higher quality and aligned video and audio content.

text prompts using VideoBlip (Yu et al., 2024), as adopted in (Mao et al., 2024). AudioCaps

consists of 46K audio clips paired with human-written captions sourced from AudioSet, and

serves as a standard benchmark for audio-language grounding. We also sample 5K paired

clips from the training split. To facilitate alignment learning and fine-tuning, we merge the

training sets of both datasets, and perform evaluation separately on each test set.

Implementation Details To adapt the diffusion models to the target data domains, we first fine-

tune the video and audio diffusion models independently using the training set, respectively.
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For video generation, we employ the pretrained CogVideoX1.5 (Yang et al., 2024), and extract

latent representations using its VAE encoder. For audio, we adopt AudioLDM (Liu et al.,

2023a), which integrates a pretrained CLAP encoder (Wu et al., 2023b) for audio feature

extraction. The latent dimensionality of aligned embeddings for audio generation is fixed at

512. Each generated sample has a duration of 10 seconds, with video rendered at 16 frames

per second and audio sampled at 48 kHz. Our adapter and masking modules are implemented

as multilayer perceptrons. For the masking mechanism, we evaluate both soft masks (sigmoid

outputs as weights) and hard masks, obtained by thresholding at 0.5. The loss weights λ1 and

λ2 are empirically set to 5 and 0.1, respectively.

Evaluation Metrics We assess perceptual quality of the generated video and audio us-

ing Fréchet Video Distance (FVD) (Unterthiner et al., 2019) and Fréchet Audio Distance

(FAD) (Ruan et al., 2023), respectively. Cross-modal semantic alignment is measured by

AVHScore (Mao et al., 2024), while CAVP similarity (Luo et al., 2023) evaluates temporal

synchronization. For V2A performance, we adopt the evaluation protocol from (Xing et al.,

2024), including KL divergence, Inception Score (ISc), Fréchet Distance (FD), and FAD.

Baselines We compare our method against two state-of-the-art T2AV approaches: TAVDif-

fusion (Mao et al., 2024) and CoDi (Tang et al., 2023), using the same text prompts for all

models. Additionally, we include: (1) a Cascaded pipeline that uses Animatediff (Guo et al.,

2023) for video generation followed by V2A-Mapper (Wang et al., 2024b) for audio synthesis,

and (2) a Two-Stream approach in which video and audio are independently generated from

the same text prompt using Animatediff and AudioLDM. For V2A generation, we also com-

pare with the contrastive alignment method in (Xing et al., 2024) and SpecVQGAN (Iashin

and Rahtu, 2021), a spectrogram-based audio generator employing vector quantization.

4.6.2 Main Results

T2AV Generative Quality Table 4.1 presents the quantitative comparison of our proposed

method against existing T2AV generation baselines on the text-labeled VGGSound and

AudioCaps datasets. Our method consistently achieves the best performance across all
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Vertical striations → Guitar strumming 

Text prompt: A man playing guitar in the park.

FIGURE 4.5. Temporal alignment between visual motion and acoustic pat-
terns. The strumming motion of the guitarist’s hand aligns with vertical
striations in the spectrogram, indicating synchronized transient audio events.

reported metrics. On VGGSound, it reduces FVD and FAD to 662.9 and 5.49, respectively,

reflecting significant improvements in both video and audio generation fidelity. Compared

to the best-performing baseline (Tang et al., 2023), our method achieve a relative reduction

of 6.5% in FVD and 16.0% in FAD. In terms of semantic alignment, our model achieves

the highest AVHScore of 0.206 and 0.142 on VGGSound and AudioCaps, respectively,

demonstrating improved correspondence between generated content and the input descriptions.

A similar trend is observed in the qualitative results shown in Figure 4.4. For example, in

the wolf scenario, our generated video better captures key semantic attributes such as the

white head and yellow-brown body, while the visual background and ambient objects more

faithfully reflect the textual prompt. Likewise, the ambulance scene displays correct object

types, vehicle motion, and contextual elements like roadside greenery and traffic, showing

high semantic fidelity across modalities.

Semantic and Temporal Alignment As shown in Table 4.1, our method achieves the highest

CAVPSIM scores on both VGGSound and AudioCaps, indicating improvement on cross-

modal temporal alignment. This is further illustrated in Figure 4.4, where the temporal

evolution of audio patterns (e.g., barking or sirens) closely corresponds with visual events. In

the wolf example, distinct spectrogram patterns align with repeated barking motions, while

the ambulance scenario shows dynamic spectrogram textures matching siren intensity and

vehicle motion. To further highlight this property, Figure 4.5 visualizes a man strumming a
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Method KL↓ ISc↑ FD↓ FAD↓
SpecVQGAN (Iashin and Rahtu, 2021) 3.290 5.108 37.269 7.736
SeeHear-Vani (Xing et al., 2024) 3.203 5.625 40.457 6.850
SeeHear-Full (Xing et al., 2024) 2.619 5.831 32.920 7.316
Ours 2.128 5.677 39.534 6.155

TABLE 4.2. Video-to-Audio
Generation Results. Our
method outperforms existing
V2A baselines across most
evaluation metrics, demon-
strating noticeable improve-
ments in audio fidelity.

Mask FVD ↓ FAD ↓ AVHScore ↑ CAVPSIM ↑
□ 662.9 6.95 0.175 0.141
⃝ 662.9 6.08 0.192 0.144
△ 662.9 5.49 0.206 0.165

TABLE 4.3. Ablation study
on masking input modalities.
□: no masking, direct align-
ment, ⃝: only takes video
modality embeddings as the
input, △: takes both video
and audio modality embed-
dings as the input.

guitar, where the rhythmic hand motion aligns with vertically striated spectrogram features

indicative of transient guitar strokes. These results collectively confirm that our method

not only generates high-quality content but also preserves temporal synchronization across

modalities. Additional examples are provided in Appendix D.

V2A Generation To further evaluate the effectiveness of cross-model alignment, we assess the

video-to-audio (V2A) generation performance using a subcomponent of our model. As shown

in Table 4.2, our approach outperforms existing V2A baselines: SpecVQGAN (Iashin and

Rahtu, 2021) and SeeHear (Xing et al., 2024) across most metrics, achieving better KL, ISc

and FAD. These results indicate that our model effectively captures the shared semantic and

temporal information between video and audio, enabling high-quality cross-modal generation.

The performance of this subcomponent further validates the robustness of our alignment

strategy.

4.6.3 Ablation Study

Study on Mask Input We conduct an ablation study to assess the impact of different mask

input configurations on cross-modal generation quality in Table 4.3. We observe that when no

masking is applied (□), performance is significantly lower across all metrics, indicating that

direct alignment without filtering introduces noise and misalignment. Conditioning the mask

on video alone (⃝) yields moderate improvements, suggesting that video features contain

partial cues for predicting shared content. However, the best performance is achieved when
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FIGURE 4.6. Ablation on different time segment lengths. We find that longer
segments improve generative quality, while shorter segments benefit alignment.

the mask is conditioned on both video and audio embeddings (△), resulting in the lowest

FAD and highest AVHScore and CAVPSIM. This confirms our hypothesis that observing both

modalities enables the mask to more accurately isolate cross-modally relevant dimensions,

thereby enhancing semantic consistency and temporal alignment in the generated outputs.
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Effect of Temporal Segmentation We conduct an ablation study to investigate the impact

of different temporal segmentation strategies on the performance of T2AV generation. Spe-

cifically, given a 10-second video/audio clip, we divide the content into sub-clips of varying

lengths (ranging from 1s to 10s) and use the aligned segments for fine-tuning the pretrained

diffusion models and training the alignment modules, including the masking functions and

adapters. As illustrated in Figure 4.6, longer segment durations consistently improve generat-

ive quality, as measured by FAD and FVD, likely due to providing richer temporal context for

fine-tuning the diffusion backbones. In contrast, shorter segments yield stronger performance

in alignment metrics such as AVHScore and CAVPSIM, suggesting that temporally concise

segments reduce misalignment and noise during cross-modal training. Based on this trade-off,

we select a 5-second segment length as a balanced choice that supports both high generative

fidelity and accurate audio-visual alignment.

4.7 Conclusion

We presented a multi-stage framework for text-to-audio-video (T2AV) generation that ad-

dresses the challenge of semantic and temporal misalignment between modalities. Our method

introduces a masked latent adaptation mechanism that selectively aligns video representations

with audio embeddings using a learnable adapter and relevance mask. During inference, we

leverage a cascaded diffusion structure in which video is generated from text, and audio is

subsequently synthesized conditioned on both text and the adapted video latent. This design

ensures coherence across modalities while maintaining flexibility by reusing single-modal

diffusion models. Extensive experiments demonstrate that our approach improves cross-modal

consistency and achieves state-of-the-art results on multimodal generation benchmarks.



CHAPTER 5

Interpretable Latent Workflow Modeling for Agentic Reasoning

This chapter broadens the thesis beyond representation and generation to agentic reasoning in

complex, real-world decision workflows, focusing on automated medical coding. Positioned

as the final technical contribution, it reframes coding not as a static prediction problem

but as a structured reasoning process composed of interacting modules and tools. The

chapter identifies a key limitation of existing agentic systems: their reliance on manually

designed workflows, which constrains both performance and adaptability. To address this, it

introduces a framework that models workflow design itself as a learnable, interpretable latent

process, enabling automated discovery and refinement of agentic pipelines through iterative

design, execution, and reflection. By demonstrating how structured, interpretable workflow

representations can be optimized under domain constraints, the chapter completes the thesis

trajectory from controllable latent representations, to structured reasoning, to interpretable

latent workflows for complex agentic decision-making.

5.1 Introduction

Medical coding is the process of translating unstructured clinical notes into standardized

diagnostic and procedural codes, most commonly following the World Health Organization’s

International Classification of Diseases (ICD) standard (Dong et al., 2022a). These codes

underpin critical functions in healthcare, including billing and reimbursement, hospital

resource planning, and epidemiological research (Campbell and Giadresco, 2020). Unlike

simple classification, manual coding requires coders to engage in a multi-step workflow:

identifying relevant mentions in free text, consulting multiple resources such as the alphabetic
64
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index and tabular index, applying coding guidelines, and cross-checking for consistency

across diagnoses and procedures. This structured but intricate process makes medical coding

highly labour-intensive and error-prone, contributing to global coding backlogs and clinical

risks when errors occur (Alonso et al., 2020; Douglas et al., 2025; Gan et al., 2025).

To reduce the burden of manual coding, recent research has leveraged large language models

(LLMs) as the foundation for automated systems (Boyle et al., 2023; Yang et al., 2023c; Falis

et al., 2024; Baksi et al., 2025). Beyond their core ability to map free-text clinical notes

to candidate codes, LLMs possess reasoning and tool-use capabilities that are particularly

well-suited to the structured, rule-based nature of the coding process (Kwan, 2024; Mustafa

et al., 2025).

Building on this, emerging work has proposed agentic coding workflows (Li et al., 2024c;

Motzfeldt et al., 2025), where multiple interacting agents cooperate to mirror the steps taken

by human coders: extracting relevant terms, consulting indexes and guidelines, and verifying

consistency across diagnoses and procedures. This paradigm has demonstrated competitive

performance and enhanced interpretability compared to treating coding as a flat multi-label

classification problem.

Despite these advances, most existing agentic frameworks for medical coding remain manually

crafted, relying on human experts to specify the modules and execution steps within a

workflow (Motzfeldt et al., 2025). Yet this design problem is particularly challenging, as

correct code assignment with LLM-based systems often hinges on two factors: (i) the

quality of module definitions (e.g., tool calls, inference strategies), and (ii) the effectiveness

of interactions across modules (i.e., how tools and strategies are combined and ordered).

Manually fixing these design choices risks overlooking more effective coordination patterns,

thereby limiting the potential of agentic approaches (Li et al., 2024b; Zhang et al., 2025b).

For instance, automated search may discover non-obvious yet beneficial strategies, such as

applying a contrastive screening step to prune near-duplicate ICD codes based on description

similarity, whereas manual designs may fail to recognize such refinements. This motivates

the need for automated workflow learning, which can flexibly search for and refine workflow

designs rather than constraining systems to static, expert-defined pipelines.
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FIGURE 5.1. Overview of the MedDCR framework. (1) The memory archive
is initialised with general reasoning strategies (e.g., self-refinement, multi-
agent ensembles, chain-of-thought prompting) and coding-specific strategies
(e.g., medical term extraction, weak code filtering, ICD tool use), together with
other optional seed workflows. (2) In each optimisation loop, the Designer
proposes new workflows, the Coder compiles and executes them (with self-
fixing if needed), and the Reflector provides both evaluation scores and textual
feedback. The memory archive stores all past workflows, enabling reuse,
progressive refinement, and workflow selection from top-performing and
recent designs. This closed-loop process discovers effective coding workflows
under guideline constraints.

To address this challenge, we propose MedDCR (As demonstrated in Figure 5.1), an automated

framework that optimises workflows for medical coding. Instead of relying on a single fixed

pipeline, MedDCR treats workflow design as a learning problem (Hu et al., 2025; Zhang et al.,

2025a; Zhang et al., 2025b; Zhou et al., 2025), where workflows are proposed, executed, and

evaluated in an iterative loop.

Within this loop, a Designer agent generates workflow plans by inventing or combining coding

tools and strategies. A Coder agent then translates these plans into executable pipelines in the

form of concrete programs, which carry out operations such as tool calling, validation, and

reconciliation to predict medical codes. Finally, a Reflector agent evaluates the predictions,

providing both performance scores and textual feedback on the effectiveness of the workflow

design. The Designer uses this feedback to refine its proposals, enabling workflows to evolve

and improve over time (Wang et al., 2025b). Beyond this loop, MedDCR maintains a memory
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archive of prior designs, enabling workflows to be reused, progressively refined, or augmented

with expert-crafted pipelines (Ji et al., 2024; Li et al., 2024c; Motzfeldt et al., 2025).

Our experiments demonstrate that the workflows discovered by MedDCR significantly outper-

form both state-of-the-art, hand-designed baselines and pretrained language model approaches.

Specifically, MedDCR achieves a 6.2% improvement in F1 score on the MDACE (Cheng

et al., 2023a) dataset and a 7.4% gain on ACI-BENCH (Yim et al., 2023), compared to the

second-best performing baselines.

5.2 Related Works

Automated Medical Coding. Automated medical coding seeks to accelerate the mapping of

free-text clinical notes to standardized medical codes using computer-assisted tools. Early

systems were rule-based (Farkas and Szarvas, 2008; Kavuluru et al., 2015), but the availability

of large EHR datasets such as MIMIC-III and MIMIC-IV (Johnson et al., 2016; Johnson et al.,

2020) established deep learning models as the dominant approach, typically framing coding

as an extreme multi-label classification task. Encoder–decoder architectures with label-wise

attention (Mullenbach et al., 2018; Li and Yu, 2020; Vu et al., 2021) were extended with

textual descriptions, synonyms, or co-occurrence signals to better align notes and codes (Cao

et al., 2020; Dong et al., 2021; Yuan et al., 2022). More recently, pre-trained language models

fine-tuned for ICD prediction (PLM-ICD) achieved state-of-the-art performance (Huang et al.,

2022a; Edin et al., 2024; Douglas et al., 2025). However, these models struggle with the

extremely large ICD label space, rare codes, and long clinical notes.

To address these challenges, researchers have explored LLMs for generative coding. Zero

and few-shot prompting (Yang et al., 2023b; Boyle et al., 2023; Gero et al., 2023) showed

flexibility but underperformed PLM-based classifiers. This has motivated agentic approaches,

where LLMs interact with external tools, indexes, and validation routines in multi-agent

workflows that mimic human coding processes (Li et al., 2024c; Kwan, 2024; Motzfeldt et al.,

2025). While promising, these workflows remain manually designed and fixed, making them

potentially suboptimal.
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Our work addresses this gap by introducing MedDCR, which treats workflow design as a

learning problem and automatically searches for effective agentic workflows for medical

coding, enhancing both predictive performance and interpretability.

Agentic Workflow Design. Agentic workflows frame problem solving as a coordinated

process across one or more LLM-based agents, each assigned specific roles or equipped with

external tools. Recent advances enrich these systems with prompting strategies (Chen et al.,

2023a), chain-of-thought planning (Wei et al., 2022; Zhang et al., 2023d), reflection and

refinement (Madaan et al., 2023; Shinn et al., 2023; Dhuliawala et al., 2024), tool use (Nakano

et al., 2021; Schick et al., 2023; Qin et al., 2024), and role assignment for multi-agent

cooperation (Shanahan et al., 2023; Li et al., 2023a; Wu et al., 2024a). Multi-agent topologies

vary from parallel setups for exploration (Wang et al., 2023c) to serial pipelines with reflective

refinement (Madaan et al., 2023), and even debate-style structures that improve reliability (Du

et al., 2023; Liang et al., 2024).

Building on these foundations, the community has begun exploring automated design of

agentic systems. Most works focus on automating prompt optimization (Yang et al., 2023a;

Fernando et al., 2024; Khattab et al., 2024), role definition (Li et al., 2023a; Wu et al., 2024a),

or specific topology search (Zhou et al., 2025; Wang et al., 2025b). Others attempt to expand

the search space to workflows (Hu et al., 2025; Zhang et al., 2025a; Zhang et al., 2025b),

where both the definition of workflow components and their topological organisation are

jointly optimised, but in practice, many components remain fixed, making discovered agents

less flexible.

Our work advances this line by introducing MedDCR, which treats agentic workflow design

as a learning problem. Unlike prior approaches, MedDCR employs a meta-agent architecture

with a Designer, Coder, and Reflector, reinforced by a memory archive that supports reuse and

refinement of workflows. Coupled with medical coding tools and guideline-driven strategies,

MedDCR provides the first domain-specific framework for automated optimisation of medical

coding workflows, offering stronger performance and greater interpretability.
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5.3 Interpretable Workflow Construction for Medical

Coding

5.3.1 Problem Formulation

We formalize automated workflow optimisation problem for medical coding as follows. Let

X denote the space of clinical notes and C the set of admissible ICD codes. A dataset is

D = {(xi, Yi)}ni=1, xi ∈ X , Yi ⊆ C. (5.1)

A workflow W induces a coder function

fW : X → 2C, (5.2)

that maps a note to a predicted set of codes.

Workflows are constructed from a component library L consisting of: (i) a tool set T (e.g.,

ICD index retrieval, guideline validators), (ii) reasoning/strategy primitives Σ (e.g., extraction,

validation, reconciliation), and (iii) LLM modulesM with parameter configurations Θ.

We represent a workflow as a directed acyclic graph

W = (G = (V,E), ϕ), (5.3)

where each node v ∈ V instantiates a component cv ∈ L with parameters ϕv ∈ Θ, and edges

E define data/control flow. The search space of feasible workflows is

S =

W = (G, ϕ)

∣∣∣∣∣∣ G is a DAG over L,

W is executable

 . (5.4)

Medical coding is constrained by official guidelines. Let Γ denote the guideline resource (ICD

Alphabetic/Tabular Index, coding rules). A compliance oracle VΓ(W,x) ∈ [0, 1] measures the

fraction of guideline checks that pass for workflow W on input x. We evaluate a workflow

with a task metric g(·, ·) (e.g., micro/macro F1) and define the objective on a validation set
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Dval:
G(W ;Dval,Γ) = E(x,Y )∼Dval

[
g(fW (x), Y )

− λviol
(
1− VΓ(W,x)

)]
− λcost C(W ),

(5.5)

where C(W ) measures resource usage (e.g., tool calls, latency, tokens) and λviol, λcost ≥ 0

control the trade-offs between predictive performance, guideline compliance, and efficiency.

The automated workflow optimisation problem for medical coding is then:

W ⋆ ∈ argmax
W∈S

G(W ;Dval,Γ). (5.6)

In the remainder of this section, we detail how MedDCR performs the iterative search for W ⋆

guided by the objective G and the constraints Γ.

5.3.2 MedDCR Framework Overview

MedDCR framework instantiates the workflow optimisation problem defined in Section 5.3.1

by organising the search process into an iterative loop of design, coding (execution), and

reflection. The framework aims to automatically discover effective workflows for medical

coding without relying on fixed, manually crafted pipelines.

The loop begins with the initialisation of a memory archiveH0, which contains a small collec-

tion of seed workflows (See Figure 5.1). These seeds capture both general reasoning strategies,

such as chain-of-thought (Wei et al., 2022; Zhang et al., 2023d), self-refinement (Madaan

et al., 2023), and multi-agent debate (Du et al., 2023) and domain-specific medical coding

strategies, including medical entity extractions (Douglas et al., 2025), tabular index similarity

checks, and reconciliation heuristics (Gan et al., 2025), among others. The archive also

stores a list of coding tools, such as alphabetic index search, parent–child code lookup, and

code–description extraction modules. This initial set provides the system with a foundation

of plausible behaviours, but the search is not limited to them, where the archive can expand

with newly discovered strategies, including tool calls proposed dynamically by LLMs.
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Once initialised, the search process proceeds iteratively through a Design–Execute–Reflect

cycle. At iteration t, a new workflow plan πt is proposed by an LLM-based Designer agent (Li

et al., 2023a; Wu et al., 2024a), drawing on the memory archive that contains both the seeded

workflows and prior designs H0:t−1. Each plan specifies a combination of tools, strategies,

and reasoning steps, as well as their execution order. The plan is then compiled into an

executable workflow Wt, translated into runnable code by a Coder agent, and subsequently

executed to produce medical code predictions.

The execution results are assessed with an evaluation function G(Wt), which integrates

predictive performance (e.g., F1 score), guideline compliance (Ann Barta, 2009), and compu-

tational cost. Alongside the scalar score, the evaluation produces textual feedback produced

by a Reflector agent, diagnosing workflow errors such as ineffective tool combinations or

guideline violations. Both the score and feedback are appended to the archive as a record

(πt,Wt, st, rt).

The memory archive thus grows with every iteration, providing two key signals for the search:

(i) high-performing past workflows, which act as exemplars to imitate or refine, and (ii)

diverse recent workflows, which encourage exploration. New proposals are therefore shaped

both by the accumulated experience in the archive and by the evaluation feedback from prior

iterations (Hu et al., 2025). Over time, the system learns to discover increasingly effective

workflows by combining coding tools and strategies in novel ways.

The search loop terminates once the budget of iterations is reached or when performance

converges. The final output is the best workflow W ⋆ found in the archive, which can be

used directly for automated medical coding or supplied as a strong starting point for further

optimisation.

5.3.3 Meta-Agent Architecture

In this section, we present the details of the meta-agents within the MedDCR framework.
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Designer Agent. The Designer agent is responsible for generating candidate workflow plans

π. At iteration t, it outputs

πt = Designer(Ht,L,Γ) ∈ Π, (5.7)

where Ht is the memory archive, L is the component library (tools, strategies, and LLM

modules), and Γ encodes coding guidelines. The Designer operates under a structured meta-

prompt that (i) specifies constraints on how workflows must be formatted and executed, (ii)

enumerates the available tool and strategy signatures, and (iii) appends informative exemplars

from the memory archive.

In particular, the prompt shows the top-k best-performing workflows and the most recent

n designs, ensuring that the Designer can exploit strong prior solutions while maintaining

exploration.

Coder Agent. The Coder agent transforms abstract workflow plans into executable programs

(e.g., Python-like codes). Given a plan πt, it compiles the abstract plan into

Wt = Coder(πt) ∈ S, (5.8)

where Wt is an operational program that can be executed on clinical notes to generate medical

codes.

In practice, however, generated code may contain syntax or execution errors, which would

otherwise block evaluation. To address this, the Coder incorporates a self-fixing loop: the

executor first checks whether the compiled code runs successfully, if an error occurs, the

Coder attempts to repair the code automatically and retries execution until a valid workflow is

obtained or a retry budget is exceeded (Joshi et al., 2023; Zhang et al., 2024a).

This mechanism ensures that the search process is not derailed by syntactic inconsisten-

cies (Olausson et al., 2024). The separation of roles is thus preserved: the Designer explores

high-level workflow planning, while the Coder guarantees that plans are translated into

syntactically correct and executable implementations.
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Reflector Agent. The Reflector evaluates executed workflows and provides targeted feedback.

Specifically, for each workflow Wt, it outputs

(st, rt) = Reflector(Wt, Dval), (5.9)

where st = G(Wt;Dval,Γ) is a scalar score that integrates predictive accuracy (e.g., F1 score

or precision/recall), guideline compliance, and computational efficiency, and rt is a textual

critique.

To generate this feedback, the Reflector collects the intermediate outputs of each LLM

call within the workflow and interprets them in the context of the corresponding operation.

For example, it may highlight when an entity extraction step misses key mentions, when

a guideline validator rejects a candidate code, or when reconciliation produces redundant

outputs. The tuple (πt,Wt, st, rt) is then appended to the archive, which is updated as

Ht+1 = Ht ∪ {(πt,Wt, st, rt)}. (5.10)

This combination of quantitative scoring (Khattab et al., 2024) and fine-grained textual

feedback (Yang et al., 2023a; Pryzant et al., 2023) ensures that subsequent iterations improve

not only raw performance but also the robustness and interpretability of workflows.

5.3.4 Memory Archive and Plug-and-Play

A central component of our proposed framework is the memory archive, which records the

history of all explored workflows. At iteration t, the archiveHt contains tuples

Ht = {(πj,Wj, sj, rj)}j<t, (5.11)

where πj is the workflow plan proposed by the Designer, Wj is the compiled executable

workflow, sj is the score, and rj is the textual feedback.

This archive plays a dual role: it enables reuse of effective workflows by presenting the top-k

highest scoring exemplars to the Designer, and it supports exploration by also presenting
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the n most recent workflows, which prevent the search from collapsing into repetitive local

optima (Zhu et al., 2023).

In this way, the Designer is encouraged to learn from successful past patterns while avoiding

premature convergence to a single family of workflows (Zhong et al., 2024). As the search

progresses, the archive grows into a structured memory of workflow designs, making it an

adaptive optimiser that improves continuously over time.

Beyond storing internal proposals, the memory archive also supports a plug-and-play mode.

Here, external expert-crafted workflows, denotedWseed, are injected into the initial archiveH0.

These workflows may come from prior research, human-designed pipelines, or established

clinical coding heuristics (Gan et al., 2025; Douglas et al., 2025; Motzfeldt et al., 2025). Once

seeded, MedDCR treats them like any other entry in the archive: they can be directly reused,

refined through feedback, or combined with newly generated strategies.

This property makes our framework workflow-agnostic: it can either discover new workflows

from scratch or improve upon existing designs, depending on the application scenario. The

final output is therefore not limited to the best design discovered during search, but can also

include optimised variants of expert workflows, providing a bridge between automated search

and human expertise.

5.4 Experiments

5.4.1 Experimental Setup

Dataset. We evaluate our framework on two publicly available ICD-10 coding benchmarks.

MDACE (Cheng et al., 2023a) provides expert-verified ICD-10 annotations to a mix of

inpatient and professional-fee charts drawn from MIMIC-III (Johnson et al., 2016), including

discharge summaries, radiology reports and physician notes. ACI Benchmark (Yim et al.,

2023) is a synthetic dataset of clinical notes paired with ICD-10 codes for benchmarking
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automated coding systems. Together, they enable evaluation of both coding accuracy and

explainability in real-world settings.

Baseline. We benchmark MedDCR against a broad set of existing approaches spanning three

paradigms. First, we consider pre-trained language model methods that frame coding as multi-

label classification and require re-training on coding datasets, including PLM-ICD(Huang

et al., 2022a), and PLM-CA (Douglas et al., 2025). Second, we include expert-designed

medical workflows that rely on heuristic rules or structured coding pipelines, represented by

RRS (Kwan, 2024), MAC (Li et al., 2024c), and CLH (Motzfeldt et al., 2025). Finally, we

evaluate against general agentic strategies and automated search frameworks that build on

large language models with structured reasoning or multi-agent coordination, such as Chain-

of-Thought (Wei et al., 2022), Self-Consistency (Wang et al., 2023d), Multi-Debate (Du et al.,

2023), Self-Refine (Shinn et al., 2023), and NER (Goel, 2025), as well as recent optimisation

frameworks like ADAS (Hu et al., 2025). GPT-4o (Hurst et al., 2024) serves as the backbone

model for all baseline agents. Together, these baselines span model-based, rule-based, and

agentic paradigms, enabling a comprehensive comparison.

Implementations. We use GPT-based models as the backbone for MedDCR, evaluating

both GPT-4o (Hurst et al., 2024) and GPT-5 (OpenAI, 2025). The search loop is run for

100 iterations, with the Designer conditioned on the top-5 highest scoring and 3 most recent

workflows from the archive at each step. To initialise the archive, we include all baselines

from the aforementioned agentic workflow group, ensuring a diverse starting pool. Coding

tools are modified and adapted from the simple-icd-10 library, covering both ICD-10-CM and

PCS codes. More details are in the Appendix D4.

Evaluation Metrics. We report standard measures for extreme multi-label coding: micro-

F1, precision, and recall (Huang et al., 2022a; Edin et al., 2024; Douglas et al., 2025).

Micro-F1 balances overall precision and recall across the large code space, providing a

primary measure of workflow effectiveness. Precision reflects the system’s ability to avoid

spurious code assignments, while recall captures its capacity to recover the full set of relevant

codes. Together, these metrics indicate how well the proposed workflows navigate the
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Method Category
(Label Space)

Model
MDACE ACI-BENCH

Precision Recall F1 Precision Recall F1

PLM
(1K)

ICD (Huang et al., 2022a) 0.49 0.47 0.48 0.43 0.41 0.42
CA (Douglas et al., 2025) 0.46 0.45 0.45 0.44 0.42 0.43

Coder
Workflow

(1K)

RRS (Kwan, 2024) 0.24 0.30 0.27 0.26 0.52 0.35
MAC (Li et al., 2024c) 0.27 0.31 0.29 0.23 0.50 0.31
CLH (Motzfeldt et al., 2025) 0.45 0.40 0.42 0.44 0.39 0.41

Agentic
Method

(1K)

CoT (Wei et al., 2022) 0.30 0.31 0.30 0.35 0.50 0.41
CoT-SC (Wang et al., 2023c) 0.39 0.43 0.41 0.36 0.59 0.44
MulDe (Du et al., 2023) 0.21 0.40 0.28 0.16 0.65 0.25
Judge (Zheng et al., 2023b) 0.26 0.53 0.35 0.22 0.64 0.33
MNER (Goel, 2025) 0.13 0.48 0.20 0.15 0.67 0.25
ADAS (Hu et al., 2025) 0.37 0.51 0.43 0.28 0.59 0.43

MedDCR-GPT-4o 0.41 0.55 0.47 0.36 0.65 0.46
MedDCR-GPT-5 0.46 0.59 0.51 0.43 0.67 0.52

TABLE 5.1. Main results on MDACE and ACI-BENCH datasets. The best
results are highlighted in bold, and the second-best results are shown in gray
bold. Methods are grouped into three categories: Pretrained Language Models,
expert-designed coding workflows, and agentic workflow strategies (including
agent-based search methods).

Method
MDACE ACI-BENCH

Search Tokens Exec. Tokens Cost (USD) Search Tokens Exec. Tokens Cost (USD)

MedDCR 19,994 11,545,586 $17.09 14,294 2,233,623 $5.72

TABLE 5.2. Computation Cost Comparison. Token usage and projected cost
in USD per 100 inference samples per search loop on MDACE and ACI-
BENCH datasets. While effective, our method remains cost-efficient.

trade-off between exploration (capturing diverse correct codes) and exploitation (maintaining

accuracy).

5.4.2 Main Results

As shown in Table 5.1, MedDCR consistently outperforms all baselines on both MDACE

and ACI-BENCH. On MDACE, MedDCR-GPT-5 achieves a Micro-F1 of 0.51, improving

over the strongest PLM baseline (ICD) and the best agentic baseline (CoT-SC) by 6%. On

ACI-BENCH, MedDCR-GPT-5 reaches 0.52 for F1, again surpassing PLM and agentic

baselines. These results demonstrate that automated workflow search yields more effective
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Seed Setting MDACE

Precision Recall Micro-F1

CoT-SC (seed only) 0.37 0.48 0.42
+ Quality-Diversity 0.38 0.48 0.42
+ Multi-Debate 0.37 0.53 0.44
+ NER 0.35 0.55 0.43
+ All auxiliary 0.41 0.55 0.47

No seed (scratch) 0.39 0.51 0.44

TABLE 5.3. Plug-and-play validation: MedDCR initialised with CoT-SC as
the primary seed, optionally augmented with auxiliary seeds (Self-Refine,
Multi-Debate, Med-NER). Optimisation consistently improves the baseline
CoT-SC workflow and outperforms search from scratch.

Precision Recall Micro-F1

MedDCR-GPT-4o 0.41 0.55 0.47

– No Top-k 0.35 0.42 0.38
– No Recent-n 0.33 0.34 0.34
– No Score Feedback 0.39 0.47 0.43
– No Text Feedback 0.44 0.50 0.47
– No Guideline in Meta 0.40 0.57 0.47
– No Exemplar in Meta 0.36 0.51 0.42

TABLE 5.4. Ablation study on MDACE dataset. Each row removes one core
component of MedDCR. The performance drops confirm the importance of
the workflow exemplars, reflector feedback, guideline constraints and few-shot
exemplar in achieving the full performance.

coding strategies than either retrained language models or expert-crafted agentic pipelines.

Importantly, Table 5.2 demonstrates that these improvements are achieved with modest

overhead. Despite the iterative search process, MedDCR remains cost-efficient: a single

search loop requires fewer than 20k search tokens on MDACE and 15k on ACI-BENCH, with

total costs of $17.09 and $5.72 per 100 inference samples, respectively. Notably, the vast

majority of cost arises from execution tokens rather than search tokens, showing that workflow

optimisation overhead is modest relative to workflow execution. Finally, Table 5.3 validates

MedDCR’s plug-and-play property. Using CoT-SC as the primary seed, optimisation alone

improves F1 from 0.41 to 0.42. When augmented with auxiliary seeds, performance increases

further, reaching 0.47 F1 with all auxiliaries. Compared to search from scratch, seeded
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Balance precision and recall to 
reach the best performanceFinding that extracting 

more code candidates 
improves F1 scores.

Learn from high 
performing workflow 

candidates in the archive.

Sacrifice recall for 
higher precision.

FIGURE 5.2. Case study of the search process on ACI-Bench. The blue line
tracks the best workflow discovered at each iteration, measured by F1. The
figure illustrates how performance improves as the system explores diverse
candidates, learns from high-performing workflows, and balances precision
and recall to refine the final design.

optimisation also achieves higher final scores. This confirms that MedDCR can flexibly refine

and use existing workflows and diverse strategies, making it practical as a general workflow

optimiser for medical coding.

5.4.3 Ablation Studies

Table 5.4 reports ablations on MDACE, where we systematically remove key components of

MedDCR. Removing the top-k or recent-n workflows causes the largest performance drops

of 0.09 and 0.13 in F1, confirming that both exploitation of strong designs and diversity from

recent ones are essential for effective search. Feedback from the reflector is also critical:

without score feedback, F1 falls to 0.43, while removing textual feedback prevents further

improvements despite retaining numeric scores. Guideline constraints show a trade-off,

slightly increasing recall but offering no net F1 gain when excluded. Finally, removing all

exemplars from the meta-prompt reduces F1 to 0.42, underscoring their role in stabilizing

the workflow generation. Overall, the results highlight that MedDCR’s gains arise from the

complementary contributions of memory selection, reflective feedback, guideline grounding,

and exemplar conditioning.
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5.4.4 Case Study

Figure 5.2 illustrates how our framework improves over the course of the search in terms

of precision, recall, and F1, with the blue line indicating the best workflow discovered at

each iteration as measured by F1. In the early stages, the search explores relatively simple

strategies, while later iterations integrate more complex tool use and validation steps, resulting

in steady performance gains. This progression highlights the role of memory and reflective

feedback in escaping suboptimal designs and converging toward stronger workflows. The

final best workflow combines multiple reasoning strategies and coding tools in a coordinated

sequence, exemplifying the kind of designs that MedDCR can automatically uncover. Due to

space, the best workflow structure is provided in the Appendix D3.



CHAPTER 6

Conclusion

This thesis has examined how latent representations and latent structures can be deliberately

organised to support interpretability and controllability in vision and closely related mul-

timodal learning systems. Motivated by the limitations of opaque and entangled latent spaces

in contemporary deep learning models, the work set out to understand how task-relevant se-

mantic information can be distinguished from task-irrelevant variation, and how such structure

can be incorporated into learning objectives and model design.

The primary contribution of this thesis is the articulation and empirical validation of a

structured latent modeling perspective, in which interpretability and controllability are treated

as design objectives rather than incidental properties. Across a range of learning paradigms,

the thesis demonstrates that latent spaces benefit from exposing internal organisation aligned

with task semantics. By moving beyond monolithic latent embeddings toward selectively

structured representations, the proposed approaches enable more transparent analysis, targeted

intervention, and predictable model behaviour.

Central to this perspective is the principle of selective modeling. Instead of enforcing uniform

invariance or alignment across latent dimensions, the thesis shows that selectively preserving

information that is semantically or causally relevant to a task, while suppressing irrelevant

variation, leads to latent representations that are both more interpretable and more control-

lable. This principle is shown to be applicable across diverse settings, including perceptual

learning, visual reasoning, and multimodal generation, providing a unifying framework for

understanding how latent structure can be shaped to meet task-specific requirements.

80
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Beyond internal feature representations, this thesis further establishes that latent structure

can arise at the level of reasoning processes and computational workflows. By treating such

workflows as latent procedural constructs that can be learned, constrained, and analysed, the

thesis demonstrates that the same modeling principles extend naturally to complex reasoning

systems. This generalisation highlights that controllable and interpretable latent modeling is

not limited to representation spaces, but can also govern how models organise and execute

sequences of operations.

Throughout the thesis, emphasis has been placed on approaches that integrate naturally with

existing deep learning frameworks. The proposed methods rely on principled objectives,

constraints, and training strategies, rather than heavy supervision or extensive architectural

modification. This design choice demonstrates that meaningful latent structure can be induced

without sacrificing practicality or compatibility with modern large-scale models.

In summary, this thesis has contributed a coherent framework for understanding and design-

ing latent representations and latent processes that support interpretable and controllable

model behaviour. By explicitly structuring latent spaces and workflows around task-relevant

semantics, the work advances a principled approach to latent modeling that applies across

vision, multimodal learning, and agentic reasoning. Together, these contributions clarify how

latent structure can be leveraged to move beyond opaque end-to-end systems toward learning

models whose internal behaviour can be systematically understood and controlled.

6.1 Future outlook

The findings and methodologies developed in this thesis establish a foundation for several

promising avenues of future research.

Causal and Interventional Latent Modeling. The approaches developed in this thesis focus

on structuring latent representations and workflows according to task semantics, but they do

not explicitly model causal relationships among latent factors. Future work could incorporate

causal assumptions or interventional objectives to further disentangle latent variables and
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to support stronger guarantees under distribution shift. Integrating causal inference with

selective latent modeling may provide deeper insight into how latent factors influence model

predictions and how controlled interventions can be performed reliably.

Interactive and Continual Learning. The proposed methods are evaluated primarily in

static, offline learning scenarios. An important direction for future research is to extend

structured latent modeling to interactive, continual, or lifelong learning environments, where

task requirements and data distributions evolve over time. In such settings, maintaining

interpretable and controllable latent structure while accommodating continual adaptation

poses additional challenges, particularly in avoiding catastrophic forgetting and uncontrolled

drift in latent representations.

Latent Modeling in Large-Scale Agentic Systems. This thesis demonstrates that latent

modeling principles can be extended to agentic workflows, but the scope is limited to rel-

atively constrained reasoning pipelines. Future work could explore how structured latent

representations and workflows scale to more complex multi-agent or hierarchical systems,

where coordination, memory, and long-term planning play a central role. Understanding how

interpretability and controllability can be preserved as agentic systems grow in complexity

remains an open problem.

Human-Centred Evaluation. The interpretability of latent representations and workflows in

this thesis is primarily assessed through structural and behavioural analyses. Future research

could incorporate human-centred evaluation protocols to better understand how these latent

structures align with human expectations, reasoning processes, and trust. Such studies may

help bridge the gap between technical notions of interpretability and practical usability in

real-world applications.



APPENDIX A

Appendix of Chapter 2

A1 Ablation Analysis

Number of Augmented Instances. We conduct an experiment to assess the sensitivity of the

models to the number of augmented instances. Specifically, we adjust the number of views

from the set [1,3,5,10] and ‘dynamic’, and exam the performance on POE w/ OCP-CL. As

illustrated in Figure A.1, the models’ performance remains relatively stable when the number

of augmented instances ranges between 3 and 5. However, over-supplementing the data with

augmented instances can lead to a degradation in model performance. Interestingly, we find

that a dynamic number of augmentations depending on the class could benefit the models.

This is particularly relevant for ordinal regression datasets that suffer from class imbalance.

Specifically, by increasing the number of instances in underrepresented classes, we observe

an improvement in the overall performance of the methods.

FIGURE A.1. Ablation Study on the Number of Augmented Views.
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FIGURE A.2. Sensitivity Analysis on λ1 ratio.

Sensitivity Analysis on λ1. We conduct experiments to assess the impact of the mask

sparsity ratio, denoted as λ1, on the performance of the ordinal regression model across three

downstream tasks. For this purpose, we utilize POE w/ OCP-CL to examine sensitivity to

changes in λ1. We test five different sparsity ratios within the range of 1e-3 and 1. The

results, presented in Figure A.2, indicate that the ordinal regression model achieves optimal

performance when λ1 is set to 0.1 for all downstream tasks, and its performance decreases

linearly with increases in the ratio beyond 0.1.

A2 Additional Related Works

In this section, we provide additional background discussions relevant to our work. Spe-

cifically, we discuss recent advancements in Generative Data Augmentation, Disentangled

Representation Learning, and Nonlinear ICA and explore their relationship with our research.

Generative Models for Data Augmentations. Instead of generating data augmentations us-

ing predefined transformations, Generative Data Augmentation (GDA) employs an alternative

approach that leverages Deep Latent Variable Models (DLVMs) to generate new synthetic

views from existing samples, based on conditional generative processes. Antoniou et al., 2017

and Tran et al., 2017 propose the use of Generative Adversarial Networks (GANs) (Goodfel-

low et al., 2014; Xia et al., 2022) to create a broader set of augmented data. More recently,

Diffusion Models (DMs) (Sohl-Dickstein et al., 2015) have been utilized to alter high-level
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semantic attributes, thereby addressing the problem of lack of diversity along key semantic

axes in data augmentation (Trabucco et al., 2023). While these approaches can generate

impressive results that appear both realistic and novel, most of them are not guaranteed

to maintain the invariance of the original data. Our proposed method fulfills the need for

controllable generative data augmentation, offering a more trustworthy GDA approach.

Disentangled Representation Learning. The objective of Disentangled Representation

Learning (DRL) is to construct a model proficient in recognizing and isolating the latent

factors concealed within observable data (Wang et al., 2022a). This isolation into semantically

meaningful factors enhances the model’s ability to produce interpretable data representations,

thereby simulating the cognitive processes humans employ in understanding objects or

relationships. In the context of generative modeling, Higgins et al., 2017a introduce a β-

penalty coefficient for the KL divergence term in the evidence lower bound of a Variational

Autoencoder (VAE) (Kingma and Welling, 2013; Li et al., 2022b; Huang et al., 2022b;

Hong et al., 2024b; Lin et al., 2023) to balance latent channel capacity and independence

constraints with reconstruction accuracy. Subsequently, various modifications to VAE have

been introduced to improve its capability for disentanglement (Chen et al., 2018; Kumar et al.,

2017). These include the incorporation of either implicit or explicit inductive biases as well

as the utilization of diverse regularization techniques. On the other hand, InfoGAN (Chen

et al., 2016) was the first to address the problem of disentangling latent factors in Generative

Adversarial Networks, introducing an extra variational regularization of mutual information.

Lin et al., 2019 introduced InfoGAN-CR, an unsupervised extension of InfoGAN that includes

a contrastive regularizer to infer latent dimensions. Zhu et al., 2021 present PS-SC GAN,

which builds upon InfoGAN and features a Spatial Constriction (SC) strategy to extract

significant areas influenced by each latent dimension, along with a Perceptual Simplicity (PS)

approach to make the latent factors more unambiguous. Wei et al., 2021 propose a method

known as Orthogonal Jacobian Regularization (OroJaR) aimed at enhancing disentanglement

in generative models. OroJaR uses the Jacobian matrix to examine how output alterations

correspond to changes in input variables, specifically the latent dimensions. Our methods are

parallel to GAN-based DRL methods, wherein we disentangle the latent factors by introducing

the principle of minimal change.
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Nonlinear ICA. Nonlinear independent component analysis (ICA) theoretically addresses the

problem of disentangling latent factors when a nonlinear invertible transformation function

exists, mapping independent samples to the latent space Hyvarinen and Morioka, 2016;

Hyvarinen and Morioka, 2017. Recent developments Locatello et al., 2020; Zimmermann

et al., 2021; Xie et al., 2022; Kong et al., 2022 indicate that, within a conditional generative

process, the true latent factors might become identifiable when auxiliary information is

provided. Khemakhem et al., 2020 demonstrate that the joint data and latent space distributions

can be recovered, up to a simple transformation in the latent space, provided the generative

process conditions on a variable observed alongside the data. Von Kügelgen et al., 2021

employ two views of the same image to disentangle the latent factors into ordinal content

and non-ordinal components, with only the content component associating with the image’s

semantics. Our generative model leverages Nonlinear ICA theories to theoretically justify

the disentanglement of latent factors. By manipulating the ordinal content variable, while

keeping the ordinal content factors consistent, our model can generate augmented views that

preserve ordinal content.

A3 Intuition of Why Augmenting non-ordinal factors

Here, we provide further discussion on why augmenting non-ordinal factors in images can

benefit the training of ordinal regression/classfication models. In general, data augmentation

aims to modify the styling factors in original examples that are not related to the predictive

objectives of downstream tasks (Von Kügelgen et al., 2021).

In computer vision tasks, by changing the styles in images, we add more variety to the training

data. This helps the model not to focus too much on the specific styles it sees in the training

images. It teaches the model to recognize objects or features in images, no matter how the

style of the image changes. This is important because in the real world, images can come in

many different styles. So, adding style changes in training helps the model perform well on

all kinds of images
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In the context of ordinal regression, style information is referred to as non-ordinal information,

governed by underlying non-ordinal factors. Our method also aims to enrich style diversity by

altering non-ordinal information. This is achieved by randomly sampling non-ordinal factors

while maintaining the ordinal content factors, then generating examples based on these factors.

By preserving the ordinal content factors, we can change the image’s style while keeping its

ordinal content unchanged, thereby generating synthetic (counterfactual) images not seen

in the training data. This approach enables neural networks to access more samples with

diverse styles, thereby improving the generalization capabilities of ordinal regression models

for unseen samples. As demonstrated in Figure 7, by randomly sampling non-ordinal factors

while maintaining the ordinal content factors, we can alter various aspects of the image’s

style, such as people’s dressing, background, and camera angles, etc., ensuring the ordinal

content remains unchanged.

It is also important to emphasize two major advantages of our data augmentation methods:

Firstly, existing image augmentation strategies do not guarantee the preservation of ordinal

information during the augmentation process. For example, color jittering can change an

image’s color, potentially altering white hair to yellow, which could obscure the age of the

person in the image. Secondly, our proposed data augmentation method is general. Our

approach can be broadly applied to automatically infer ordinal content from other types of

information and generate new examples with guarantees. While primarily tested on image

data, our method’s framework should be adaptable to non-image data. This adaptability is not

achievable with traditional data augmentation methods, which mainly focus on image data.

For instance, applying rotations to non-image data is not feasible.

A4 Visualisation of Data Augmentation

We provide additional visualizations of the augmentation results. As shown in Figure A.3,

we conducted experiments on three ordinal regression datasets. Our findings indicate that

our augmentation method effectively retains age-related and weather-related features, while

simultaneously introducing significant stylistic variations. In the case of diabetic retinopathy
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instances, the differences between the original and augmented views are subtle. Without

domain-specific knowledge, it is challenging to conclusively determine whether the ordinal

content has been preserved. Figure A.4 demonstrates the generative results for altering the

ordinal factors. For each instance, we fix the non-ordinal factors and replace the ordinal

factors with age-specific ordinal factors (i.e., representing different age groups). The age-

specific ordinal factor is extracted from training images of the corresponding age group. By

visualizing the results, we can observe that the age of the individuals has changed following

augmentation, while the styling information from non-ordinal factors remains similar. This

effectively illustrates the efficacy of our method in disentangling ordinal and non-ordinal

factors. We also present image generation results from a conventional GAN (Karras et al.,

2020) in Figure A.5. It is important to note an advantage of our method over conventional

GANs: the inability of conventional GANs to disentangle ordinal factors from non-ordinal

factors. This means they cannot guarantee the preservation of an image’s semantic information.

Additionally, our model focuses more on fine-grained details when constructing novel samples.

This is evident in the detailed modeling of age-related components in facial images. While

conventional GANs can achieve high generative quality, they sometimes fail to accurately

represent certain age-related features in the images, such as generate hair for infants and child

face for seniors.
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Augmentations

Instances

Augmentations

Instances

Augmentations

Instances

FIGURE A.3. Generated augmentations by augmenting the non-ordinal factors
ẑn.
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Augmentations

Instances

FIGURE A.4. Generated augmentations by augmenting the ordinal factors ẑo
with age-specific factors.

Ours

Conventional 
GAN

FIGURE A.5. Unconditional image generation results of conventional GAN
(the first Row) and Our method (the second Row).
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Appendix of Chapter 3

B1 Analysis of Object Detection and Image Inpainting

Method
Object Detection Image Inpainting

L-IoU (%↑) MSE (%↓) LPIPS (%↓)
Random 17.19 ± 0.6 0.91 ± 0.04 0.64 ± 0.01

SupPR (Zhang et al., 2023c) 19.65 ± 2.9 0.87 ± 0.06 0.55 ± 0.07

CoF Prompting (Ours) 19.74± 0.8 0.61 ± 0.01 0.47 ± 0.02

TABLE B.1. Object Detection and Image Inpainting Results of CoF Prompting
on LLaMA-7B.

Object Detection Table B.1 presents the quantitative performance of our CoF method com-

pared to baselines. CoF achieve increment over the random on the L-IoU by 14.8%. While

the quantitative results of SupPR and CoF are very similar in this tasks, with CoF slightly

higher in the metric. However, by observing the qualitative results in Figure 3.3, we can still

observe the difference in between the two methods, where CoF are more accurate in locating

the boxs and reconstruct the original input. We additional calcuate the failure rate, where the

predicted bounding boxs are completely disjoint to the ground truth boxs. Failure cases for

detection are detailed in Table B.2, where CoF reduces failures by 11.9% on LLaMA-7B for

object detection.

Image Inpainting As shown in Figure 3.3, the overall qualitative performance of LAVM on

inpainting task is exceptional. However, they still benefit from proper prompting. By applying

CoF prompting, the generated patches are more natural and of higher quality compared to

the baselines. Table B.1 (Right) shows that our CoF method quantitatively outperforms the
91
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Model Random CoF

LLaMA-7B w/ VQ-GAN 57.49 ± 3.7 51.63 ± 0.8

TABLE B.2. Failure Rates (↓) - Object Detection

baselines, achieving a 4.3% and 1.7% improvement in MSE and a improvement in LPIPS

over the second-highest prompting method.

B2 Thresholding Performance Analysis

LLaMA 300M w/ VQGAN

LLaMA 1B w/ VQGAN

FIGURE B.1. Image Segmentation and Pose Estimation Results for various
black rate thresholding. Our method consistently outperforms the baselines on
different pre-trained models across various threshold rates, demonstrating the
stable performance of CoF prompting.

In this section, we analyze segmentation performance by thresholding the black rate of the

prediction. The black rate represents the proportion of the black area in the predicted results.

We assess the performance of COF prompting at different sizes of the predictable object to
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ensure its contribution is stable to the LAVMs. Figure B.1 demonstrates the performance

comparison between COF prompting and the Random baseline across two metrics. Across

varying thresholds, COF consistently outperforms the Random baseline. This showcases that

COF prompting maintains robust performance in enhancing the predictive capabilities of

LAVMs regardless of the size of the predictable object.

B3 Visualisation of Results of LAVM w/ LLaMA-1B

Here we present qualitative results of image segmentation and pose estimation using LAVM

with LLaMA-1B. As demonstrated in Figure B.2, using CoF prompting significantly improves

the accuracy of object mask identification for image segmentation. Similarly, the quality of

the estimated skeletons is also better when applying CoF prompting.

B4 Reversing Order of intermediate Reasoning Steps

Prompting Method

LLaMA-7B

Image Segmentation Pose Estimation

IoU (%↑) P-ACC (%↑) IoU (%↑) P-ACC (%↑)
COF 52.53 67.05 2.80 13.34

COF-reversed 49.65 65.37 2.71 10.52

TABLE B.3. Reversed Intermediate Reasoning Steps with the LAVM w/
LLaMA-7B

The core of CoF prompting is to generate a series of intermediate reasoning steps for sequen-

tially prompting the LAVMs. The reasoning path is created based on the saliency paths we

identify within individual images. Here, we explore whether the order of reasoning steps will

affect the in-context learning of LAVMs. To this end, we present a qualitative comparison

in Figure B.3 and a quantitative comparison in Table B.3. It is observed that reversing the

order of the intermediate steps can impact the in-context predictions of LAVMs; however,

compared to the predictions in Figure 3.3, we can conclude that reverse sequential prompting

is still better than directly showing the LAVMs the full target.
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FIGURE B.2. Results on LLaMA-1B Model. The first and fourth rows are the
original test inputs for image segmentation and pose estimation, respectively.
Orange boxes show the predictions given random prompts. Blue boxes show
the predictions using Chain-of-Focus prompting.

B5 Dependency on Saliency Detectors

Measuring saliency (Huang et al., 2023b) is an important step in our method. Here, we

assess the sensitivity of our prompting method to variations in saliency detectors, we further

employed a different approach: GradCAM (Selvaraju et al., 2017) to compute saliency

scores. Figure B.4 demonstrate the different attention maps visualized from GradCAM and

U2-Net, respectively. Table B.4 shows the results for the LLaMA-7B LAVM on the four tasks,

comparing U2-Net and GradCAM. Notably, switching the method for measuring saliency

scores does not result in significant differences in performance. Based on the observation, we
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FIGURE B.3. Qualitative Results of reversing intermediate reasoning steps
with the LAVM w/ LLaMA-7B. The second row shows the CoF prompting
output. The third row show the results of using the same prompt, but reversing
the order in intermediate steps.

conclude that both approaches effectively detect salient regions, and the consistent in-context

learning performance further highlights the robustness of our approach.

Prompting Method\Task Segmentation Pose Estimation Object Detection Image Inpainting
IoU (↑)/ P-ACC (↑) IoU (↑)/ P-ACC (↑) L-IoU (↑) MSE (↓) / LPIPS (↓)

CoF Prompting w/ GradCAM 52.68 / 67.14 2.77 / 13.16 19.77 0.63 / 0.51
CoF Prompting w/ U2-Net 52.53 / 67.05 2.80 / 13.34 19.74 0.61 / 0.47

TABLE B.4. Comparison of CoF Prompting with different saliency detectors.

B6 Additional Qualitative Results

In this section, we present additional visualizations of the image segmentation and pose

estimation tasks to illustrate the in-context learning performance of COF prompting. For

image segmentation, the results for the LLaMA-300M model are depicted in Figure B.6,

while Figure B.7 showcases the outcomes for the LLaMA-1B model. For pose estimation,

we provide visual evidence of the improved performance facilitated by COF prompting

using LLaMA-300M (Figure B.8) and LLaMA-1B (Figure B.9). These results demonstrate

the efficacy of our method in enhancing LAVMs’ predictive ability on both tasks through

structured, reasoning-based prompting. Based on these additional visualizations, as well as

the results shown in Figure 3.3, we can observe that larger models have strong predictive
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FIGURE B.4. Visual Attention of different saliency detectors. Green boxes
show the results given by GradCAM. Yellow boxes show the results given by
U2-net.

power on both tasks. This implies that, in order to achieve predictive capabilities similar to

expert models, we will need to scale up the parameter size of the models as well as the size of

the training data.

B7 Limitations and Future Directions

While visual prompting methods can potentially enhance the predictive performance of

Large Vision Models, their limitations are constrained by the capacity of these models.

Practical usage of LAVMs requires stronger and more robust pretrained models, along with

the advancement of in-context learning methods. Instances where current LAVMs produce

pure black predictions highlight their fundamental instability, raising concerns about their

trustworthiness in real-world deployment.

We observed that the failure cases are primarily associated with two factors: model scale

and prompt selection. Model scale is the major factor, as LAVMs with larger parameter

sizes tend to exhibit fewer failure cases. Failure cases can also arise from the choice of
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visual prompts, and our experiments demonstrate that the proposed prompt selection module

effectively reduces the number of failures.

To further investigate, we identified prompts that previously caused failures in in-context

predictions and were not encountered by the model during pre-training. We then switched

the test input while using the same failure-inducing prompts, and the failure persisted across

different test inputs. However, when we replaced the prompts with training samples from

datasets used in the pre-training process, the success rate significantly increased. Based on

these observations, we hypothesize that the root cause of failure cases is related to the model’s

out-of-distribution generalization ability with respect to the prompts. The model may fail to

perform in-context learning if the prompts are unseen during pre-training or exhibit a domain

gap.

The community as a whole desires a unified solution for all vision tasks. Therefore, the

authors advocate for continued research into building robust large vision models.
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FIGURE B.5. Ground Truth Visualization for the test input.
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FIGURE B.6. Image Segmentation Results from LLaMA-300M w/ VQ-GAN
using COF prompting.

FIGURE B.7. Image Segmentation Results from LLaMA-1B w/ VQ-GAN
using CoF prompting.



100 B APPENDIX OF CHAPTER 3

FIGURE B.8. Pose Estimation Results from LLaMA-300M w/ VQ-GAN
using COF prompting.

FIGURE B.9. Pose Estimation Results from LLaMA-1B w/ VQ-GAN using
CoF prompting.
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Appendix of Chapter 4

C1 Theoretical Results and Proofs

C1.1 Notations and Definitions

We introduce key notations and definitions as follows.

Let XV ∈ XV (video) and XA ∈ XA (audio) be two modalities. Pretrained encoders produce

ẐV = (ẐV,1, . . . , ẐV,d), ẐA = (ẐA,1, . . . , ẐA,d) ∈ Rd. (C.1)

We introduce learnable invertible reparameterizations

qV , qA : Rd → Rd, (C.2)

and define

Z̃V = qV (ẐV ), Z̃A = qA(ẐA). (C.3)

We learn mask functions

MV : Rd × Rd → {0, 1}d, MA : Rd × Rd → {0, 1}d, (C.4)

so that for each sample the model produces binary masks

MV (Z̃V , Z̃A), MA(Z̃V , Z̃A) ∈ {0, 1}d, (C.5)
101
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Denote their supports (or selected indices) by

S̃V := SV (Z̃V , Z̃A) = { i :MV,i(Z̃V , Z̃A) = 1}, (C.6)

S̃A := SA(Z̃V , Z̃A) = { i :MA,i(Z̃V , Z̃A) = 1}. (C.7)

Let Z̃ S̃V
V ⊆ Z̃V and Z̃ S̃A

A ⊆ Z̃A be the selected variables induced by learnable masks, i.e.,

Z̃ S̃V
V = (Z̃V,i)i∈S̃V , Z̃ S̃A

A = (Z̃A,i)i∈S̃A , S̃V = [d] \ S̃V and S̃A = [d] \ S̃A, (C.8)

for any set S̃V ⊆ [d] and set S̃A ⊆ [d].

Write S†
V ⊆ [d] (resp. S†

A) for the true minimal Markov blanket of XA in ZV (resp. of XV in

ZA). In other words, S†
V is the smallest subset satisfying that conditioning on {ZV,i : i ∈ S†

V }

renders all other latent coordinates irrelevant to XA. The analogous property holds for S†
A.

Reconstruction quality is measured via true conditional entropy:

H(XA | Z̃ S̃V
V ) = −E

[
log p(XA | Z̃ S̃V

V )
]
, H(XV | Z̃ S̃A

A ) = −E
[
log p(XV | Z̃ S̃A

A )
]
. (C.9)

Let QgA(XA | ·) and QgV (XV | ·) be decoder families. We optimize

LV (MV , qV , gA) = E
[
− logQgA

(
XA |MV (Z̃V , Z̃A)⊙ Z̃V

)]
+ λE

[
∥MV (Z̃V , Z̃A)∥1

]
,

(C.10)

and symmetrically LA(gV , qV ,MA) for audio→video.

DEFINITION 2 (Minimum Sufficient Latents). Given index sets S̃V , S̃A ⊆ [d], we say that the

pairs
(
Z̃ S̃V
V , Z̃ S̃A

A

)
are Minimum Sufficient Latents if they satisfy

I
(
Z̃ S̃V
V ; XA

)
= I

(
Z
S†
V

V ; XA

)
, I

(
Z̃Vj ; XA | Z̃ S̃V

V

)
= 0 ∀ j /∈ S̃V ,

I
(
Z̃ S̃A
A ; XV

)
= I

(
Z
S†
A

A ; XV

)
, I

(
Z̃Aj ; XV | Z̃ S̃A

A

)
= 0 ∀ j /∈ S̃A.

C1.2 Assumptions

We introduce the assumptions required by our method as follows.
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ASSUMPTION 1 (DAG & d-Separation). The joint distribution of (ZV , ZA, XV , XA) factors

according to a DAG satisfying the global Markov property and faithfulness.

Hence for any SV ⊆ [d],

XA ⊥ ZSV
V | ZSV

V ⇐⇒ I
(
ZV,i;XA | ZSV

V

)
= 0 ∀i /∈ SV , (C.11)

and the same condition holds when V and A are interchanged.

ASSUMPTION 2 (Block-wise Reparameterization). The joint function class for (qV , qA) is

rich enough that there exist invertible maps

q∗V , q
∗
A : Rd → Rd (C.12)

and index-sets S̃†
V , S̃

†
A ⊆ [d] satisfying

I
(
q∗V (ZV )

S̃†
V ;XA

)
= I

(
Z
S†
V

V ;XA

)
, I

(
q∗V (ZV )j;XA | q∗V (ZV )S̃

†
V

)
= 0 ∀j /∈ S̃†

V . (C.13)

ASSUMPTION 3 (Decoder Universality). For any S ⊆ [d], mingA E[− logQgA(XA | Z̃ S̃V
V )]→

H(XA | Z̃ S̃V
V ) and similarly for XV | Z̃S

A.

ASSUMPTION 4 (Mask Universality). The mask networks MV ,MA are sufficiently expressive

to realize any mapping Rd × Rd → {0, 1}d, i.e. choose any support S ⊆ [d] for each sample.

ASSUMPTION 5 (Penalty-Range). For any subset S̃V ⊆ [d] and index i ∈ [d], define

∆V,i(S̃V ) = I
(
Z̃V,i;XA | Z̃ (S̃V \{i})

V

)
,

which is the mutual information between Z̃V,i and XA conditioned on the remaining variables

Z̃
(S̃V \{i})
V = {Z̃V,j : j ∈ S̃V \ {i}}. There exists a constant λ such that

max
j /∈S̃†

V

∆V,j([d]) < λ < min
i∈S̃†

V

∆V,i(S̃
†
V ),

and the same condition holds when V and A are interchanged.

Note that above assumptions are common. Assumption 1 is a fundamental assumption

in causality (Peters et al., 2017). Assumption 2 merely requires that our networks qV , qA
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have sufficient capacity to “whiten” or disentangle the small block of truly shared latents.

Assumption 3 assumes that deep decoders can approximate any conditional density arbitrarily

well, so cross-entropy minimization recovers true conditional entropy. Assumption 4 implies

stipulate that our mask networks are expressive enough to pick any subset of coordinates

per example. All these assumptions 2, 3, 4 have been supported by universal approximation

theory of deep learning methods (Huang et al., 2024a). Finally, Assumptions 5 implies that

the sparsity weight λ can be chosen to lie between the minimal utility of a shared factor and

the maximal spurious contribution of a non-shared factor. In practice, we can just make λ be

sufficiently small.

C1.3 Theoretical Results

The following lemma shows that, by minimizing the cross-entropy loss of a decoder trained to

reconstruct a short audio segments from the selected learned representations of video frames,

one asymptotically recovers the conditional entropy of reconstructed short audio segments

given those representations. The same result holds when swapping the roles of video V and

the audio A.

LEMMA 3 (Cross-Entropy Reduction to Conditional Entropy). Under Assumption 3, for any

fixed mask function MV and fixed qV , we have

min
gA

E
[
− logQgA

(
XA |MV (Z̃V , Z̃A)⊙ Z̃V

)]
−→ E

[
H
(
XA | Z̃ S̃V

V

)]
, (C.14)

where Z̃V = qV (ZV ) and SV (z̃V , z̃A) = support
(
MV (z̃V , z̃A)

)
.

PROOF. Let

L(MV , gA) = E
[
− logQgA

(
XA |MV (Z̃V , Z̃A)⊙ Z̃V

)]
. (C.15)

By the interchange of minima,

min
MV ,gA

L(MV , gA) = min
MV

[
min
gA

L(MV , gA)
]
. (C.16)
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Fix any mask MV . Then by Assumption 3 (Decoder Universality),

min
gA

L(MV , gA) = min
gA

E
[
− logQgA(XA | Z̃ S̃V

V )
]
−→ E

[
H(XA | Z̃ S̃V

V )
]
. (C.17)

Note that (XA |MV (Z̃V , Z̃A)⊙ Z̃V = Z S̃V
V by definition, since the mask selects exactly those

components. Therefore, the proof is complete. □

The following lemma shows that any mask–decoder pair minimizing the cross-entropy recon-

struction loss inevitably selects a subset of video representations that retains the full mutual

information with the audio segment, i.e., it forms a sufficient statistic for the audio segment.

The same result holds when swapping the roles of video V and the audio A.

LEMMA 4 (Sufficientness of Reconstruction). Fix any invertible qV . Under Assumptions 1–4,

any mask–decoder pair (MV , gA) that minimizes E[− logQgA(XA |MV ⊙ Z̃V )] must satisfy,

for every sample,

I
(
Z̃ S̃V
V ;XA

)
= I

(
Z̃V ;XA

)
. (C.18)

In other words, the selected coordinates form a sufficient statistic for XA.

PROOF. For notational simplicity, we omit the arguments (Z̃V , Z̃A) when writing M̂V (Z̃V , Z̃A).

Fix qV and consider any minimizer (M̂V , ĝA) of the cross-entropy. By Lemma 3, this pair

also minimizes E[H(XA | Z̃ S̃V
V )]. Under Assumption 4, the mask MV is expressive enough

to choose the index set S̃V arbitrarily for each sample. Hence the minimization decomposes

per sample: for each (z̃V , z̃A), we pick

SV (z̃V , z̃A) ∈ arg min
S̃⊆[d]

H
(
XA | Z̃ S̃V

V = z̃S̃VV
)
. (C.19)

Recall that for any fixed S̃v,

H(XA | Z̃ S̃V
V ) = H(XA)− I(Z̃ S̃V

V ;XA), (C.20)

By the causal faithfulness and causal Markov properties (Peters et al., 2017) (analogous to

Assumption 1, but applied to the variables produced by the neural network), it gives

I(Z̃ S̃V
V ;XA) ≤ I(Z̃V ;XA) ⇐⇒ H(XA | Z̃ S̃V

V ) ≥ H(XA | Z̃V ). (C.21)
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Hence the unique minimizer of H(XA | Z̃ S̃V
V ) is any S satisfying

H(XA | Z̃ S̃V
V ) = H(XA | Z̃V ), (C.22)

which is equivalent to

I(Z̃ S̃V
V ;XA) = I(Z̃V ;XA). (C.23)

Thus for each sample, I(Z̃SV (z̃V ,z̃A)
V ;XA) = I(Z̃V ;XA), completing the proof. □

The following lemma shows that adding an ℓ1-penalty on the mask encourages sparsity: the

optimal mask discards all non-shared coordinates and exactly recovers the minimal shared

block of the variables produced by the neural network.

LEMMA 5 (Sparsity-Induced Minimality). Fix any invertible qV . Under Assumptions 3–5,

the joint minimizer

(M∗
V , g

∗
A) = arg min

MV ,gA

{
E
[
− logQgA(XA |MV ⊙ Z̃V )

]
+ λE[∥MV ∥1]

}
(C.24)

satisfies, for almost every sample,

S∗
V (Z̃V , Z̃A) = S̃†

V , I
(
Z̃V,j;XA | Z̃

S̃†
V

V

)
= 0 ∀j /∈ S̃†

V . (C.25)

That is, the mask prunes away all non-shared coordinates, recovering exactly the minimal

shared block.

PROOF OF LEMMA 5 (SPARSITY-INDUCED MINIMALITY). Fix qV . As before, by De-

coder Universality (Lemma 3) the joint minimization over (MV , gA) is equivalent to

min
MV

E
[
H
(
XA | Z̃ S̃V

V

)
+ λ |S̃V |

]
. (C.26)

Since MV can choose S̃V per sample (Assumption 4), we solve for each (z̃V , z̃A):

min
S̃⊆[d]

f(S̃) where f(S̃) = H
(
XA | z̃S̃VV

)
+ λ |S̃|. (C.27)

For any j /∈ S̃, adding j changes f by

f(S̃ ∪ {j})− f(S̃) = −I
(
Z̃V,j;XA | Z̃ S̃V

V

)
+ λ. (C.28)
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By Assumption 5, I(Z̃V,j;XA | Z̃ S̃V
V ) ≤ ∆V,j([d]) < λ, so f(S ∪ {j}) > f(S) and no

non-blanket index is added. Similarly, for any i ∈ S, dropping i changes f by

f(S̃ \ {i})− f(S̃) = I
(
Z̃V,i;XA | Z̃ S̃\{i}

V

)
− λ, (C.29)

and Assumption 5 ensures this is positive for all i ∈ S̃†
V . Hence the unique minimizer is

S̃ = S̃†
V , and I(Z̃V,j;XA | Z̃

S̃†
V

V ) = 0 for j /∈ S̃†
V , as required. □

The following theorem shows that, when jointly optimizing encoders, masks, and decoders

with our bidirectional objective over both video and audio representations, the global min-

imizer precisely aligns and recovers the shared latent blocks—i.e. it achieves exactly the

block-alignment specified in Definition 2.

THEOREM 2 (Global Block-Alignment and Recovery). Under Assumptions 1, 2, 3, 4 and 5,

the global minimizer of Objective 7 yields
(
Z̃
S̃∗
V

V , Z̃
S̃∗
A

A

)
that satisfies Definition 2.

PROOF. We decompose the total training objective into two symmetric parts,

L = LV→A(qV ,MV , gA) + LA→V (qA,MA, gV ),

where, for instance,

LV→A(qV ,MV , gA) = E
[
− logQgA

(
XA |MV (Z̃V , Z̃A)⊙ qV (ZV )

)]
+ λE

[
∥MV ∥1

]
.

1. Existence of an optimal block-aligned configuration. By Assumption 2, there exist

(q†V ,M
†
V ) and g†A such that

M †
V (z̃V , z̃A) ≡ S̃†

V , LV→A(q
†
V ,M

†
V , g

†
A) = H

(
XA | Z̃

S̃†
V

V

)
+ λ |S̃†

V |.

The same argument applies to the audio-to-video term, yielding (q†A,M
†
A, g

†
V ).

2. Optimality of the shared supports. Fix any candidate (qV ,MV , gA). First, for a fixed

encoder qV , Lemma 3 (Decoder Universality) shows that

min
gA
LV→A(qV ,MV , gA) = E

[
H(XA | Z̃ S̃V

V )
]
+ λE

[
|S̃V |

]
.
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Lemma 4 then implies any minimizer MV must satisfy

I
(
Z̃ S̃V
V ;XA

)
= I

(
Z̃V ;XA

)
.

Next, we allow qV itself to vary. By Assumption 2, the encoder family contains some q†V that

minimizes the conditional entropy E[H(XA | Z̃
S̃†
V

V )]. Lemma 5 ensures the unique sparsest

choice of S̃V is S̃†
V . Altogether, when λ is sufficiently small, the global minimizer of the

video→audio term satisfy

q∗V = q†V , M∗
V (·) = S̃†

V .

An identical chain of reasoning on LA→V yields

q∗A = q†A, M∗
A(·) = S̃†

A.

Therefore, at the global optimum both pairs
(
Z̃
S̃∗
V

V , Z̃
S̃∗
A

A

)
thus coincide with the unique

minimal sufficient latents
(
Z̃
S̃†
V

V , Z̃
S̃†
A

A

)
, so they satisfy Definition 1. □

C2 Cascade Diffusion Model

Building on the aligned latent representations from Stage I, we generate video and audio

in a cascaded manner using independently finetuned single-modal diffusion models. As

illustrated in Figure 3 (II), the process begins by generating a video from a text prompt

using a video latent diffusion model. The resulting visual latent zTv is then adapted through a

lightweight projection network Pθ, producing an audio-guiding latent z̃a that encodes visually

grounded cues. This latent, along with the original text embedding, conditions the subsequent

audio generation. By structuring the process in this cascaded fashion, we ensure that the

audio is temporally and semantically aligned with the generated video content. Notably,

the pretrained diffusion backbones remain frozen during training, and only the adapters are

updated, preserving modularity and enabling efficient adaptation to downstream multimodal

generation tasks.
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As music plays in the background, a group of people can 
be seen chatting and applauding in the video, which 
captures various scenes and attractions from Disneyland. 
Visitors are shown enjoying rides, meeting characters, 
and exploring different themed lands throughout the 
park.

A pristine sky with a few white clouds, white 
snow-capped mountains in the distance and the sound of 
birds chirping in the background.

Animatediff 

AudioLDM 

Diff-Foley 

TAVDiffusion 

Ours 

Text Prompt 

FIGURE C.1. Additional Text-to-Audio-Video generation results compared
with other baselines. We use the same text prompt as in (Mao et al., 2024) for
our demonstration and compare the method against multiple baselines (An-
imatediff (Guo et al., 2023), AudioLDM (Liu et al., 2023a), Diff-Foley (Luo
et al., 2023), and TAVDiffusion (Mao et al., 2024)).

Diffusion Formulation Let xt denote the input text prompt, which is encoded via a pretrained

text encoder ft(·) to obtain zt = ft(xt). The video generation begins by sampling Gaussian

noise z0v ∼ N (0, I), which is progressively denoised through the reverse diffusion process:

zt−1
v =

1
√
αt

(
ztv −

1− αt√
1− ᾱt

· ϵθv(ztv, zt, t)
)
+ σt · ϵ, ϵ ∼ N (0, I). (C.30)

Once the final video latent zTv is obtained, it is projected into an audio-guiding latent z̃a =

Pθ(zTv ). Audio generation is then conditioned on both z̃a and zt using an analogous denoising
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process:

zt−1
a =

1
√
αt

(
zta −

1− αt√
1− ᾱt

· ϵθa(zta, z̃a, zt, t)
)
+ σt · ϵ, ϵ ∼ N (0, I). (C.31)

The generated latents are subsequently decoded using pretrained decoders to obtain the final

outputs: x̂v = gv(z
T
v ) and x̂a = ga(z

T
a ).

A dog barking in the snow.A dog barking under the sun.

A man in blue suit playing guitar. A man in white suit playing guitar.

A panda eating bamboo. An elephant eating bamboo.

FIGURE C.2. Change of audible or non-audible attributes to the generative
results.
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A black horse gallops through a misty valley its hooves echoing loudly.

A boy runs across a frozen lake under the northern lights.

A marching band parades down a city street during a festival.

A cyclist races down a mountain trail.

A lion roars in the middle of the savannah.

A firefighter sprays water at a burning building and fire alarm beeping.

FIGURE C.3. Additional Text-to-Audio-Video generation results by our pro-
posed framework.
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C3 Additional Results

We present additional visualizations of our T2AV-generated results in Figure C.1. Using the

same text prompts as those in (Mao et al., 2024), we generate audio-video pairs and compare

them against existing baselines. In the Disneyland scene, our model produces vertically

structured spectrogram features that plausibly correspond to discrete auditory events such

as applause or exclamations, reflecting a diverse and dynamic soundscape. In the sky with

bird chirping scene, we observe consistent, rhythmic patterns in the spectrogram that align

with natural bird calls, indicating accurate temporal grounding of audio events. These results

highlight the model’s ability to synthesize semantically coherent and temporally aligned audio

conditioned on visual content. Additional examples are provided in Figure C.1.

C4 Sensitivity Test

We conduct a sensitivity analysis to probe how the system responds to prompt variations that

(i) alter non-audible attributes (e.g., background, static non-audible objects) while keeping

the sound-causing event unchanged, and (ii) alter audible attributes (e.g., object/action that

produces sound) while holding non-audible details fixed. As shown in Figure C.2, for

each prompt pair, we generate matched video-audio samples under identical random seeds.

Qualitatively, we visualize spectrograms alongside key video frames to inspect whether non-

audible edits leave the soundtrack invariant and whether audible edits induce commensurate

changes in rhythm and energy. Ideally, non-audible edits should produce minimal shifts in

audio metrics, while audible edits should yield significant, directionally consistent changes.

This analysis clarifies which aspects of the prompt our model treats as causally relevant for

sound synthesis and highlights residual entanglements where visual-only edits still perturb

the audio.
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α AVH↑ CAVP↑ FAD↓

0.001 0.174 0.150 5.52
0.01 0.197 0.159 5.60
0.1 0.206 0.165 5.49
1 0.199 0.154 5.31

TABLE C.1. Grid search
summary for α.

λ AVH↑ CAVP↑ FAD↓

1 0.208 0.161 7.03
5 0.206 0.165 5.49
10 0.174 0.150 7.42

100 0.172 0.141 6.97

TABLE C.2. Grid search
summary for λ.

C5 Hyperparameter Studies

We study how the alignment weight α and sparsity weight λ affect performance in Table C.1

and C.2. We sweep α ∈ {0.001, 0.01, 0.1, 1} and λ ∈ {1, 5, 10, 100} on a validation split,

measuring AVHScore and CAVP similarity (alignment), FAD (audio quality). In unidirectional

setting the FVD is not affected by alignment. We Find that: Reducing α too much weakens

the latent coupling, leading to semantic drift between modalities (e.g., misaligned motion

and sound). Excessively high λ over-prunes the mask. Disabling sparsity results in overly

dense masks, which fail to isolate cross-modal signals and slightly reduce performance in

AVHScore and CAVP similarity.

C6 Limitations

While our cascaded T2AV framework demonstrates strong performance in both generative

quality and cross-modal alignment, several limitations remain. First, the reliance on sequential

generation, where video is produced before audio, introduces unidirectional dependency that

may constrain expressiveness in audio-visual co-synchronization, particularly for content

requiring tight mutual feedback. Second, the alignment mechanism is trained on temporally

segmented clips, which may limit its ability to generalize to complex or highly dynamic

temporal structures in longer sequences. Third, although we finetune the diffusion models to

better adapt to generated embeddings, the overall generation quality remains bounded by the

capacity and resolution of the pretrained backbones, which are not jointly optimized with the

alignment modules.
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Appendix of Chapter 5

D1 Medical Coding Background

Medical coding task. Medical coding is the process of translating unstructured clinical

documentation into standardized diagnostic and procedural codes, most commonly following

the International Classification of Diseases (ICD) standard. Each clinical note may contain

multiple diagnoses, procedures, and contextual information that must be mapped to corres-

ponding ICD-10-CM (diagnosis) and ICD-10-PCS (procedure) codes. The task is inherently

multi-label and context-dependent.

Example. Consider the following excerpt from a fabricated discharge summary:

“The patient was admitted for acute myocardial infarction and underwent

coronary artery bypass graft (CABG). The postoperative course was un-

complicated.”

A correct ICD-10-CM coding outcome for this note includes:

• I21.3 — ST elevation (STEMI) of unspecified site.

and for ICD-10-PCS (procedure codes):

• 021009W — Bypass coronary artery, one site, autologous vein, open approach.

Challenges. Accurate code assignment requires multiple reasoning steps:

(1) Identifying relevant clinical entities (e.g., diseases, procedures).
114
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(2) Consulting external resources such as the ICD alphabetic index and tabular list.

(3) Applying coding guidelines (e.g., sequencing, laterality, and exclusion rules).

(4) Cross-checking consistency between diagnoses and procedures.

For example, a note describing “Type 2 diabetes with chronic kidney disease” must yield both

the primary diagnosis (E11.22) and the complication (N18.9) while respecting guideline-

specific linkage rules.

Motivation for automation. Given the need for cross-referencing multiple resources and

enforcing rule-based logic, medical coding naturally lends itself to workflow-based reasoning

rather than direct text classification. The MedDCR framework aims to automate this multi-

step reasoning process by discovering workflows that can effectively combine tool use, rule

application, and reflection.

D2 Data Consent and Usage

All datasets used in this study are derived from publicly available, de-identified clinical

corpora with appropriate data use agreements. The MDACE dataset (Cheng et al., 2023a) is

constructed from the MIMIC-III database (Johnson et al., 2016), which contains de-identified

electronic health records from the Beth Israel Deaconess Medical Center. Access to MIMIC-

III requires completion of the PhysioNet credentialing process and acceptance of a data use

agreement that prohibits any attempt at patient re-identification. Our use of MDACE fully

complies with these requirements.

The ACI-BENCH dataset (Yim et al., 2023) is publicly released under an open-access license

and contains synthetic or anonymized clinical notes for benchmarking purposes. No protected

health information (PHI) was accessed or processed in any part of this study. All experiments

were conducted in accordance with institutional data governance and ethical use policies.
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D3 Case Study and Pseudo-Code of the Searched Workflow

Overview. To better illustrate how MedDCR operates in practice, we present the best

workflows discovered on the ACI-Benchmark dataset. This case study corresponds to the

pointed workflow in Figure 5.2, showing how iterative search progressively refines design

choices through reflective feedback and archive-guided learning (Algorithm ??).

Workflow evolution. In early iterations, the Designer generated linear pipelines focused

mainly on entity extraction and description matching. As search progressed, reflective

feedback encouraged the integration of verification and reconciliation steps, such as cross-

checking alphabetic and tabular index results or re-validating low-confidence predictions.

The final workflow incorporates diagnostic reasoning, combining multiple coding tools with

validation and guideline enforcement to ensure consistency for the final predictions.

Pseudo-code of the searched workflow. The pipeline balances recall and precision through

a two-stage process. In the first stage (Lines 1–7, Algo ??), it expands recall by generating

a large pool of candidate codes from multiple sources including alphabetic index lookup

with extracted terms (expanded with synonyms), term-based, and note-based proposals from

LLMs, ensuring broad coverage. In the second stage, precision is progressively enforced

through validation, evidence linking, and filtering. Invalid codes are removed via rule checks,

an evidence-aware judge filters low-confidence candidates based on τkeep, and contrastive

screening γ prunes near-duplicates. Finally, reranking integrates judge scores, description

similarity, and evidence strength to prioritize high-precision codes while maintaining recall

from the initial expansion.

D4 Meta-Prompt and Coding Tools

D4.1 Meta-Prompt for the Designer Agent

The Designer agent is instructed through a meta-prompt that defines its role, input exemplars,

design constraints, and expected JSON output format. The prompt dynamically incorporates
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the top-k best-performing and n most-recent workflows from the memory archive. Below is

the formatted version of the prompt used in this study.

This meta-prompt encourages creativity while constraining the Designer to produce executable,

guideline-compliant workflow plans. Tool signatures are embedded to ensure awareness of

available operations and their expected parameters.

D4.2 Meta-Prompt for the Coder Agent

The Coder agent translates workflow plans from the Designer into executable Python code

that implements the proposed controller. The prompt strictly enforces the plan order, ensures

syntactic validity, and outputs JSON-formatted code only. The full formatted prompt is shown

below.

The Coder’s self-fixing loop detects non-executable code via Python traceback parsing and

regenerates corrected versions until a valid workflow is obtained.

D4.3 Meta-Prompt for the Reflector Agent

The Reflector agent evaluates workflow executions, producing both quantitative scores and

textual feedback. It receives the workflow plan, predictions, and gold codes, and is responsible

for scoring and analysing workflow effectiveness. The structured prompt used is shown below.

The textual feedback is appended to the archive and shown to the Designer in the next iteration,

enabling reflective learning.

D4.4 ICD-10 Coding Tool List

The framework provides a curated library of coding tools accessible to both the Designer and

Coder agents. These tools are mainly adopted from the simple-icd-10-cm resource for CM

codes1, e.g.,

1A full list of tools is available at https://github.com/StefanoTrv/simple_icd_10_CM

https://github.com/StefanoTrv/simple_icd_10_CM


118 D APPENDIX OF CHAPTER 5

• get_parent - returns the immediate parent of a code in the ICD-10-CM hierarchy;

prioritize_blocks disambiguates codes that can denote either a block or a

category.

• get_children - returns the immediate children of a code; if a code name is

ambiguous (both a block and a category), setting prioritize_blocks=True

treats it as the block (e.g., “B99” example).

• get_ancestors - returns all ancestor nodes (e.g., category to block to chapter)

of the given code, with optional block prioritization to resolve ambiguity.

• get_descendants - returns all descendant nodes of the given code, with optional

block prioritization for ambiguous names.

• is_ancestor - returns True iff a is an ancestor of b; optional flags control how

to interpret ambiguous block/category codes.

• is_descendant - returns True iff a is a descendant of b; with the same ambi-

guity controls.

• get_nearest_common_ancestor - returns the nearest common ancestor of

a and b (or empty string if none), with optional block/category disambiguation.

• is_leaf - returns True iff the code is a leaf (has no children) in the ICD-10-CM

hierarchy; supports block prioritization.

• code_to_text - returns the textual description associated with a given code.

• text_to_codes - maps natural-language text to candidate ICD-10-CM codes

(by matching code descriptions).

• load_taxonomy - loads the internal ICD-10-CM taxonomy data structure for

lookups and hierarchies.

• is_valid_code - checks whether the given ICD-10-CM code exists in the tax-

onomy.

and we additionally create more complex LLM-based tools for both ICD-10-CM (diagnoses)

and ICD-10-PCS (procedures):

• MedicalTermExtraction - retrieves medical terms from the note using Langex-

tract.
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• TabularIndexSearch - retrieves hierarchical and related codes from the tabular

list.

• DescMatch - computes similarity between ICD descriptions and note text.

• GuidelineValidator - applies ICD-10 coding rules to remove invalid or con-

flicting codes.

• Reconciler - merges duplicates and resolves inter-tool inconsistencies.

• EvidenceLinker - extracts supporting text snippets for each predicted code.

• Judge - assigns per-code confidence scores and keep/drop decisions.

Beyond the predefined toolset, the Designer agent is explicitly encouraged to invent new

tools using the same LLM interface (LLMAgentBase.run_text). When proposing

new operations, the Designer must specify their role, purpose, and expected input/output

signatures. This design encourages creative exploration of novel reasoning and validation

strategies, allowing MedDCR to continuously expand its operational toolkit beyond the initial

ICD-10 functions.

• LLMAgentBase.run_text(prompt, role, loops) - performs controlled

text generation for tasks such as code proposal, evidence linking, or reflection. Ex-

plicit roles (e.g., “coder”, “judge”, “reflector”) are specified, and parameters such as

loops are kept consistent with the workflow plan.

These tools collectively enable workflow designs that emulate professional coding processes,

combining retrieval, validation, and reasoning for robust code prediction.
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LISTING D.1. Meta-prompt of Designer Agent (Part-1)

You are designing a NEW controller for ICD-10 multi-label medical coding.

STAGE A (THIS TURN): PROPOSE A PLAN ONLY - DO NOT WRITE CODE.

Return a compact JSON plan that the system will implement later.

Think creatively while maintaining coding accuracy.

Rules:

- The plan is an ordered list of steps; each step is an object with an

↪→ operation key ("op")

and its required parameters.

- Exclude codes related to family history, negative, hypothetical, or

↪→ ruled-out mentions.

- Include key parameters when relevant (e.g., samples, threshold, k, strategy,

↪→ by).

- Avoid repeating recent workflow families unless changes are expected to

↪→ improve F1.

- Keep the workflow concise and executable; the system will validate it.

- You may combine or extend existing operations if logically beneficial.

Available Tool Signatures:

MedicalTermExtraction(note) - Extract medical terms from the medical notes

↪→ using LangExtract.

TabularIndexSearch(entity) - Retrive code description from tabular index.

DescMatch(codes, note) - Compute similarity between code descriptions

↪→ and note text.

GuidelineValidator(codes, ruleset) - Filter codes violating ICD-10 rules.

Reconciler(codes) - Merge duplicates or conflicting

↪→ predictions.

EvidenceLinker(note, codes, window, max_snips) - Extract evidence snippets per

↪→ code.

Judge(codes, evidence, strategy) - Assign per-code confidence scores.

...
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LISTING D.2. Meta-prompt of Designer Agent (Part-2)

Exemplars (for diversity & performance):

First are top performers by F1 (TOP_i), followed by the most recent attempts

↪→ (RECENT_i).

Use these to inspire but not copy - propose an improved or novel workflow.

Top_1:

[Exemplar Workflow i]

...

Recent_1:

[Exemplar Workflow j]

...

Deliverable (Stage A): Return STRICTLY ONE JSON OBJECT (no prose):

{

"name": "<controller name>",

"thought": "<why this plan should improve F1>",

"plan": [ { "op": "...", "...": "..." }, ... ]

}

If you introduce new operations, name them clearly - the system will map or

↪→ extend the op set.

DO NOT include executable code in this turn.
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LISTING D.3. Meta-prompt of Coder Agent

Stage B: Implement code that EXACTLY follows the accepted plan.

Implement ‘class Controller‘ for ICD-10 multi-label coding by following this

↪→ accepted plan JSON:

<INSERT PLAN JSON HERE>

Constraints:

- Keep EXACT signature:

class Controller:

def forward(self, task)

- Honour the plan order and parameters (thresholds, temperatures, samples, k,

↪→ strategies, etc.).

- Do NOT include any comments in code.

- Return STRICT JSON ONLY (no prose, no markdown):

{

"code": "class Controller:\n def forward(self, task):\n ..."

}

Implementation guidance:

- For LLM calls, use LLMAgentBase.run_text with explicit roles and keep

↪→ temperature/loops consistent with the plan.

- Always de-duplicate outputs.

=== REFERENCE EXAMPLES (for guidance only; DO NOT change your plan) ===

Reference plan JSON:

<example plan JSON>

Reference full implementation (follows the reference plan):

<example implementation code>

Additional example snippets:

<short code fragments for guidance>
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LISTING D.4. Meta-prompt of Reflector Agent

You are the Reflector agent in the MedDCR framework.

Your goal is to evaluate the performance of a medical coding workflow

and provide concise feedback that helps the Designer improve in the next

↪→ iteration.

Inputs:

- Workflow plan JSON describing the sequence of operations.

- Model predictions with supporting evidence spans.

- Ground-truth ICD-10 codes from the validation set.

- Quantitative scores (precision, recall, F1) computed for this workflow.

Tasks:

1. Verify the provided scores for correctness and internal consistency.

2. Identify the workflow’s strengths and weaknesses in terms of tool use,

reasoning order, and guideline adherence.

3. Analyse failure cases such as:

* incorrect entity extraction,

* guideline violations,

* missing or redundant validation steps,

* low-confidence or conflicting predictions.

4. Provide concise textual feedback that diagnoses the cause of errors

and suggests actionable refinements (e.g., add validation, change order of

↪→ tools, adjust threshold).

5. Maintain objectivity-do not modify the workflow plan or fabricate new

↪→ scores.

Return STRICT JSON ONLY (no prose, no markdown):

{

"score": {

"precision": <float>,

"recall": <float>,

"f1": <float>

},

"feedback": <str>"

}

Example feedback:

<Example Feedback>
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