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Between the idea
And the reality
Between the motion
And the act
Falls the Shadow

v

— T S. Eliot, The Hollow Men
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ABSTRACT OF THE DISSERTATION

Multimodal Understanding, Alignment and Reasoning in Language Models

by

Junda Wu

Doctor of Philosophy in Computer Science
University of California San Diego, 2026

Professor Julian McAuley, Chair

Multimodal large language models (MLLMs) have demonstrated impressive capabilities
across vision-language tasks, yet fundamental challenges remain in understanding their internal
multimodal processing, aligning their behavior with human preferences, and enabling faithful rea-
soning. This dissertation addresses these challenges through three lines of work spanning multi-
modal understanding, alignment, and reasoning.

We begin with multimodal understanding, where we develop an information-theoretic frame-
work that traces how visual information is encoded, compressed, and shaped by textual instructions
across MLLM layers. Building on these insights, we introduce CoMMIT, a coordinated instruction

tuning approach that resolves the learning imbalance between visual encoders and the backbone

Xvil



LLM, and MDGD, which preserves visual knowledge during fine-tuning by decoupling modality-
specific gradient updates. We then turn to multimodal alignment, proposing OCEAN, which mod-
els chain-of-thought reasoning as a Markov decision process and leverages knowledge graph ex-
ploration for offline evaluation and alignment, and IRPO, which extends preference optimization to
in-context ranking lists. Finally, we advance multimodal reasoning through DeCoT, which applies
causal intervention to debias chain-of-thought reasoning, and CTRLS, which formulates reasoning
as latent state transitions with distributional reinforcement learning for structured exploration of

diverse reasoning trajectories.
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Chapter 1

Introduction

Multimodal large language models (MLLMs) have emerged as a central paradigm in mod-
ern artificial intelligence, combining the linguistic competence of large language models with the
perceptual capacity to process visual signals, knowledge graphs, ranked feedback, and other non-
textual information. Their rapid progress on benchmarks across vision—language understanding,
agentic decision-making, and complex reasoning has been impressive; the open research ques-
tions, however, do not reduce to scaling alone. They cluster into three thrusts that correspond to
the three traditional aspects of an intelligent system: how it represents the world, how it aligns with
the user, and how it reasons from one to the other.

This dissertation pursues those three thrusts in turn: representation of multimodal input in
the language model (Section 1.1), preference learning under realistic feedback signals (Section 1.2),
and inference as structured search over reasoning trajectories (Section 1.3). Each thrust corresponds
to one classical face of the multimodal language-model problem—multimodal understanding, mul-
timodal alignment, and multimodal reasoning—and each is addressed by two methodologically
complementary contributions. Section 1.4 synthesizes the three thrusts and lays out the remainder
of the dissertation.

Each subsequent chapter is a self-contained adaptation of a published or accepted paper,
with the original contribution preserved verbatim except for unified notation and stripped reviewer
annotations. The closing Conclusion synthesizes findings across the three thrusts, identifies open

problems, and sketches several near-term research directions.



1.1 Representation: Multimodal Understanding

The first thrust concerns representation: how a language model encodes non-textual sig-
nal and whether that representation is preserved as the model is adapted to new tasks. Multimodal
large language models are designed so that a feature encoder converts visual or structured input into
embedding tokens, which are then inserted into the language prompt and processed by the back-
bone language model. Effective multimodal behavior depends jointly on the encoder—which must
extract task-relevant features from the non-textual modality—and on the backbone—which must
adapt its pre-trained capabilities to interpret these features. A growing body of work documents
that vanilla instruction tuning silently degrades this multimodal representation: textual loss drives
the gradient, while visual information is compressed one way through the encoder and receives no
direct supervisory signal. The result is a model that scores well on text-heavy benchmarks while
the visual capability the architecture was built for is quietly eroded.

Chapter 2 introduces CoMMIT, a coordinated instruction-tuning recipe that operates on
the training-time side of the problem. A multimodal balance coefficient x measures the relative
learning of the visual encoder and the backbone language model at each step. When « drifts away
from a target regime—one half of the model taking too much gradient—the schedule is adjusted so
the slower side catches up. The mechanism is model-agnostic: it depends only on per-component
learning quantities, not on architectural specifics, and so it transfers across MLLM backbones such
as LLaVA and MiniCPM. CoMMIT also comes with a theoretical convergence analysis that ex-
plains why coordinated learning alleviates both the oscillation problem and the biased learning
problem.

Chapter 3 introduces MDGD, which operates on the representation-geometry side rather
than the schedule side. Gradient updates are decoupled by modality: language-side updates flow
as usual, while visual-side updates pass through a projection that preserves the visual subspace
defined by the pre-trained encoder. The resulting effective rank of the visual representation is

tracked as a diagnostic and remains stable through fine-tuning instead of collapsing as it does under



vanilla updates. Crucially, MDGD does not require knowing the per-modality balance: it acts on
the gradient geometry directly. Where CoMMIT corrects the imbalance once detected, MDGD
designs an update that resists the imbalance in the first place. Taken together, the two chapters

answer the representation thrust from training-time and representation-side directions.

1.2 Preference: Multimodal Alignment

The second thrust concerns preference: how a language model is aligned to user intent given
that direct human feedback at scale is impractical. The frontier answer has been Reinforcement
Learning from Human Feedback (RLHF), trained on pairwise preferences elicited from human an-
notators. Pairwise preference, however, is among the sparsest signals one can imagine: it collapses
an entire space of possible alternatives, rationales, and degrees of preferability into a single bit.
The signal granularity that reaches the model is dramatically narrower than the preference granu-
larity its users actually carry. Existing approaches have treated the optimization objective as the
focus of innovation—DPO replaces PPO, simulated preference data replaces human labels, online
iterations replace offline ones—but the pattern is consistent: the optimizer changes; the signal does
not. The two chapters in this thrust shift the focus from objective to signal itself, enriching where
the preference signal comes from and how it is shaped.

Chapter 4 introduces OCEAN, which addresses the signal source. Chain-of-thought rea-
soning is reformulated as a Markov decision process over knowledge-graph states, with rewards
derived from knowledge-graph exploration rather than collected from humans. The dissertation
proves an unbiased KG-IPS estimator for off-policy alignment, with an accompanying variance
bound that characterizes when the structured world signal carries enough information to align rea-
soning behavior. The contribution is not a better optimizer but a better reward—one drawn from a
structured external source that humans rarely produce in sufficient volume.

Chapter 5 introduces IRPO, which addresses the signal shape. Pairwise preferences are
extended to in-context ranked lists with positional weighting: instead of asking which of A and

B is preferred, the framework learns from rankings of £ items where position carries information.



Gradient analysis shows where ranking surfaces preference structure that pairwise reduction dis-
cards, and empirical results on question answering, conversational recommendation, and genera-
tive retrieval-augmented generation show consistent gains over pairwise DPO at matched compute.

Where OCEAN enriches what the signal is about, IRPO enriches what the signal is.

1.3 Inference: Multimodal Reasoning

The third thrust concerns inference: how a language model reasons through multi-step prob-
lems and whether the surface reasoning trace faithfully represents the underlying computation.
Chain-of-thought (CoT) reasoning has become the standard mechanism by which language models
externalize their intermediate steps, yet a growing body of work shows that the told-trace and the
actual computation can diverge: the model gestures at one path while producing answers on an-
other. Existing remedies have largely accepted CoT as a left-to-right autoregression and intervened
around it—more demonstrations, more refinement, more verification passes—but they leave intact
the underlying assumption that reasoning is a single privileged trajectory. The two chapters in this
thrust depart from that assumption in opposite directions: the first treats spurious paths as a causal
artifact to be removed; the second treats reasoning itself as a structured latent space to be explored.

Chapter 6 introduces DeCoT, a causal-intervention procedure for knowledge-intensive rea-
soning. A structural causal model writes down where the model’s parametric knowledge and ex-
ternally retrieved evidence interact, and front-door adjustment over retrieved evidence breaks the
confounding path that produces spurious-but-fluent reasoning. The intervention is light: it does
not retrain the model and does not require labeled examples of correct reasoning. DeCoT exposes
which of the retrieved facts the answer actually relies on, and which spurious detours have been
pruned, yielding consistent gains across knowledge-intensive multi-hop QA benchmarks.

Chapter 7 introduces CTRLS, which reformulates CoT as a sequence of transitions in a la-
tent state space. An evidence lower bound objective trains a latent transition model jointly with the
language model, and distributional reinforcement learning over the latent MDP explores multiple

plausible reasoning trajectories rather than collapsing onto one. Entropy regularization controls the



exploration—exploitation trade-off; the resulting reasoning is more diverse, more controllable, and
consistently more accurate on mathematical reasoning benchmarks across Llama and Qwen back-
bones. Where DeCoT removes what should not be present in a reasoning path, CTRLS structures

the space of paths that should be searched.

1.4 Three Thrusts, One Program

Across the three thrusts, three threads recur and provide the thesis to which the Conclu-
sion returns. Modality-aware tuning is not a refinement but a prerequisite for any language model
that ingests non-textual signal. Alignment can move offline without losing signal granularity, pro-
vided the source and shape of feedback are designed deliberately. Reasoning is a structured search
problem, not a left-to-right autoregression—and modeling its structure changes both diagnosis and
improvement. The Conclusion (Chapter 8) synthesizes these three threads, names the open prob-
lems that fall out of the present argument, and sketches the next steps—chief among them, turning
the diagnostic information-theoretic lens into a constructive one, extending offline alignment be-
yond curated knowledge graphs, and connecting latent-state reasoning to inference-time compute

scaling.



Chapter 2

Coordinated Multimodal Instruction

Tuning (CoMMIT)

2.1 Introduction

Multimodal instruction tuning aligns pre-trained multimodal large language models (MLLMs)
with specific downstream tasks by fine-tuning MLLMs to follow arbitrary instructions (Dai et al.,
2024; Zhang et al., 2023a; Zhao et al., 2024a; Lu et al., 2023; Han et al., 2023; Wu et al., 2024c;
Wang et al., 2024c; Wu et al., 2025d,a). Leading pre-trained Multimodal Large Language Mod-
els (MLLMs) typically share similar architectures (Li et al., 2023b; Liu et al., 2023a; Tang et al.,
2023a; Chu et al., 2023a). Specifically, the non-text data (image, audio, etc) is first encoded by a
feature encoder into embedding tokens. Then, these encoded embeddings are inserted into language
prompts, creating multimodal sequence inputs for the LLMs. Effective multimodal understanding
and reasoning in MLLMs depend on the model’s ability to learn aligned multimodal features us-
ing its feature encoder (e.g., Li et al. (2023b)), and on leveraging the pre-trained capabilities of
its backbone LLM (e.g., Touvron et al. (2023); Chiang et al. (2023)) to interpret these multimodal
inputs. This generally involves a two-prolonged learning process: (1) LLM Adaptation. Encoded
non-text features (e.g., visual and auditory) in downstream tasks may not be perfectly aligned with

pre-trained text features, thus requiring the backbone LLM to adapt its pre-trained parameters to
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Figure 2.1: Illustration of (a) the oscillation problem and (b) the biased learning problem, caused
by imbalanced multimodal learning. The optimization trajectories are shown in solid bold lines
and the multimodal gradients at the current step ¢ are in solid thin lines.

recognize these new, non-text modality tokens. (2) Feature Encoder Adaptation. While LLMs
possess strong reasoning ability from their pre-trained, it requires the feature encoders to be fine-
tuned to extract task-specific information for evidence of reasoning. Cooperative balancing of
these two learning stages is crucial for effective instruction tuning of MLLMs. When the learning
is biased on the LLMs with (1), the insufficiently learned feature encoder can lead to information
loss (Bai et al., 2024; Tong et al., 2024; Wu et al., 2025¢), hindering the LLM’s ability to reason
effectively due to a lack of adequate evidence from non-text modalities. Conversely, if the learning
is biased on the feature encoder with (2), the LLMs can be insufficiently adapted and struggle to
interpret non-text modalities. As a result, it will cause the hallucination problem (Bai et al., 2024;
Rawte et al., 2024; Wu et al., 2024b,f) due to the strong language prior inherent in the backbone
LLMs. Therefore, it is essential to balance the learning between the feature encoder and backbone
LLM, so that the learning is not overly biased on either of the two modules.

In this paper, we first propose a multimodal balance coefficient that quantifies the learning
balance between the feature encoder and the backbone LLM in MLLM instruction tuning. Based
on theoretical analysis and empirical observations, we identify two types of learning dilemmas that

can be quantitatively measured by our proposed multimodal balance coefficient: i) the oscillation



problem and ii) the biased learning problem, as illustrated in Figure 2.1. Specifically, Figure 2.1a
demonstrates the oscillation problem where the learning is alternatively favoring either the feature
encoder or the LLM. This oscillation impedes the convergence of optimization and undermines
learning efficiency since the learning is hardly progressing in consistent directions. On the other
hand, Figure 2.1b shows the biased learning problem where the training consistently favors either
the LLM or the feature encoder. In such cases, the gradient descent primarily only updates either the
LLM or the feature encoder, resulting in insufficient learning of the other module. This diminishes
the effectiveness of gradient descent since the under-trained module (LLM or feature encoder) will
not be capable of contributing sufficient information to the generation outputs.

To address these challenges, we propose Coordinated MultiModal Instruction Tuning (CoMMIT),
which regularizes the training with a coordinated learning rate scheduler (Section 2.6). This sched-
uler dynamically adjusts the learning rates of the feature encoder and LLM according to the pro-
posed multimodal balance coefticient, ensuring sufficient gradient descent for both the feature en-
coder and LLM while mitigating the oscillation problem. We also introduce a regularization loss
that promotes larger update steps during training, further alleviating gradient diminishing. We
theoretically analyze the convergence rate and demonstrate that we can achieve accelerated con-
vergence when optimizing with CoMMIT (Section 2.8). We summarize our main contributions as
follows:

* We introduce a theoretical framework to uncover the pitfalls of the learning imbalance prob-
lem in MLLM instruction tuning, which can cause MLLM insufficient learning and the
oscillation problem.

* Based on the theoretical analysis and empirical observation, we propose COMMIT to bal-
ance multimodal learning progress by dynamically coordinating learning rates on the feature
encoder and LLM. CoMMIT also enforces a gradient regularization that encourages larger
step sizes and improves training efficiency.

* Applying CoOMMIT introduces a novel term in the convergence rate analysis. Theoretical

analysis proves that this term is always greater than one, leading to faster convergence. We



also demonstrate that the theorem can be generalized across various optimizers.

* Empirical results on downstream tasks in vision and audio modalities with various LLM
backbones show the efficiency and effectiveness of the methods. We demonstrate that
CoMMIT can better coordinate multimodal learning progress with balanced training be-

tween the feature encoder and the LLM.

2.2 Related Works

MLLMs have become a new paradigm to empower multimodal learning with advanced lan-
guage reasoning capabilities, such as with vision (Li et al., 2023b; Liu et al., 2023a; Wang et al.,
2024d; Maaz et al., 2023; Zhang et al., 2023a; Huang et al., 2023; Yan et al., 2024), and audio
(Huang et al., 2024a; Tang et al., 2023a; Gardner et al., 2023). Despite good generalizability and
zero-shot performance of existing large language models (LLMs), the discrepancy between differ-
ent modalities can be one of the greatest challenges for LMMs to achieve comparable reasoning
performance as LLMs. To bridge the multimodality gap and align with downstream tasks, several
works focus on two-fold considerations: feature (modality) alignment and reasoning alignment.
The most common approach for feature alignment is to encode the source modality feature to se-
mantic tokens within the LLMs’ embedding feature space. By adding the modality-specific tokens
(Wang et al., 2024a; Liu et al., 2021a; Zhang et al., 2024a) as soft prompt inputs (Liu et al., 2021b;
Xie et al., 2024a; Wu et al., 2023a, 2024¢), the backbone LLMs can process these tokens with
language tokens as a unified sequence. However, the newly added semantic tokens cannot be
understood by LLMs directly for language reasoning, due to the limited text-only pretraining of
LLMs. Such misalignment problems will lead to textual hallucination problems, namely /inguistic
bias (Ko et al., 2023; Tang et al., 2023b), in which the language models reason only based on their
language prior. Thus, multimodal alignment should be achieved by additional adaptation of the

LLM itself with multimodal instruction tuning.



2.3 Preliminaries

Given a pair of non-text input I° (images, audio, etc) and instruction prompt X of na-
ture language, the instruction-tuned MLLM should comprehend the semantics of /° and generate
outputs that comply with the instruction specified in I~. State-of-the-art MLLM instruction tun-
ing generally adopts similar diagrams of training (Gardner et al., 2023; Li et al., 2023b; Liu et al.,
2023a), which involves cooperative training between a feature encoder S and a pretrained LLM
X. Specifically, S first encodes the multimedia input /° into the embedding space of X . Then, the
encoded I is inserted into the instruction prompt ¥ as input that conditions the output generation

of X,

Ps x (x| 1%, I, yj<) = X 0k S(UI®), I yj<r), (2.1)

where ¥, is the kth predicted token and y;.; denotes the first k& — 1 of the expected ground truth
tokens in auto-regressive generation, k = 1,--- | K. The training loss is the cross-entropy defined
by the predicted distribution on g;, and the kth ground truth token yi(Liu et al., 2023a; Ouyang
etal., 2022),

K
1 .
LY ={y}iy | Is, 17) = X > yrlog Pox (9l 1%, I, yj<n), (2.2)
h=1

The learning objective is to find the optimal X and .S by minimizing the loss function. As mentioned
in Section 2.1, the learning can either be inefficient by oscillating between the optimization of the
two modules or insufficient by biasing on one of S and X. Our goal is to find a balance between
the learning of X and S, so to accelerate the convergence while ensuring that both .S and X are

sufficiently trained.
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2.4 Measurement of Learning Balance in MLLM Instruction
Tuning

To assess the balance between the updates on X and S, we first measure the significance of
each update separately with X and S. Formally, for the ¢-th step of training, we define d(Px, s, || Px,,.,s;)
and d(Px, s,||Px,,s.,,) that quantify the significance of updates on X and S, respectively, by mea-

suring the shift in output distributions,

1 . A
d(PXuStHPXHl,St) = ? Z KL (PSt,Xt (ykusv IX)HPSt+17Xt (Zl/k’ISa IX)) ) (2-3)
k
1 . A
d(PXt,StHPXt75t+1) = E Z KL (PSt,Xt (ykus? IX)HPSt7Xt+1 (ykusﬂ IX)) (2-4)
k

where we use the subscript ¢ to index the trained steps and KIL(+||-) is the KL divergence.
Based on (2.3) and (2.4), we define the Multimodal Balance Coefficient that measures the balance

between training on X and S.

Definition 2.1 (Multimodal balance coefficient). For time step t of joint training on X and S, the
Multimodal Balance Coefficient r, is measured with the respective learning steps on the feature

encoder S; and the LLM X,.
d(PXt,St | |PXt+1,St)
d(PXt,St | |PXt7St+l) ‘

(2.5)

Ry =

r¢ with a value always near 1 indicates that the learning is balanced between the feature
encoder and the LLM. On the contrary, x; >> 1 and x; — 0 suggests that the learning biased by
leaning toward X and S, respectively. ; with high variance corresponds to learning that oscillates
between optimizing on X or S. To further illustrate this, we derive Theorem 1 which estimated the

gradient on X and S during training.

Theorem 2.2. Let GX and G be the gradient on X and S at time step t, we can derive the multi-

modal gradient estimated bounds,
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1
IGH | < (ke + DHS,  ||GF|| < <E +1)H), (2.6)

where HY and H} represent the individual learning steps of S and X, respectively. These are given

by,

HY = (151 + 1S«(ID))  Nlogits(Px,.s,.)ll;

HY = 18] ltogits(Px,...s)|l. 2.7)

Within the metric space of probability distribution (Ps, x,d), the values of H; and H! are
bounded by a finite norm. H; and H! are also lower-bounded, assuming multimodal gradients
are not diminishing which we alleviate by proposing a regularization on the gradient in Section
2.6. Therefore, x; can account the most for the gradient upper bound in (5.12) so it is suitable to

measure the learning imbalance problem.

2.5 Empirical Observations of Learning Dilemmas in MLLM

Instruction Tuning

In this section, we illustrate the learning dilemmas described in Section 2.1 by observing
the dynamics of x; is different experiment settings. The experiment is conducted by fine-tuning
the BLIP-2 (Li et al., 2023b) model on TextVQA(Singh et al., 2019), a widely used dataset for
visual question question answering (Dai et al., 2024; Yin et al., 2024). To probe the problems of
oscillation and learning bias, we consider the following three learning strategies: (1) Synced LR
is trained by setting the learning rate of both X and S to le — 4; (2) Language LR 1 increases

learning rate of X to 1le — 3; (2) Encoder LR 7 increases the learning rate of S to le — 3.
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2.5.1 The Dilemma of Oscillation

To quantitatively understand the oscillation problem in MLLM instruction tuning, we show

the learning curves (Figure 2.2) of the measurement variables H, H;X, and x; proposed in (5.12).
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Figure 2.2: Learning curves of the variables HtS , HtX , and x; to measure learning balance in mul-
timodal instruction tuning.

Observation 2.3. As shown in Figure 2.2(c), the multimodal learning process can suffer from

significant oscillation problems with highly variant k in the Synced LR setting.

Specifically, the learning curve of x, in the Synced LR setting exhibits high variance near
the value of 1 , which is a showcase of the oscillation problems that signify training instability.
This will cause inefficient training since the learning is alternating between X and .S, instead of
progressing in consistent directions. We demonstrate such inefficiency in Figures 2.5 and 2.6,
showing that its convergence is slower compared to our proposed approach, which balances the
learning process with a more stable ;. Further, it is interesting to find in Figure 2.2 that the feature
encoder S is more unstable than the language model X, by comparing H; in Figure 2.2(a) and H;*
in Figure 2.2(b). By increasing the learning rate either X (Encoder LR) or S (Language LR), we
observe that the three metrics in Figure 2.2 are stabilized. In the next section, we show that such

stabilization is at the expense of biased learning, causing insufficient training on X or S.

2.5.2 The Dilemma of Biased Learning

The Encoder LR 1 and Language LR 1 in Figure 2.2 demonstrated the biased learning

problem, where the training is biased on either S or X. Let 67 and 6;X be the parameters of S and
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X at time step t. We further show three metrics with the same backbone MLLM and training data
as in Section 2.5.1: (1) the normalized learning gradient ||G7||/||07] of the feature encoder S in
Figure 2.3(a), (2) the normalized learning gradient ||G; || /||0 || of the language model X in Figure
2.3(b), and (3) the cross-entropy loss in Figure 2.3(c). These metrics help understand the impact of

biased learning on either X or S in MLLM instruction tuning.
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Figure 2.3: The learning curves of normalized learning gradient ||G?||/||67] and ||GX||/]|67%]| for
the feature encoder and language model respectively, as well as the cross-entropy training losses.

Observation 2.4. In Figure 2.3(c), Encoder LR 1 and language LR 1, biased on either X or S, can

slow the convergence of the MLLM with gradient diminishing and inferior training performance.

Such diminishing gradient would result in insufficient training on X or .S with gradient
descent. For example, we can observe in Figure 2.3(a) and Figure 2.3(b) that the Encoder LR can
simultaneously cause the gradient diminishing in both X and S, with the cross-entropy converging
to a higher value in Figure 2.3(c). In such cases, it is necessary to strategically balance the learning
between different modules, so the training is not leaning toward either X or S. In Figure 2.4,
we show that our proposed approach can reduce such bias while not inducing oscillation, i.e., by

learning with less variant «, that is valued close to 1.

2.6 CoMMIT: Coordinated Multimodal Instruction Tuning

Based on the observations in Section 2.5, the learning rate on X should be boosted when the

training is leaning toward .S (x; — 0), and vice versa. So motivated, we propose a dynamic learning
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rate scheduling method to coordinate multimodal learning between X and S, which alleviates the
oscillation problems while ensuring the training is not biased on either X or S.

Inspired by damping strategies in optimization (Lucas et al., 2018; Tanaka and Kunin, 2021;
Wei et al., 2021), we use the proposed learning balance metric «, in (2.5) as the damping parameter
that facilitates balanced multimodal learning. Specifically, we track the /V,, moving average of «;

through the learning process,

1 &
Rt = E ; Rt—i+1, (2.8)
then dynamically adjust learning rates of X and S in accordance. Let 3;X and 37 be the learning
rates on X and S at time step . We adjust the learning rates by,

2a g 2a

T— —_— —L——
By = B ket 1

— 2.9
e 2.9)

where « is the base learning rate.

During training, the diminishing H; and H! as observed in Figure 2.3 can cause higher
estimation errors in K;. To address these, we propose an auxiliary regularization that encourages
large step sizes for both X and S, which mitigates gradient diminishing. Specifically, we want to
encourage larger distribution drifts d(Px, s,||Px,.,,s,) for X and d(Px, s,||Px,,s,,,) for S, apart

from gradient descending on the cross-entropy loss in (2.2). The gradient update for our proposed

CoMMIT at time step ¢ is,
et)il < e;tX - ﬁix ' VGXL<St(X9tX)) + ﬁtX ' VHXd(PXt,StHPXtJrl,St)v (210)
071 < 07 — B - Vs L(T,(S(X)):07) + B7 - Vsd(Px, s, | Pxi.5,11)- (2.11)

Note that the distribution drifts d( Py, s, || Px,,.,s,) and d(Px, s,|| Px,,s,.,) does not involve ground

truth labels.
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Theoretical Convergence Analysis. We further provide a theoretical analysis of our proposed
CoMMIT framework in Section 2.8. Specifically, we establish a new convergence bound under
sufficient assumptions for the coordinated learning rate and regularization strategy, demonstrating
that the proposed method can achieve a provably faster convergence rate compared to standard
imbalanced instruction tuning approaches. We further provide the detailed proof of the proposed
theorems in the original paper. Theoretical results show that dynamic adjustment of learning rates,
guided by the multimodal balance coefficient, consistently accelerates optimization and ensures
sufficient learning across modalities. We also discuss how results can be generalized to various

gradient-based optimizers.

2.7 Experiment

Experiment Setup We conduct experiments on two non-text modalities, vision and audio, with
multiple instruction-tuning downstream tasks: (1) for Vision, we evaluate the backbone MLLMs
including BLIP-2 (Li et al., 2023b), InternVL2 Chen et al. (2024b), and LLaVA-1.5 Liu et al.
(2023a), on three visual question-answering tasks: TextVQA (Singh et al., 2019), IconQA (Lu
et al., 2021), and A-OKVQA (Schwenk et al., 2022), which focus on text recognition and reason-
ing, knowledge-intensive QA, and abstract diagram understanding, respectively; (2) for Audio, we
leverage the SALMONN (Tang et al., 2023a) model and evaluate one audio question-answering task
and two audio captioning tasks: ClothoAQA (Lipping et al., 2022), MACS (Morato and Mesaros,
2021), and SDD (Manco et al., 2023), which focus respectively on crowdsourced audio question-
answering, acoustic scene captioning, and text-to-music generation. We include detailed imple-
mentation details in the original paper for individual backbone MLLM.

We follow the instruction tuning diagram (Dai et al., 2024; Tang et al., 2023a; Huang et al.,
2023), where the parameters of backbone LLMs are finetuned with LoRAs (Hu et al.) and the fea-
ture encoders are finetuned directly. We set the learning rate to 1e — 4 for all the feature encoders
and backbone LLMs in our baseline methods Constant LR (Dai et al., 2024; Tang et al., 2023a),

Feature CD, Language CD (Wright, 2015). For Feature CD, we first update the feature encoder
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until its weights stabilize, then update the backbone LLMs. For Language CD, the process is re-
versed, with the LLMs being trained first. We also use le — 4 as the base learning rates for our
CoMMIT variants. There are two CoMMIT variants: CoMMIT and CoMMIT-CLR. CoMMIT
is out proposed method in this paper, while COMMIT-CLR is an ablation on CoMMIT, without
the last regularization terms in (2.10) and (2.11).

Mitigating Oscillation and Biased Learning. In Figure 2.4, we inspect the oscillation problem
in Section 2.5.1 by showing the value of x; with our proposed COMMIT and CoOMMIT-CLR, com-
paring to the three learning rate scheduling methods described in Section 2.5. We report with the
BLIP-2 (Li et al., 2023b) backbone model on the task of TextVQA (Singh et al., 2019). It can be
observed that both CoMMIT and CoMMIT-CLR can stabilize multimodal learning with smaller
standard deviations of x; over time, thus alleviating the oscillation problem in Observation 2.3 (in

Section 2.5.1).

CoMMIT
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Figure 2.4: Learning curves of the multimodal learning balance coefficient x; for multiple methods.
In addition to the learning curve, we also report the standard deviation of x; of each method.

Though Language LR 1 also yields high stability on «, such learning rate adjustment method
suffers from the problems of biased learning as described in Observation 2.4 (in Section 2.5.2),
which potentially causes insufficient training on the feature encoder and worse performance of in-
struction tuning. Comparing CoMMIT and CoMMIT-CLR, we can observe that CoMMIT achieves
less biased learning with the value of x, closer to 1 while demonstrating relatively milder learning
oscillation with less variant x; during training. Further, we find that the proposed loss regular-

ization in Section 2.6 also improves the training balance. Accompanied by the loss regularization
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and learning balance coefficient x;, COMMIT more effectively adapts the optimization process for

better training between the feature encoder and LLM.
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Figure 2.5: Instruction-tuning learning curves of BLIP-2 on three vision-based downstream tasks.
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Figure 2.6: Instruction-tuning learning curves of SALMONN on three audio-based downstream
tasks.

Note that SynLR with the oscillated value of x; is our baseline Constant LR. In Figure 2.5
and 2.6, it is shown that Constant LR generally results in a slower training rate characterized by
a flatter descent in loss values during the early stages. This is consistent with Observation 2.3
in Section 2.5.1, suggesting that the oscillation problem can slow the convergence of MLLMs in
instruction tuning.

Improved Convergence in MLLM Instruction Tuning. We evaluate the convergence perfor-
mance of the proposed methods COMMIT-CLR and CoMMIT in comparison with Constant LR in
Figure 2.5 and 2.6. For visual question-answering tasks in Figure 2.5, we observe that CoMMIT-
CLR and CoMMIT can accelerate the instruction tuning of BLIP-2 in the early stage. This is
especially evident in the case of IconQA, which is out-of-domain for BLIP-2’s pretraining. Specif-
ically, IconQA requires regional-level and spatial visual understanding, which differs from the tasks

BLIP-2 was pre-trained on (Chen et al., 2023a). In addition, COMMIT-CLR and CoMMIT achieve
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lower training losses than Constant LR, validating CoOMMIT’s improved training efficiency. This
efficiency gain is attributed to COMMIT’s ability to mitigate the oscillation (Section 2.5.1), accel-
erating convergence.

Similar to the vision-based tasks, we can find in Figure 2.6 that CoMMIT-CLR and CoM-
MIT can also converge to lower loss values in audio tasks. Specifically, we observe that the
CoMMIT-CLR and CoMMIT can achieve better accelerations on the audio captioning tasks of
MACS and SDD, compared to training on the audio question-answering task of ClothoAQA. Since
audio captioning tasks need more adaptation in MLLMs to generate relatively longer context and
align the generation distribution with specific tasks, the coordinated learning rate scheduling method
in Section 2.6 can more dynamically adjust the learning rate for less learned components at each
model update step. In addition, we show that the proposed loss regularization method adopted in
CoMMIT can actively promote the difference in MLLM’s generation distribution between opti-
mization steps, which can better benefit tasks, such as audio captioning, that require the model to
generate longer contexts. Such improved convergence is associated with our proposed balancing
strategy that improves on the oscillation and biased learning problem as discussed.
Improved Downstream Performance across Modalities. In Table 2.1, We evaluate the perfor-
mance of the proposed methods CoMMIT-CLR and CoMMIT, comparing with three baselines
Constant LR, Feature CD, and Language CD. Among the three baselines, we observe that coordi-
nate gradient descend methods have the most improvement compared to the constant learning rate
methods that show significant learning tendencies towards a certain modality (e.g., Language CD
in SDD, and Feature CD in A-OKVQA and ClothoAQA). However, since such learning balance
varies in downstream tasks, coordinate descend methods cannot consistently improve MLLM in-
struction tuning, while arbitrarily inclining towards only a certain modality can result in inferior
model performance (e.g., Feature CD in SDD and Language CD in A-OKVQA).

Different from the fixed learning tendency which needs to be predetermined by coordinate
descend methods, the proposed coordinated learning rate scheduling method can dynamically adapt

learning rates for multimodal components and balance the multimodal joint training. With better
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Table 2.1: Instruction tuning results for four MLLMs: BLIP-2, SALMONN, InternVL2-8B, and
LLaVA-1.5-7B. These are pre-trained LLMs in vision and audio respectively. For questions-
answering tasks like A-OKVQA, IconQA, TextVQA, and ClothoAQA, we report the accuracy
score of the generated answers. For audio captioning tasks (MACS and SDD), we report the Rouge-
L metric that compares the generated caption with candidate captions. We highlight the best method
in bold font for each downstream task of instruction tuning.

Constant Feature Language | CoMMIT
Model Task LR cD cD CLR CoMMIT
A-OKVQA 54.06 57.99 49.87 60.44 64.37
BLIP-2 IconQA 37.16 35.48 34.47 39.09 38.65
TextVQA 26.48 18.00 19.44 27.66 28.12
ClothoAQA 42.49 45.80 38.52 52.86 50.55
SALMONN MACS 24.60 22.41 23.64 23.81 25.06
SDD 15.10 5.70 15.74 15.07 15.33
A-OKVQA 76.59 73.19 79.47 78.00 80.52
InternVL2  IconQA 80.94 83.20 81.60 80.85 82.87
TextVQA 65.22 65.60 65.08 65.18 67.00
A-OKVQA 79.20 77.64 76.94 77.82 79.55
LLaVA-1.5 IconQA 64.09 64.16 58.17 65.78 69.60
TextVQA 41.98 43.34 49.32 47.80 49.30

Table 2.2: Comparison on A-OKVQA, TextVQA, and IconVQA with BLIP-2 backbone model.
Baselines are Constant LR that direct fine tune the backbone model with various learning rate.

Method | A-OKVQA TextVQA IconVQA

LR=1e-5 50.30 27.58 35.45
LR=1e-4 54.06 26.48 37.16
LR=1e-3 45.24 20.60 34.93
CoMMIT 64.37 28.12 38.65

coordinated multimodal learning, COMMIT-CLR and CoMMIT consistently improve Constant LR
across modalities and downstream tasks. In addition, the proposed regularization in CoOMMIT can
promote larger step sizes in gradient descent, which enlarges differences in the generated output
distributions between different time steps. This prevents learning from being stuck at local optima,
which can be especially beneficial for modality-specific captioning tasks whose optimization space
can be relatively larger than question-answering tasks.

Comparing various learning rates. In Table 2.2, we compare CoOMMIT with results of constant

LR with different learning rates. We report the results on tasks of A-OKVQA, TextVQA, and Icon-
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VQA with BLIP-2 backbone model. We can observe that our proposed COMMIT outperforms
the Constant LR baselines by a significant margin. In addition, we can also find that no fixed
value of learning rate consistently yields the best performance for Constant LR, while our proposed
CoMMIT can dynamically adjust its learning rate. These results demonstrate the necessity and
effectiveness of dynamic learning rate adjustment for balanced learning between the feature encoder

and LLM in multimodal instruction tuning.

2.8 Theoretical Analysis

In this section, we present the computation and proof of a new convergence bound with our
proposed method COMMIT. Our theoretical analysis demonstrates that it achieves a faster conver-

gence rate compared to the imbalanced MLLM instruction tuning.

2.8.1 Setup and Notations

Consider a non-convex random objective function F' : R? — R expressed as the average of

K component functions, F(z) = S | fu(x), where each f(z) is an i.i.d sample. Our goal is

to minimize EF(z) over z € RY. We also define E;,_; as the conditional expectation with respect
to f1, f2,+ -+ , fx. Following the notation in Adam (Kingma and Ba, 2015), let my, vy, 1, € R? be
vectors at iteration k. The ¢-th component of each vector is denoted by my, ;, vy, i, 2 ;. Building upon

the insight of Défossez et al. (Défossez et al., 2020) regarding the presence of two bias correction

1-B%
1-PB2

terms my, and vy, we define oy ; = o . Notably, we opt to drop the correction term for m
due to its faster convergence compared to v.

Aligned with our proposed methodology, we incorporate two additional terms into the orig-
inal Adam algorithm. To prevent learning from oscillating too heavily toward either S or X, we
adapt A according to the moving average . To mitigate the risk of vanishing or exploding gradients,

we introduce h () as an extra term in the gradient updates defined in Section 2.6 to enhance training

stability and support the overall robustness of the learning process. We fix ; = 0,0 < Sy < 1,
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ay; > 0, e = 107%, and initialize my = 0 and vy = 0. The updated rules follow,

Ok = Bavk-14 + A\Vife(ze_1) + Vihn(zr_1))? (2.12)
AV fi(xp—1) + Vil (z5-1)
Uk T €

Thyi = Th—1,0 — O (2.13)

Throughout the proof, we assume the norm of the gradients ||V f(z) + Vh(x)|| is bounded

by R — /€. The small constant ¢ is used for numerical stability.

2.8.2 Necessary Assumptions

We state the necessary assumptions (Bertsekas et al., 2003) commonly used when analyzing

the convergence of stochastic algorithms for non-convex problems:

Assumption 2.5. The minimum value of f(z) is lower-bounded,
Vo € RY f* = min f(x).

Assumption 2.6. The gradient of the non-convex objective function f is L-Liptchitz continuous (Nes-

terov, 2013). Then Vx,y € R? the following inequality holds,
T L 2
fly) = fle) + V@) (y —2) + Sllz =yl

2.8.3 Convergence Analysis

Following the second Theorem outlined by Défossez et al. (Défossez et al., 2020), we cal-

culate the convergence bound of our algorithm with a dynamic learning rate and loss function.

Theorem 2.7. Given the assumptions in the original paper and applying the descent lemma, for
all components of the step sizes and gradients, update o; with the corresponding value from H;

and HY'. Let {x}} be a sequence generated by the optimizer, with 0 < 3, < 1, and o; > 0. For
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any time step K, we have,

F(xo) — [~

E|VF(x,)?| < 2R
IVF@3l < 2R

+C (2.14)

where

C':i< 2R N a?L )ln((l—BS)RQ)
K\VI=05 2(1-p) (1= B2)ebs

The detailed proof is provided in the original paper.

CoMMIT adjusts both A and A(x) to balance multimodal learning progress. The parameter
A, which measures the balance between feature and language learning, remains greater than 1 during
training, driven by the balance metric <. By avoiding learning oscillations, A can grow even larger,
contributing to faster learning. When x > 1, the model suffers from insufficient feature learning.
CoMMIT reduces the learning rate of the LLM to balance learning, ensuring \ = Hfj—ijl > 1.

Conversely, when & < 1, the model suffers from insufficient language learning, ensuring A =

Jéfjil > 1. Notably, VA(z) is directly added to V f(z) to induce gradient changes, which
further contributes to the increase of A, resulting in a faster convergence rate.
In this section, we show the proof using Adam as the base optimizer. Due to the reason that

CoMMIT does not modify the optimization algorithm itself, the theorem can also be extended to

any gradient-based optimization method such as the stochastic gradient descent.

2.9 Chapter Summary

In this work, we address the challenge of imbalanced learning between the feature encoder
and the backbone LMM during MLLM instruction tuning. Through theoretical analysis and em-
pirical observations, we uncovered how this imbalance can lead to the dilemmas of oscillation and
biased learning. To mitigate these problems, we proposed CoOMMIT, a novel approach that dynam-
ically coordinates the learning rates of the feature encoder and LLM backbone. Our CoMMIT also

included regularization on the gradient gradients that promotes training sufficiency. Our theoreti-
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cal and empirical analyses demonstrate that CoOMMIT improves the balance between the training
of the feature encoder and the LLM. Experiments across multiple vision and audio downstream
instruction tuning tasks illustrate that the training with CoMMIT for MLLMs is more effective
compared to baselines.

This chapter, in full, is a reprint of the material as it appears in “CoMMIT: Coordinated
Instruction Tuning for Multimodal Large Language Models” by Xintong Li, Junda Wu, Tong Yu,
Rui Wang, Yu Wang, Xiang Chen, Jiuxiang Gu, Lina Yao, Julian McAuley, and Jingbo Shang,
published in Proceedings of the Conference on Empirical Methods in Natural Language Processing

(EMNLP), 2025. The dissertation author was the primary investigator and author of this paper.
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Chapter 3

Modality-Decoupled Gradient Descent
(MDGD)

3.1 Introduction

Multimodal large language models (MLLMs) enhanced visual understanding and reason-
ing by pre-training on large-scale multimodal datasets with comprehensive visual descriptions that
integrate textual and visual knowledge Liu et al. (2023a); Yao et al. (2024b); Li et al. (2023b);
Bai et al. (2023); Liu et al. (2024c); Wu et al. (2024f). These models achieve strong performance
across various vision-language tasks, such as visual question answering Jin et al. (2024); Wu et al.

(2025d), multimodal reasoning Zhang et al. (2024d); Jiang et al. (2024b); Yan et al. (2024), mul-
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Figure 3.1: The top-10 image tokens with the highest effective ranks on OKVQA and POPE en-
coded by LLaVA, and PathVQA and POPE encoded by MiniCPM. We compare pretrained, fine-
tuned, and MDGD-finetuned models. Effective rank Wei et al. (2024) quantifies representation
richness, which show that MDGD preserves higher effective rank, mitigating visual forgetting.
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timodal recognition Shenoy et al. (2024); Wu et al. (2024f), and personalized multimodality Wu
et al. (2024b, 2025a); Huang et al. (2025b). However, adapting pre-trained MLLMs to downstream
tasks via instruction-tuning Li et al. (2025d, 2024a, 2023a); Panagopoulou et al. (2023); Liu et al.
(2024c) presents a critical challenge of visual forgetting. Unlike pre-training, where models receive
rich visual-text alignment, instruction-tuning is often text-driven with limited direct visual supervi-
sion. This shift in training focus leads to the degradation of pre-trained visual encoding Zhou et al.
(2024a); Niu et al. (2024); Liet al. (2025d); Ko et al. (2023), negatively impacting model generaliz-
ability across downstream tasks that require strong visual knowledge Bai et al. (2024); Huang et al.
(2024b). Addressing this challenge is essential for ensuring MLLMs retain their visual capabilities
while aligning with new tasks efficiently.

While several approaches have attempted to mitigate catastrophic forgetting in neural net-
works through direct fine-tuning and continual learning methods Shi et al. (2024); Wu et al. (20241);
Zhu et al. (2024b); Zheng et al. (2024), these methods often overlook the unique challenge of pre-
serving visual knowledge in multimodal large language models (MLLMs). Directly fine-tuning
MLLMs on new tasks often leads to overfitting to textual instructions while inadvertently sup-
pressing visual representations (Zhai et al., 2023). Existing continual learning strategies, such as
regularization and replay methods, tend to focus on retaining language-based knowledge, neglect-
ing the trade-off between compressing visual representations and aligning them with task-specific
instructions Zhou et al. (2024a); Niu et al. (2024); Li et al. (2025d); Ko et al. (2023), leading to the
degradation of pre-trained visual knowledge. Task-orthogonal gradient descent techniques have
shown promise in disentangling gradients for multi-task optimization. However, their practical ap-
plication in MLLMs poses unique challenges. MLLMs are pre-trained on vast and heterogeneous
multimodal datasets Liu et al. (2023a); Li et al. (2023b); Bai et al. (2023), where it is challenging to
isolate task-specific gradients, causing the components critical for visual understanding to become
entangled with other features.

To gain a fundamental view of the challenge of visual knowledge forgetting in MLLM in-

struction tuning, we adopt an information bottleneck (IB) perspective that characterizes the trade-
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off between retaining input information and ensuring output predictiveness Tishby et al. (2000). To
investigate the degradation of crucial pre-trained visual knowledge, we introduce a novel perspec-
tive that leverages effective rank to quantify the richness of the encoded visual representation from
MLLMs. Specifically, we illustrate the visual forgetting problem in Figure 3.1, where we observe
a consistent effective rank reduction problem caused by MLLM instruction tuning. Based on this
view, we propose a modality-decoupled gradient descent (MDGD) method, which disentangles the
optimization of visual understanding from task-specific alignment, MDGD regulates gradient up-
dates to maintain the effective rank of visual representations compared with pre-trained MLLMs,
while mitigating the over-compression effects described by the information bottleneck. Intuitively,
visual forgetting occurs due to the shift from rich multimodal pre-training to instruction-tuning,
where text-based supervision dominates without direct visual supervision. By explicitly decou-
pling the task-specific alignment with visual representation learning, MDGD preserves expressive
and robust visual features. To further improve efficiency in instruction-tuning, we introduce a
memory-efficient fine-tuning strategy using gradient masking, which selectively updates a subset
of model parameters for parameter-efficient fine-tuning (PEFT). This approach reduces computa-
tional overhead while ensuring that crucial pre-trained visual representations are retained.
We summarize our contributions as follows:

* We analyze the visual knowledge forgetting problem in MLLM instruction tuning and frame
the problem through the lens of effective rank and information bottleneck theory.

» We propose MDGD, which decouples visual optimization from task-specific alignment to
preserve visual representations and introduces a PEFT variant MDGD-GM to reduce com-
putational overhead through gradient masking.

» We conduct comprehensive experiments on various MLLMs and downstream tasks, demon-
strating that MDGD effectively mitigates visual forgetting while enabling strong adaptation

to new tasks.

27



3.1.1 Visual Knowledge Forgetting in MLLMs

Catastrophic forgetting, where a model loses previous knowledge while learning new tasks,
is a major challenge in continual learning Wang et al. (2023e). This problem is now widely rec-
ognized in LLMs and MLLMs Wu et al. (20241); Luo et al. (2023); Zhai et al. (2023). Although
various methods, including fine-tuning, task-orthogonal gradient descent, knowledge distillation,
and replay, have been adapted to mitigate forgetting Shi et al. (2024); Wu et al. (20241); Zhu et al.
(2024b); Zheng et al. (2024), they often fail to preserve rich visual features. Fine-tuning on new
tasks tends to overfit text and suppress visual information, while parameter-efficient methods like
LoRA also suffer from forgetting Fawi (2024); Liu et al. (2024a). Model Tailor Zhu et al. (2024b)
adapts the LLM backbone but does not address visual knowledge forgetting, which can lead to hal-
lucination or degraded generalization Zhai et al. (2023). In contrast, our approach synchronizes the
training of the visual encoder and LLM, preserving pre-trained visual knowledge during instruction

tuning.

3.1.2 Information Theory in LLMs

The Information Bottleneck (IB) principle Tishby et al. (2000) has been used in LLMs to
compress input while retaining task-relevant information Delétang et al. (2023); Valmeekam et al.
(2023); Wei et al. (2024); Wu et al. (2022a). Prior works use IB to extract robust features Zhang
etal. (2022); Wu et al. (2024¢) and enable feature attribution Li et al. (2022); Jiang et al. (2020), but
these focus on language models, not multimodal settings Yang et al. (2025). Existing information-
theoretic transfer learning methods Tseng et al. (2024); Wu et al. (2024e¢); Ling et al. (2024) also do
not address the unique challenges of MLLMs, where modalities are deeply entangled. Our method
instead uses effective rank to measure and counteract visual representation compression. The pro-
posed MDGD explicitly decouples visual learning from task alignment, going beyond previous

IB-based approaches.
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3.2 Preliminary

Task Definition. Given an MLLM 7y and instruction-tuning dataset D, the image prompt [ € {2 is
encoded by a visual encoder f into a sequence of M visual tokens f(I) = X" = (a}, 2%, ..., 2Y,).
During instruction tuning, the textual instructions 7' € D are tokenized as X! = (z!, 2}, ... zl)
using the tokenizer of the backbone LLM, which is querying the MLLM to generate textual re-

sponses conditioned on the multimodal inputs,
Ui ~ (- |XU,Xl7y<k)- (3.1

Therefore, the learning objective of visual instruction-tuning for A samples is to maximize the

average log-likelihood of the ground truth answer tokens y = (1, ¥s, . . ., yr) of each sample,
T
‘Cvl(e) = —Zlogﬂg (yt ‘ vaXlay<t) ) (32)

t=1

where multimodal instructions X? and X' both serve as generation conditions.

An Information Bottleneck Perspective on Visual Knowledge Forgetting. In multimodal mod-
els, the information bottleneck Mai et al. (2022) (IB) framework provides a powerful lens to un-
derstand how representations are formed. In our setting, the IB principle seeks a representation /
that is maximally informative about the output y while discarding irrelevant details from the inputs.
For an MLLM that processes visual inputs X" and textual inputs X, a full IB objective might take
the form:

min LWNG) = —1(y; Z) + BI(X"; Z). (3.3)

where I(-; -) denotes mutual information and 3 controls the trade-off between predictive power and
compression. This formulation explicitly highlights the risk of discarding visual details when the
model is optimized primarily to predict y. Based on the information bottleneck view, we further

analyze the visual forgetting problem in the original paper.
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Effective Rank as a Measure of Representation Richness. To quantify the information content
retained in a representation, we use the effective rank metric Roy and Vetterli (2007). Given a

representation matrix Z whose singular values are {o; }, the effective rank is defined as:

erank(Z) = exp <— Zpi logpl-) , (3.4)

where p; = 0,/ > ;0. This measure, based on the entropy of the singular value distribution, cap-
tures the “richness” or intrinsic dimensionality of Z. A higher effective rank indicates that the
representation spans a larger subspace, whereas a lower effective rank implies that the representa-

tion has been overly compressed.

3.3 MDGD: Modality-Decoupled Gradient Regularization and

Descent

Motivated by the visual forgetting problem caused by the degradation of multimodal en-
coding, we introduce a modality-decoupling gradient regularization (MDGD) to approximate or-
thogonal gradients between visual understanding drift and downstream task optimization. Specif-
ically, leveraging modality-decoupled gradients gy and g4 derived from the current MLLM and
a pre-trained MLLM respectively, we propose a gradient regularization term gy for more efficient
multimodal instruction tuning, which promotes the alignment of downstream tasks while mitigating
visual forgetting Zhu et al. (2024b). Since MDGD requires the estimation of parameter gradients,
we could not directly apply parameter-efficient fine-tuning methods (e.g., LoORA Hu et al.). Thus,
we alternatively formulate the regularization as a gradient mask M;,, which allows efficient fine-

tuning only on a subset of masked model parameters.
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3.3.1 Modality Decoupling

Based on the information bottleneck objective in Eq. (3.3), the objective encourages the
model to maximize [ (y; Z) while compressing I(X"; Z) Tishby et al. (2000); Alemi et al. (2017).
In practice, this compression may discard useful visual details, leading to visual forgetting. To
mitigate such compression and preserve the pre-trained visual knowledge, we follow the KL diver-
gence loss D <u¢(X Y) H mo(X ”)) to constrain the current model’s visual representation 7y (X")
to remain close to the pre-trained distribution 1, (X"), thereby preserving the mutual information
I1(X"?; Z) that would otherwise be reduced by the compression Hinton (2015); Lopez et al. (2018).
However, since MLLMs cannot directly track the distributions of image tokens, we instead intro-

duce an auxiliary loss function

Ly(¢,0) = [[m(X"]@) — w(X°[0)]]1, (3.5)

which approximates the KL divergence loss Zhu et al. (2022b, 2017) by penalizing discrepancies
between the pre-trained visual representation and that obtained during instruction tuning.

In the MLLM instruction tuning, the visual output tokens (e.g., {z/'}4Z ) are encoded as la-
tent representations. Such visual encoding cannot be directly supervised by any learning objective
but is learned through textual gradient propagation of the negative log-likelihood loss in down-
stream tasks. To approximate the visual optimization direction, we derive the gradients of £, (¢, 0)

for both the pre-trained MLLM 7, and the current MLLM 7ry:

he = VoLo(@) = A(9,0) - Vou(X”|9),

hg = V@ﬁv(e) = —)\(¢, 9) . Vg?T(Xv‘(g),

where A(¢, 0) = sign (u(X"|¢) — m(X"]0)). Intuitively, when the MLLM’s visual understanding
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drift causes visual forgetting, we further derive the orthogonal task gradients g, and gs:

_ VLu(d)Thy hy

VoLl (0)Th
Go = VoLou(0) — 9H+H29 - he, (3.7)

which enables modality decoupling of the downstream task loss gradient in Eq.(3.2) orthogonal

to the visual understanding drift for the pretrained MLLM g, L hy and current MLLM gy L hy.

Algorithm 1 MDGD: Modality Decoupled Gradients Descent

1: Inputs: Pre-trained MLLM p4, current MLLM 7y, instruction-tuning dataset D, and learning
rate n

2: Outputs: The optimized model weights of 7y
3: Initialize g < 14
4: for Receive minibatch D; C D do
5: Calculate L£,;(¢) of i, based on Eq.(3.2);
6: Calculate L,;(0) of 1y, based on Eq.(3.2);
7: Extract visual encodings of 1(X"|¢);
8: Extract visual encodings of 7(X"|0);
9: Calculate £, (¢, 0), based on Eq.(3.5);
10: Derive orthogonal task gradients g4 and gy, according to Eq.(3.6);
11: if Parameter-efficient fine-tuning then
12: Calculate Mj, ,based on Eq.(3.10);
13: Update the model following Eq.(3.11).
14: else
15: Calculate gy, based on Eq.(5.12);
16: Update the model following Eq.(3.9).
17: end if
18: end for

3.3.2 Regularized Gradient Descent

The auxiliary loss in Eq. (3.5) preserves the visual representation at a distribution level via
the feature alignment auxiliary loss in Eq. (3.5). However, the information bottleneck framework
indicates that the gradient component compressing I(X"; Z) (i.e., VoI (X"; Z)), can harm visual
preservation by reducing the effective rank of the features Achille and Soatto (2018); Lee et al.

(2021).
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To address this compression-induced drift, we incorporate an orthogonal gradient as a reg-
ularize. Motivated by multi-task orthogonal gradient optimization Yu et al. (2020); Zhu et al.
(2022a); Dong et al. (2022), we leverage the gradient g, from the pre-trained model ji4, which
reflects the accumulated visual drift and approximates a global orthogonal learning effect in the

downstream task. We then project the current model’s gradient onto this direction:

_T_

~ 90 9¢ -

90 = =2 " 9e- (3.9)
195 ]1?

In addition, to prevent discrepancies between the regularization and task gradients, we in-
clude the feature alignment auxiliary loss (Eq. (3.5)) in the overall objective. The final parameter
update is:

o 4 g — VLo (0) — VoLy(0) — Go- (3.9)

3.3.3 Enabling Parameter-efficient Fine-tuning of MDGD via Gradient

Masking

Parameter-efficient fine-tuning (PEFT) methods, such as adapters Houlsby et al. (2019)
and LoRA Hu et al., aim to reduce the computational cost and memory usage when fine-tuning
models on downstream tasks under practical constraints Han et al. (2024). However, due to the
requirement of directly estimating gradient directions on the pre-trained model parameters, MDGD
cannot be directly applied to these PEFT methods, which introduce additional model parameters
whose gradients are separate from the original model weights.

To address this challenge, we propose a variant, MDGD-GM, by formulating the gradient
regularization term in Eq. (5.12) as gradient masking that selects model weights with efficient

gradient directions. Specifically, we define it as

7T7
M :1{—_99% zTa}, (3.10)
11176l
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where T, is determined by a percentile « of trainable parameters with the highest similarity scores

between gy and g4. Consequently, the optimization in Eq. (3.9) is reformulated as

g < Tg — Mgg . (V(;Evl(Q) + V@Ev(e)) . (3.11)

We summarize and illustrate the optimization process of MDGD and MDGD-GM in Algorithm 1.

Table 3.1: Performance on various pre-trained tasks of LLaVA-1.5 models fine-tuned on Flickr30K
and OKVQA. We report the best performance for each task in a bold font while the second best
performance underlined.

Method 4Params Pre-trained tasks Target task Metrics
GQA VizWiz SQA TextVQA POPE MMBench Flickr30k Avg Hscore
Zero-shot - 61.94 50.00 66.80 58.27 85.90 64.30 3.5 55.82  59.86
Fine-tune 1.2B 56.26 4445 28.34 38.98 38.40 50.56 78.82 4797 4526
LoRA 29M 17.74  40.63 5.38 30.48 2.40 9.55 64.18 2433 2049
Model Tailor 273M 5249 4228 67.15 43.89 82.88 63.40 75.40 61.07 59.85
MDGD 1.2B 67.71 48.18  69.05 57.32 85.12 65.43 73.47 66.61 66.03
w/o visual align 1.2B 57.64 3695 53.96 32.84 30.43 56.66 65.58 47.72  46.19
MDGD-GM 124M  69.89 51.22 65.87 58.18 84.39 66.42 64.18 65.74 65.86
Method 4Params Pre-trained tasks Target task Metrics
GQA VizWiz SQA TextVQA POPE MMBench OKVQA Avg Hscore
Zero-shot - 61.94 50.00 66.80 58.27 85.90 64.30 0.14 55.34 59.58
Fine-tune 1.2B 6298 40.59 59.84 48.38 71.42 51.98 69.10 57.76  56.79
LoRA 29M 6344 4161 51.29 48.02 75.27 37.31 71.46 5549 54.12
Model Tailor 273M  60.39  46.49  69.51 54.88 85.44 63.32 38.10 59.73  61.48
MDGD 1.2B 66.55 4272  64.60 52.54 85.17 61.73 62.29 62.23 62.22
w/o visual align 1.2B 66.39 39.89 60.19 52.40 84.92 62.97 62.39 6131 61.22
MDGD-GM 124M  66.02 4397 6791 52.80 84.70 63.97 61.04 62.92  63.07

3.4 Experiments

Datasets To evaluate catastrophic forgetting, we follow the setup of Zhu et al. (2024b) and consider
two models: LLaVA-1.5 (7B) and MiniCPM-V-2.0 (2.8B). For each model, we use a set of pre-
trained tasks (including VQAv2, GQA, VizWiz, TextVQA, POPE, and MM-Bench) and fine-tuning
tasks on previously unseen datasets (such as Flickr30k, OKVQA, TextCaps, and PathVQA). Full

details on dataset composition are provided in the appendix.
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Baselines We compare our approach against several baselines: standard fine-tuning following Zhu
et al. (2024b), LoRA-based fine-tuning (Hu et al.), and Model Tailor (Zhu et al., 2024b). For Model
Tailor, we report the original results from their paper for comparison.

Implementation Details All experiments use the official Huggingface implementations of LLaVA-
1.5 and MiniCPM-V-2.0, with LoRA adapters where applicable. Models are fine-tuned using
BFloat16 precision on 2 NVIDIA A100 80GB GPUs. We include fine-grained implementation

details in the original paper.

3.4.1 Comparison Results

LLaVA-1.5 adapts better to downstream tasks but is more prone to visual forgetting. We
study the visual forgetting problem on the LLaVA-1.5 MLLM, and report performance comparison
results in Table 3.1. We observe that the pre-trained LLaVA enables efficient instruction tuning on
target tasks, where the zero-shot performance is near zero. When the model is fine-tuned on the
image caption task, Flickr30K, which largely differs from the pre-trained tasks of visual question-
answering, the model can learn a degraded multimodal representation, which causes visual for-
getting in its projected visual representation space. Fine-tuning on visual question-answering task
OKVQA, which is similar to the pre-trained tasks, can also lead to MLLM’s visual understanding
drift, due to the limited image-text pairs existing in the downstream task.

MiniCPM-V-2.0 also experiences visual forgetting while limited in downstream task improve-
ments. To validate the observation on a smaller MLLM, we report the comparison results of
MiniCPM-V-2.0 with 2.8B model parameters in Table 3.2. We observe that compared with the
LLaVA MLLM, MiniCPM suffers from less prominent visual forgetting. We attribute this obser-
vation to MiniCPM learning a more compact and constrained visual representation space during
pre-training, causing the visual representations of target task images to be less aligned with those
of the pre-trained MLLM. Consequently, MiniCPM exhibits limited improvement in downstream
tasks, as its restricted ability to acquire additional visual knowledge leads to ineffective instruction

tuning.
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Table 3.2: Performance on various pre-trained tasks of MiniCPM-V2.5 models fine-tuned on
PathVQA and TextCaps. We report the best performance for each task in a bold font while the
second best performance underlined.

Pre-trained tasks Target task Metrics
Method #Params
VizWiz A-OKVQA OKVQA TextVQA IconQA POPE MMBench PathVQA Avg Hscore
Zero-shot - 55.27 79.39 64.86 77.98 79.01 88.93 70.98 5.44 65.23  10.04
Fine-tune 517 52.91 76.94 59.06 58.34 76.96 89.60 70.16 11.04 61.88 18.74
LoRA 35M 52.95 76.24 64.45 77.18 77.80 88.08 67.47 15.03 64.90 24.41
MDGD 517 55.73 78.25 64.33 77.54 79.45 89.19 71.94 9.09 65.69 15.97
w/o visual align ~ 517M 54.92 78.52 64.17 77.42 79.37 89.10 70.96 8.49 65.37 15.03
MDGD-GM 52M 55.04 78.78 64.31 77.78 79.10 88.76 70.98 5.72 65.06 10.52
Method 4Params Pre-trained tasks Target task Metrics
VizWiz A-OKVQA OKVQA TextVQA IconQA POPE MMBench TextCaps Avg Hscore
Zero-shot - 55.27 79.39 64.86 77.98 79.01 88.93 70.98 15.77 66.52  25.50
Fine-tune 517"M 52.03 77.73 59.16 67.24 78.67 88.20 71.42 33.85 66.04 44.76
LoRA 35M 53.30 78.17 63.99 77.68 78.28 87.31 69.23 3241 67.55 43.80
MDGD 517 55.17 78.17 63.67 76.08 79.40 89.11 71.58 28.90 67.76  40.52
w/o visual align ~ 517M 51.35 78.08 63.06 76.48 78.99 88.98 71.30 25.93 66.77  37.35
MDGD-GM 52M 55.04 78.43 65.26 78.08 79.65 88.93 71.88 29.14 68.30  40.85

MDGD prevents visual forgetting while maintaining downstream task improvements. By
employing MDGD in MLLM instruction tuning, we observe the LLaVA’s average performance
drops on pre-trained tasks when fine-tuned on OKVQA and also improves when fine-tuned on
Flickr30K, which demonstrates the efficiency of MDGD in mitigating visual forgetting. For the
smaller MLLM, MiniCPM, MDGD achieves comparable fine-tuning improvements with direct
fine-tuning, while completely eliminating visual forgetting in the pre-trained tasks. MDGD and
its variants consistently achieve the best average performance for both MLLMs, demonstrating its
great potential for incremental learning on individual downstream tasks.

Comparison with baseline methods. Table 3.1 shows that MDGD consistently outperforms both
LoRA fine-tuning and Model Tailor Zhu et al. (2024b) on LLaVA-1.5. LoRA suffers from visual
forgetting due to projecting multimodal features into lower-rank spaces, especially on Flickr30K
and OKVQA. Model Tailor, while effective for anti-forgetting in LLMs, is less robust for MLLMs
and remains sensitive to the target dataset, performing better on Flickr30K than OKVQA. In con-
trast, MDGD achieves higher average scores and H-scores across datasets. In Table 3.2, MDGD
improves average performance on MiniCPM tasks, reducing visual forgetting by 2.43% and 1.83%

on PathVQA and TextCaps, respectively.
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Figure 3.2: T-SNE plots of the distribution of extracted visual (X ") and multimodal z*! represen-
tations from pre-trained MiniCPM, and models with direct fine-tuning and MDGD on PathVQA
and TextCaps.
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Figure 3.3: T-SNE plots of the distribution of extracted visual (X ") and multimodal z*' represen-
tations from pre-trained LLaVA-1.5, and models with direct fine-tuning and MDGD on OKVQA
and Flickr30K.
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3.4.2 Ablation Study

Ablation study on visual alignment. We compare MDGD with its two variants, MDGD w/o
visual align and MDGD-GM. MDGD w/o visual align enables MDGD without including visual
representation loss £, (¢, 8) Eq.(3.5), to understand the effect of directly optimizing to reduce the
visual representation discrepancy between the current model and pre-trained model. We observe
that MDGD w/o visual align maintains relatively comparable performance to MDGD on OKVQA
and PathQA, due to the reduced need for visual representation adaptation in such visual question-
answering tasks. In contrast, tasks like image captioning on Flickr30K and TextCaps benefit from
feature alignment regularization, which directly mitigates visual understanding drift in the MLLM.
Ablation study on gradient masking. The other variant, MDGD-GM, leverages gradient masking
to enable parameter-efficient fine-tuning (PEFT). We observe the PEFT variant of MDGD consis-
tently achieves comparable performance across all tasks and backbone MLLMs, which only fine-
tunes a subset of 10% original MLLM parameters used for direct fine-tuning and original MDGD.
Different from conventional PEFT methods such as adapters, MDGD and its variants do not intro-
duce additional parameters to the original model architecture, enabling incremental learning in an

online setting (Maltoni and Lomonaco, 2019; Gao et al., 2023).

3.4.3 Representation Learning Analysis

T-SNE Analysis on Visual Representation To analyze the learning of visual and multimodal rep-
resentation distributions in MLLMs, we create T-SNE Van der Maaten and Hinton (2008) plots to
visualize the feature distributions extracted from pre-trained MLLMs, as well as MLLMs after stan-
dard fine-tuning and MDGD We illustrate the distributions of the multimodal features 2*' extracted
from the last token of the multimodal instruction tokens, and the visual features my(X") extracted
from the last token of the input image tokens. We observe a consistent visual understanding drift
in the MLLMs’ visual representation spaces after standard fine-tuning on PathVQA and TextCaps

with MiniCPM (Figure 3.2b and 3.2d). By employing MDGD to mitigate visual forgetting, we
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observe that visual understanding drift is effectively reduced, allowing the fine-tuned MLLM to
retain pre-trained visual capabilities.

We further observe a distributional discrepancy in the multimodal representation 2*' of
LLaVA (Figures 3.3a and 3.3¢) between MDGD and the pre-trained MLLM. This discrepancy
arises from the alignment of the MLLM to the target task through multimodal instructions, demon-
strating effective adaptation to the downstream task of the LLaVA model. In addition, we also
observe such multimodal distribution discrepancy reduces in a smaller MLLM, MiniCPM. This
observation aligns with our findings on MiniCPM in Section 3.4.1, where we noted limited effects
in model adaptation to downstream tasks. However, applying MDGD to MiniCPM mitigates vi-
sual forgetting by preventing degradation of both image and multimodal encodings into lower-rank
representation spaces.

Effective Rank Analysis on Visual Representation To quantitatively analyze the visual forgetting
problem, we calculate effective ranks of the visual representations extracted from the last hidden
layer on the position of image tokens in individual MLLMs. We show the comparison results of
LLaVA models in Figure 3.5a and MiniCPM models in Figure 3.5b. We observe that with both the
backbone models of LLaVA and MiniCPM, directly fine-tuning the pre-trained models on down-
stream tasks can lead to a consistent reduction of effective ranks in visual representations. Such
observations validate the hypothesis regarding the potential visual forgetting problem in MLLM
instruction tuning. In addition, we can observe that MDGD achieves consistent improvements in
effective ranks compared with the standard fine-tuning method for both backbone MLLMs across
various pre-trained tasks. In Figure 3.5a, we observe that MDGD achieves comparable or even bet-
ter effective ranks on pre-trained tasks, compared with the pre-trained LLaVA model. However,
MDGD on MiniCPM in Figure 3.5b also suffers from the visual representation degradation prob-
lem, while MDGD consistently alleviates the problem. Such observation suggests a higher risk of

visual forgetting in smaller-scale MLLMs.
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Figure 3.5: The effective rank comparison on individual downstream fine-tuning datasets.
3.4.4 Sensitivity Study

We evaluate the learning curves of MDGD and MDGD-GM compared with standard fine-
tuning in Figure 3.4(a), where we observe that MDGD and MDGD-GM achieve comparable train-
ing efficiency compared with the standard fine-tuning method. We also investigate the sensitivity
of gradient cosine similarity between gy and g, in Figure 3.4(b) and the representation loss in Fig-
ure 3.4(c), with respect to the gradient masking ratio in MDGD-GM. In Figure 3.4(b), we observe
that MDGD-GM with lower gradient masking ratios can better align the modality-decoupled learn-
ing gradients between the target model and the pre-trained model, while MDGD-GM maintains
over 70% alignment with 50% gradient masking. In Figure 3.4(c), we show that MDGD-GM with
50% gradient masking still effectively alleviates the visual representation degradation problem by
reducing the visual representation discrepancy L, while learning with a more active gradient can

achieve better alignment.

3.5 Chapter Summary

In this work, we addressed the challenge of visual forgetting in MLLMSs during instruction
tuning by introducing a novel modality-decoupled gradient descent (MDGD) approach. MDGD
disentangles the gradient updates for visual representation learning from task-specific alignment,
thereby preserving the effective rank of pre-trained visual features and mitigating the over-compression

effects highlighted by the information bottleneck perspective. This decoupling enables MLLMs
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to retain rich visual knowledge while adapting robustly to new downstream tasks. Furthermore,
our gradient masking variant, MDGD-GM, enhances memory efficiency and optimizes parame-
ter usage, making fine-tuning both practical and scalable. Extensive experiments across various
downstream tasks and backbone models demonstrate that MDGD not only effectively prevents
visual forgetting but also outperforms existing strategies in achieving balanced multimodal repre-
sentation learning and task adaptation. Our findings underscore the importance of preserving visual
representations during instruction-tuning and offer a viable solution for efficient and effective mul-
timodal learning in real-world scenarios.

This chapter, in full, is a reprint of the material as it appears in “Mitigating Visual Knowl-
edge Forgetting in MLLM Instruction-tuning via Modality-decoupled Gradient Descent” by Junda
Wu, Yuxin Xiong, Xintong Li, Yu Xia, Ruoyu Wang, Yu Wang, Tong Yu, Sungchul Kim, Ryan A.
Rossi, Lina Yao, Jingbo Shang, and Julian McAuley, published in Findings of the Conference on
Empirical Methods in Natural Language Processing (EMNLP), 2025. The dissertation author was

the primary investigator and author of this paper.
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Chapter 4

Offline Chain-of-Thought Evaluation and
Alignment via Knowledge Graph
Exploration (OCEAN)

4.1 Introduction

Offline policy evaluation aims to estimate a target policy model’s performance with only
collected data, without requiring direct interactions between the target policy and realistic envi-
ronments. Previous offline evaluation methods focus on decision-making policies in recommender
systems (Li et al., 2011), healthcare (Bang and Robins, 2005), and other scenarios where online
experimentation is costly (Thomas et al., 2015; Bhargava et al., 2024), risky, and impractical (Yu
etal., 2021). Recent studies in LLMs leverage human feedback to align models’ behaviors with hu-
man preferences in single-turn generation (Ouyang et al., 2022; Rafailov et al., 2023) and multi-step
reasoning tasks (Joshi et al., 2024). Due to the high cost of deploying LLMs online and interact-
ing with human feedback, Bhargava et al. (2024) further enables offline evaluation of LLMs from
logged human feedback to align LLMs’ response generation.

However, considering annotators may not be comprehensive in various types of knowledge

backgrounds and the associated reasoning, human feedback on chain-of-thought reasoning (Joshi
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et al., 2024) can be more challenging to collect. In addition, since chain-of-thought reasoning
involves a sequential decision-making process, the volume of collected human feedback can be
exponentially increased. Due to such challenges, conventional reinforcement learning from hu-
man feedback (RLHF) methods (Ouyang et al., 2022; Bai et al., 2022a) can suffer from training
inefficient and scalability issues.

Motivated by recent works in using knowledge graphs as side information to enable prompt
engineering (Wang et al., 2024e), self-correction (Zhao et al., 2023b; Wang et al., 2023d; Li et al.,
2024c; Wu et al., 2024d), evaluating chain-of-thought (Nguyen et al., 2024), and model fine-
tuning (Wang et al., 2024c; Tang et al., 2024), we propose leveraging knowledge graphs as weak
yet controllable knowledge reasoners to effectively measure the alignment between LLMs’ multi-
step chain-of-thought reasoning and multi-hop knowledge graph trajectories by inverse propensity
scores (IPS) (Joachims etal., 2017). In contrast to the existing chain-of-thought evaluation (Nguyen
et al., 2024) method, which relies on accurate chain-of-thought grounding on specific knowledge
graphs, we propose verbalizing the knowledge graph trajectories and developing a knowledge graph
policy that serves as a verbal reasoning mechanism over the graphs. Therefore, we can bridge the
heterogeneity between knowledge graph and LLM reasoning forms, and the verbalized knowledge
graph policy can be generalized to be compatible with various LLMs.

To enable controllable chain-of-thought alignment in LLMs, we principally track LLMs’
decision-making process in generating chain-of-thought reasoning steps, by formulating the pro-
cess as a Markov Decision Process (MDP) whose goal is to reach the correct final answer with
minimal knowledge exploration and exploitation. Then, we propose offline chain-of-thought eval-
uation and alignment, OCEAN, which evaluates the generated chain of thoughts from off-policy
LLMs through collected offline data samples with feedback from a knowledge graph. The im-
proved KG-IPS approach considers the effects of feedback from the knowledge graph policy that
aligns the model’s chain-of-thought generation and the behavior policy, which prevents model de-
generation. We prove that the KG-IPS estimator provides an unbiased estimate of the target policy,

with a lower bound for the variance, and establish confidence intervals using sub-Gaussian con-
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centration inequalities. To enable direct optimization of LLM policies, we leverage the proposed
KG-IPS policy evaluation approach for LLM fine-tuning by directly maximize estimated policy
values through gradient descent. Then we empirically evaluate the optimized LLM policy on three
types of chain-of-thought reasoning tasks, and demonstrate the effectiveness of the proposed policy
optimization method. We also observe relative performance improvements across evaluation tasks,
without affecting LLMs’ generalizability or generation quality. We summarize our contributions
as follows:
* We propose an offline evaluation framework, OCEAN, which bridges the heterogeneity be-
tween LLM and knowledge graph reasoning, for effective evaluations of chain-of-thought.
» With the evaluation framework, we further develop a direct policy optimization method
which enables efficient alignment with automatic feedback from the knowledge graph.
* To facilitate the evaluation and optimization, we model the knowledge-graph preference and
derive feedback by developing a policy which verbalizes knowledge-graph trajectories.
* We provide a theoretical analysis of the unbiasedness and establish a lower bound for the
variance of our KG-IPS estimator.
* Through comprehensive experiments, we demonstrate OCEAN’s effectiveness in aligning
LLMs’ chain-of-thought reasoning through direct optimization of the estimated policy value.
OCEAN also achieves better performance on various downstream tasks without affecting

LLMs’ generalizability.

4.2 Related Work

Offline Policy Evaluation Offline policy evaluation (OPE) is essential when online de-
ploying learned policies is risky and impractical (Levine et al., 2020). OPE has been applied to
various practical applications, including evaluating the recommender system’s behavior with of-
fline collected user feedback (Gilotte et al., 2018; Jeunen, 2019). Recent work (Gao et al., 2024)
also develops an OPE estimator for LLM evaluation based on human feedback. Different from

previous works, we study and formulate chain-of-thought generation in LLM as an MDP and use
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knowledge graph reasoning as automatic feedback to develop a KG-IPS policy value estimator.

LLM Alignment Reinforcement Learning from Human Feedback (RLHF) has been the
dominant approach, optimizing LL.Ms using human-annotated data to align model behavior with
user preferences (Ouyang et al., 2022; Bai et al., 2022a). DPO (Rafailov et al., 2023) and RRHF
(Yuan et al., 2023b) are proposed to reduce the training instability of RLHF. Wu et al. (2023¢) uti-
lizes varying densities of human feedback to offer fine-grained rewards for RL finetuning, and Sun
et al. (2024a) focuses on aligning LLMs with reward models driven by human-defined principles.
To address RLHF’s limitations such as heavy reliance on human input, alternative approaches like
Reinforcement Learning from Al Feedback (RLAIF) (Bai et al., 2022b; Lee et al., 2023; Liu et al.,
2023c) and self-alignment methods (Sun et al., 2024b) have been proposed, using Al-generated
feedback to scale and automate alignment. Despite advancements, a key challenge remains in
aligning LLMs’ internal knowledge with their reasoning, resulting in flawed reasoning even after
factual errors are corrected. Our approach focuses on improving chain-of-thought alignment by
modeling reasoning paths as an MDP and using KGs to ensure both factual accuracy and human-
like reasoning.

Chain-of-thought Reasoning Chain-of-thought prompting has been widely applied to elicit
the strong reasoning abilities of LLMs (Wei et al., 2022; Chu et al., 2023c; Xia et al., 2024). By
decomposing a complex problem into a sequence of intermediate sub-tasks, LLMs are able to focus
on important details and solve the step-by-step (Huang and Chang, 2023; Yu et al., 2023). Despite
the remarkable performance improvements, recent studies have found that LLMs often generate un-
faithful chain-of-thought reasoning paths that contain factually incorrect rationales (Turpin et al.,
2023b; Lanham et al., 2023). To address this, a number of works leverage LLMs’ self-evaluation
abilities to verify and refine each reasoning step (Ling et al., 2023; Madaan et al., 2023). As the
factual errors in the generated chain-of-thought may also be caused by the limited or outdated
parametric knowledge of LLMs, recent methods incorporate external knowledge sources to fur-
ther edit unfaithful content in the reasoning path (Zhao et al., 2023b; Wang et al., 2023d; Li et al.,

2024c; Wang et al., 2024f,b). While these methods focus on knowledge augmentation and editing
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through prompts, our method, in comparison, directly aligns LLM internal knowledge with faithful
and factual chain-of-thought, which avoids potential knowledge conflicts between parametric and

non-parametric knowledge when generating reasoning paths.

4.3 Preliminary

We first provide the formulation of chain-of-thought reasoning in LLMs as an MDP. Then
we discuss conventional knowledge graph reasoning, as an alternative to free-form generation by
verbalizing structured knowledge graph reasoning paths into natural language, which is more sta-

tistically controllable and generates faithful reasoning paths to the knowledge graph.

4.3.1 Problem Formulation: CHAIN-OF-THOUGHT AS AN MDP

Given the prompt instruction ¢, chain-of-thought reasoning process in a causal language
model 7y includes the generation of a trajectory of reasoning steps ¢ = (¢, o, . . ., ¢r), before the

final answer prediction v,

T
~ mo(-q) = HW@ cilg, <),y ~mol-lg) = mo(ylg, e) [ [ molcila, c<i),
=1

where each reasoning step c; comprises a sequence of tokens and the number of reasoning step 7' is
determined by the model’s generation. Controllable chain-of-thought generation can be challenging
due to its nature in autoregressive sequential sampling (Lin et al., 2020), which produces a high-
dimensional action space in sampling a reasoning step 7 (c;|q) containing multiple tokens.
Chain-of-thought reasoning can be viewed as a Markov Decision Process (MDP) (Sutton,
2018): starting with the instruction prompt ¢, the LLM sequentially decides and generates the next-
step reasoning path c; that navigates until it arrives at a target final answer y. Given the LLM policy
Ty, at time step ¢, each state s; € S comprises of the instruction prompt ¢ and previously generated
reasoning paths (¢;)'_}. The action space {1, ..., |V|}"" in LLMs is a sequence of N, tokens sam-

pled from an identical and finite vocabulary set ). The LLM policy 7y samples next-step thought
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based on current state as a; ~ my(a;|s;), which is a sub-sequence in the reasoning path a; € ¢; and
the surrounding context ¢;\a, is deterministically generated by LLMs. The transition in chain-of-
thought is concatenating each reasoning path to the current state as s;.; = [y, ¢;|. Then the reward
function is to evaluate each thought given the state as r, = r (s, ¢;). Although such formulation of
chain-of-thought enables direct LLM on-policy optimization via reinforcement learning, direct in-
teraction with knowledge graphs to collect per-step reward in LLMs can be practically challenging
and require a large effort of engineering due to the discrepancy between the unstructured genera-
tion of LLMs and structured knowledge graphs (Pan et al., 2024). Therefore, we propose to offline

evaluate and optimize the target policy aligning with knowledge graph preference.

4.3.2 Verbalized Knowledge Graph Reasoning

In contrast to chain-of-thought reasoning, conventional knowledge graph reasoning meth-
ods (Lin et al., 2018; Saxena et al., 2020) sample a entity-relation pair (7, €;) at step ¢ from a subset

of the graph G = (£, V) consisting of the outgoing edges of current edge ¢, 1,
(re,e0) € {(r',€)|(esq,7',€") € G}, 4.1)

where the transition feasibility of the entity e, ; to all the outgoing edges is entirely determined
by G. The process of knowledge graph reasoning starts with a decomposed triple (eg, 71, €1) of
the instruction ¢, and produces a chain of triplets h = (eg, 71, €1, ..., 77, er) by sampling from a
policy x,

(re,er) ~ p((re, er)leos m1 €1,y rem1, €21) 4.2)

where the goal of such knowledge graph exploration is to arrive at the correct answer entity at the
end of the search step 7. By knowledge graph exploration, we can collect a set of trajectories
H = {hk}szl, which are used to estimate a parametric probabilistic policy i, as a proxy to model
the preference of the knowledge graph.

To align the action space between the knowledge graph preference policy i, and the target
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policy 7y, we leverage a small language model as the backbone of ji, and fine-tune the model
on verbalized trajectories as natural language contexts. Inspired by existing efforts in verbalizing
structured knowledge graphs into natural language query (Seyler et al., 2017) and context (Agarwal
et al., 2020; Wang et al., 2022), we leverage the GPT-4 (Achiam et al., 2023) model f to verbalize
each chain of triplets h into a chain-of-thoughts ¢ = f(h). The verbalized knowledge-graph

trajectories are used to model knowledge graph preference in Section 4.4.2.

4.4 OCEAN: Offline Chain-of-thought Evaluation and

AlignmeNt

We propose an offline evaluation of the chain-of-thought generation process aligned with
knowledge graph preference. The off-policy estimator can be used for policy optimization that
aligns LLMs with more faithful reasoning paths from knowledge graphs (Lin et al., 2024). We

develop a small language model as a behavior policy that models the knowledge graph preference.

4.4.1 Offline Evaluation and Optimization

One of the most broadly used oftline evaluation approaches is inverse propensity scores
(Ionides, 2008; Dudik et al., 2011), which has been used for LLM-based offline policy evaluation
for various purposes (Bhargava et al., 2024; Dhawan et al., 2024). Given the offline logged chain-
of-thought trajectories D = {7;}¥,, where 7; = (sg ) e ) gl le)tT;O, we propose a KG-IPS

estimator considering two-folded weights of entity tokens in the knowledge graph preference policy

14 and of non-entity tokens in the base LLM policy 7 ,

N
~ 1 mo(els;”) ;
Vig-1ps(0) = N Z § Z —Sé) log mo(elst”), (4.3)

where Ae|si”) = 1{e € a\"} - uy(e|s\”) + 1{e € dN\al"} - mo(e|s®). We follow (Zhang
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et al., 2024b) to use the log-likelihood score of each token in the base policy 7y as the reward
function.

Establishing the unbiasedness of the KG-IPS estimator is essential for reliable policy eval-
uation (Jiang and Li, 2016; Bhargava et al., 2024). We formalize this in the following lemma; the

proof is given in the original paper:
Lemma 4.1. The KG-IPS estimator provides an unbiased estimate of the target policy my.

The standard IPS estimator is known to have high variances considering large behavior
discrepancies (ﬂg(e\sgi)) / qu(e]s,gi))) between the behavior policy 1, and the target policy 7. In
addition, by separately weighting the entity and non-entity tokens with 114 and 7, respectively,
we avoid the increasing variance accumulated from the long chain-of-thought reasoning process
and maintain the LLM’s behaviors on non-entity tokens without model degeneration. To further
formalize our approach and illustrate the variance inherent in the KG-IPS estimator, we present the

following Lemma, which provides a lower bound on the variance,

Lemma 4.2. The variance of the KG-IPS estimator is lower bounded by %—;, where M denotes the
maximum value of the weighted terms, and n is the number of samples. Given V' (0) is the true value
function of the target policy my, applying the concentration inequality for sub-Gaussian variables,

the KG-IPS estimator satisfies the following confidence interval with probability at least 1 — §:
Viars(®) = V(6)] < O (M/log(1/0)/n) .

To further support our findings, we demonstrate that the optimal policy for the final reward
is consistent with the optimal policy for the entity-based knowledge graph reward, which means
the non-entity-based LLM reward can be considered as a regularization term that does not affect
the optimal policy. See the original paper for a complete analysis.

In the end, we could directly optimize the target policy by maximizing the estimated value
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function through policy gradient,

0 < 0+ VoVia_1ps(0). (4.4)

4.4.2 Knowledge Graph Preference Modeling
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Figure 4.1: Sampling distributions of (a) trajectories in the knowledge graph that are verbalized
as multi-step QA tasks and successfully answered by the LLM itself, (b) relations, and (c) entities
in the knowledge graphs. We show their frequencies of the appearance in the trajectories sampled
from the Wikidata5M (Wang et al., 2021) knowledge graph.

To facilitate the evaluation and optimization, we model knowledge graph preference and
derive feedback by developing the behavior policy 14 which verbalizes knowledge-graph trajec-
tories. Randomly sampled trajectories H from G in Section 4.3.2 contain samples that may not
be transformed into a chain of thoughts leading to a reasonable question-answering. Following
conventional self-consistent measurement (Wang et al.; Manakul et al., 2023), given a sampled tra-
jectory h and its verbalized chain of thoughts ¢, we prompt the GPT-4 model to propose a question

q related to the first entity eq € h whose answer should be exactly the last entity e; € h, and query

the GPT-4 model with the proposed question,

q~ flaleo,er,c), g~ f(ylg,e), R(hle) =E[1{er = g}],

where the reward of the trajectory is determined by the answer accuracy. In Figure 4.1a, we present

the probability distribution of sampled trajectories, with respect to the number of correct answers
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generated per trajectory from ten differently sampled questions associated with each trajectory.
Based on such self-consistency measurement, we estimate the reward function R(h|c) as the nor-
malized question-answering accuracy. Then we fine-tune the preference policy i, directly via

policy gradient optimization,

K |ek|-1

Vol (6) =V Y > R(hylcr)log ug(uilq, y<r).

k=1 t=0

Based on the distribution of relations (Figure 4.1b) and entities (Figure 4.1¢) in the sampled knowl-
edge graph trajectories, we observe that the relation distribution is relatively more skewed toward
the most frequent relations. This suggests that the verbalized knowledge graph reasoning policy
is likely to focus on more frequent reasoning transitions, potentially enhancing its ability to learn
meaningful patterns. In contrast, the entity distribution shows a relatively short tail, which may

help mitigate the risk of overfitting to specific entities or knowledge biases.

4.5 Experiments

In this section, we evaluate our proposed method, 0CEAN, by conducting chain-of-thought
alignment on four LLM backbone models and evaluating several downstream tasks. We show our
method’s effectiveness in chain-of-thought alignment and its generalizability in various tasks to
understand (i) whether the proposed optimization approach sufficiently aligns LLMs’ chain-of-
thought behaviors with higher estimated values on multi-hop question-answering tasks, (ii) how
the proposed method performs on knowledge-intensive question-answering tasks and (iii) whether

the post-alignment LLM generalizes on commonsense reasoning tasks.

4.5.1 Implementation Details

Datasets. Following prior work (Zhang et al.), we evaluate our approach across three
key aspects of question answering. For knowledge-intensive reasoning, we use datasets requir-

ing deeper domain understanding. The AI2 Reasoning Challenge (ARC) (Clark et al., 2018) tests

51



models’ advanced reasoning abilities with grade-school science questions. PubMedQA (Jin et al.,
2019) assesses biomedical reasoning by requiring yes/no/maybe answers from research abstracts.
Finally, SciQA (Auer et al., 2023) challenges models to reason over scientific knowledge using the
Open Research Knowledge Graph (ORKG).

The second focus is multi-hop reasoning, where models must combine information from
multiple sources. HotpotQA (Yang et al., 2018) requires reasoning across multiple Wikipedia
documents. MuSiQue (Trivedi et al., 2022b) includes complex questions needing 2-4 inference
hops. StrategyQA (Geva et al., 2021) tests implicit reasoning, where steps must be inferred. These
datasets assess the models’ ability to perform connected reasoning tasks for complex questions.

Lastly, we focus on commonsense reasoning, crucial for understanding everyday knowl-
edge. We evaluate three different commonsenseQA benchmarks, CSQA (Talmor et al., 2021),
CSQA2 (Saha et al., 2018), and CSQA-COT1000 (Li et al., 2024b). In addition, OpenBookQA
(Mihaylov et al., 2018) tests models’ ability to combine common knowledge with science facts for
elementary-level questions. WinoGrande (Sakaguchi et al., 2021) challenges models to avoid bi-
ases in commonsense reasoning. These tasks evaluate a model’s general abilities in commonsense
question-answering.

Baselines. We experiment with four backbone LLMs: Gemma-2 (Team, 2024a) with 2B
model parameters, Llama-3 (Al@Meta, 2024) with 8B model parameters, Phi-3.5-mini (Abdin
et al., 2024) with 3.8B model parameters, and Mistral-0.2 (Jiang et al., 2023) with 7B model pa-
rameters. We use the instruction fine-tuned version of backbone LLMs for better instruction fol-
lowing abilities in question-answering. For chain-of-thought alignment in 0CEAN, we use the CWQ
question-answering dataset (Talmor and Berant, 2018) as the source data, in which the question-
answering pairs are developed from knowledge graphs. OCEAN only uses CWQ questions for the
LLM to generate chain-of-thought reasoning paths, which are further aligned using the knowledge
graph preference model, without directly supervised learning on the ground-truth answers. To com-
pare with direct supervised learning, we also enable instruction-tuning as a baseline (SFT), which

is fine-tuned with the question as instruction and the answer as the response.
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Knowledge Graph Preference Model. The knowledge graph preference model is de-
veloped based on the pre-trained GPT2-Medium model (Radford et al., 2019). We collected 6K
question-answering pairs from the WikidataSM (Wang et al., 2021) knowledge graph based on the
sampling strategy in Section 4.4.2. The sampled knowledge graph trajectories are composed into
natural language prefixed by the corresponding questions by the GPT-4 model, which verbalizes
the knowledge graph reasoning trajectories and aligns with generative language models’ behaviors.
The model is then fine-tuned with a base learning rate of 1e — 4 for 10 epochs with a linear learning

scheduler.

4.5.2 Multi-hop Question Answering

We evaluate the chain-of-thought reasoning performance of OCEAN compared with base
LLMs and supervised fine-tuning (SFT), in three multi-hop question-answering tasks in Table 4.1.
Comparing SFT and Base LLMs, we observe similar knowledge inconsistency as in knowledge-
intensive tasks. Although SFT improves on MuSiQue with Gemma-2 and Mistral-0.2 backbones
whose base models’ performance is relatively inferior on this task, such knowledge-inconsistent
problems result in worse performance on other downstream tasks.

Since OCEAN is aligned to incorporate more knowledge-faithful chain-of-thought reason-
ing patterns learned from knowledge graph reasoning policy without directly editing its internal
knowledge, OCEAN maintains its generalizability in adapting to downstream tasks. We observe that
OCEAN consistently improves on the policy estimated value V(G) through direct policy optimiza-
tion proposed in (5.2), which demonstrates the effectiveness of the developed optimization method.
Regarding the question-answering accuracy, OCEAN improves base LLMs, which achieves the best

performance on HotpotQA and StrategyQA without context.

4.5.3 Knowledge-intensive Question Answering

To understand the effectiveness of OCEAN in knowledge-intensive question-answering tasks,

we show performance comparison with base LLMs (Base) and supervised fine-tuning (SFT) in Ta-
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Table 4.1: Comparison results of OCEAN, base LLMs (Base), and supervised fine-tuning (SFT),
on three Multi-hop Question-answering tasks. We report with context (w/ ctx) and without con-
text (w/o ctx) answer results with the Exact Match (EM) metric on HotpotQA and the Accuracy
metric on StrategyQA. Performance on MuSiQue dataset is EM with context. We also use each
test/validation split for each dataset and report policy evaluation V(@) results. We highlight the
best-performed metric in bold font and the second-best underline for each task.

Model Method HotpotQA MuSiQue StrategyQA A
w/ ctx (%) w/o ctx (%) V(0) w/ ctx (%) V() w/ ctx (%) w/octx (%) V()
Base 32.78 33.54 -10.35 11.59 -9.90 77.73 59.53 -9.25
Llama-3 SFT 8.22 (-24.56) 1649 (-17.05) -22.28 1.80(-9.79) -17.09 66.52(-11.21) 51.82(-7.71) -15.17
OCEAN  33.38(+0.6)  33.75(+0.21) -8.10 11.67 (+0.08) -9.77 75.40(-2.33) 59.83 (+0.3) -5.53
Base 26.33 18.58 -31.88 5.84 -26.41 76.71 60.99 -14.06
Gemma-2  SFT 29.75 (+3.42) 1591 (-2.67) -46.92 12.53 (+6.69) -40.25 64.77(-11.94) 51.97(-9.02) -23.27
OCEAN 2620 (-0.13)  19.70 (+1.12) -26.43 6.87 (+1.03) -22.15 74.24(-2.47) 66.23 (+5.24) -13.52
Base 32.13 26.14 -19.49 11.85 -15.30 73.51 58.37 -13.87
Phi-3.5 SFT 21.99 (-10.14) 7.87(-18.27) -44.57 6.01(-5.84) -42.10 63.03 (-10.48) 50.95(-7.42) -21.66
OCEAN  35.13(+3.0) 26.23 (+0.09) -14.84 10.82(-1.03) -13.47 72.20(-1.31) 57.64(-0.73) -12.25
Base 26.82 28.13 -19.08 5.67 -6.40 79.33 58.22 -11.36
Mistral-0.2 SFT 20.88 (-5.94) 14.49 (-13.64) -18.53 7.73 (+2.06) -12.24 52.40(-26.93) 51.53 (-6.69) -15.39
OCEAN 27.24 (+0.42) 27.54(-0.59) -3.12 5.15(-0.52) -5.94 77.29(-2.04) 56.62(-1.6) -11.21

ble 4.2. Comparing SFT and Base LLMs, we observe that directly aligning knowledge graphs with
LLMs may suffer from domain change and knowledge inconsistency when downstream tasks re-
quire specific domain knowledge that could conflict with the knowledge graph in the fine-tuning
stage. We also observe that SFT achieves 4.85% and 0.55% average improvements of base models
on the PubMedQA dataset, with and without context respectively, whereas it suffers from 29.60%,
8.35%, 13.6% average performance decreases on the remaining tasks. Such significant discrep-
ancies in SFT’s effects on different downstream tasks further show the risk in direct knowledge
editing in LLMs.

With the enhancement of OCEAN, question-answering accuracy of knowledge-intensive tasks
generally improved, while OCEAN fine-tuned LLMs achieving the best performance on all three
datasets, except for PubMedQA without context where SFT achieves better performance due to
knowledge transfer from knowledge graph dataset. We also observe consistent policy value im-
provement on PubMedQA and SciQA, where the original policy values of base LLMs are relatively
lower. For tasks like ARC, which does not require additional reference knowledge from context

and reasoning in an easier chain of thought, OCEAN still maintains comparable policy value to the
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Table 4.2: Comparison results of OCEAN, base LLMs (Base), and supervised fine-tuning (SFT),
on three Knowledge-intensive Question-answering tasks. We report answers with context (w/
ctx) and without context (w/o ctx) on Exact Match (EM) metric on PubMedQA and SciQA. The
EM performance on ARC dataset is without context. We also use the test/validation split for each
dataset to report estimated policy values V(Q) We highlight the best metric in bold font for each
task.

Model Method ARC i PubMedQA i SciQA i
w/o ctx (%) V(6) w/ ctx (%) w/octx (%)  V(0) w/ ctx (%) w/o ctx (%)  V(6)
Base 79.93 -10.38 63.60 58.60 -25.40 83.10 57.10 -22.91
Llama-3  SFT 61.87 (-18.06) -18.42 75.80 (+12.2) 58.00(-0.6) -26.03 67.10(-16.0) 35.80(-21.3) -23.84
OCEAN  80.60 (+0.67) -12.45 66.00(+2.4) 59.80 (+1.2) -937 83.20 (+0.1) 57.70 (+0.6) -16.63
Base 65.89 -15.36 34.40 40.60 -24.61 76.50 47.10 -26.60
Gemma-2  SFT 18.06 (-47.83) -2522 35.60 (+12) 21.00 (-19.6) -26.55 79.80 (+3.3) 51.50 (+4.4) -36.61
OCEAN  63.21 (-2.68) -16.20 44.60 (+10.2) 41.60 (+1.0) -18.72 72.20(-43) 47.50(+0.4) -26.77
Base 87.29 -7.86 70.40 41.80 -28.48 83.50 58.90 -14.46
Phi-3.5 SFT 65.22(-22.07) 9.02  62.40(-8.0) 5020 (+8.4) -2840 76.90(-6.6) 43.80(-15.1) -14.62
OCEAN  87.63 (+0.34) -7.94  68.40(-2.0) 47.60 (+5.8) -11.45 8470 (+1.2) 63.50 (+4.6) -13.40
Base 73.91 -9.99 51.60 36.20 -13.01 78.50 58.00 -11.77
Mistral-0.2  SFT 43.48 (-30.43) -13.99 65.60 (+14.0) 5020 (+14.0) -21.87 64.40 (-14.1) 35.50(-22.5) -21.86

OCEAN  68.90 (-5.01) -10.89 52.60 (+1.0)  33.20(-3.0) -12.42 79.10 (+0.6) 58.40 (+0.4) -12.00

base LLM, which demonstrates the robustness and generalizability of the proposed method.

4.5.4 Commonsense Reasoning

Finally, to demonstrate OCEAN’s generalizability in preserving commonsense knowledge
and preventing knowledge catastrophic forgetting (Luo et al., 2023), we evaluate OCEAN with base
LLMs (Base) and supervised fine-tuning (SFT) on five commonsense reasoning tasks in Table 4.3.
Since such tasks do not require chain-of-thought generation or external domain knowledge, we only
evaluate the accuracy of the model’s generated answers. We observe the high impact of direct SFT
on knowledge graph on LLMs in potential catastrophic forgetting of commonsense knowledge,
especially for the backbone LLMs of Gemma-2 and Mistral-0.2. In contrast, we show that OCEAN
achieves robust performance on commonsense reasoning leverage off-policy evaluation and opti-
mization from knowlege graph’s feedback. OCEAN manages to maintain comparable performance
of base LLMs (e.g., Llama-3 and Phi-3.5), which have strong zero-shot commmonsense reason-
ing abilities. In addition, we observe that for base LLM with relatively lower performance (e.g.,

Gemma-2 and Mistral-0.2), 0CEAN enables consistent improvements. Therefore, OCEAN serves as a
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Table 4.3: Comparison results of OCEAN, base LLMs (Base), and supervised fine-tuning (SFT), on
five Commonsense Reasoning tasks. We report the Exact Match (EM) metric on these tasks and

the average performance. We highlight the best method in bold font for each task and LLM.

Model Method CSQA CSQA-2 CSQA-COT1000 OpenBookQA  Winogrande ‘ Average
Base 65.03 71.39 69.50 58.80 43.09 61.56
Llama-3 SFT 51.19 (-13.84) 57.06 (-14.33) 49.00 (-20.5) 63.20 (+4.4)  34.73 (-8.36) 51.04
OCEAN  65.03 (0.0) 68.60 (-2.79) 72.00 (+2.5) 60.40 (+1.6)  41.36 (-1.73) 61.48
Base 57.99 62.57 63.50 51.80 49.64 57.10
Gemma-2  SFT 14.66 (-43.33)  65.80 (+3.23) 15.00 (-48.5) 7.40 (-44.4) 50.04 (+0.4) 30.58
OCEAN  67.73 (+9.74)  63.56 (+0.99) 72.50 (+9.0) 57.20 (+5.4)  50.12 (+0.48) 62.22
Base 68.55 64.70 72.50 72.40 50.51 65.73
Phi-3.5 SFT 69.94 (+1.39)  61.47 (-3.23) 72.00 (-0.5) 69.40 (-3.0) 50.51 (0.0) 64.66
OCEAN  69.62 (+1.07)  62.77 (-1.93) 73.50 (+1.0) 71.20 (-1.2) 50.12 (-0.39) 65.44
Base 61.18 68.48 65.00 64.00 46.25 60.98
Mistral-0.2 SFT 35.87 (-25.31) 22.47 (-46.01) 33.00 (-32.0) 34.80 (-29.2) 29.12(-17.13) | 31.05
OCEAN  63.80 (+2.62)  69.19 (+0.71) 67.00 (+2.0) 62.60 (-1.4)  46.49 (+0.24) 61.82

robust off-policy alignment paradigm to incorporating knowledge graph reasoning without affect-

ing the generalizability and behaviors of pretrained LLMs.

4.6 Analysis

4.6.1 In-context Learning & Instruction tuning

We conduct further analysis to compare the performance of both the base model and our
proposed model in the scenarios of In-Context Learning and instruction fine-tuning. Specifically,
we conduct this analysis using the Gemma-2 and Phi-3.5 models across three benchmark datasets:
SST2 (Socher et al., 2013) for sentiment classification, AgNews (Zhang et al., 2015) for topic
classification, and BoolQ (Clark et al., 2019) for reading comprehension. In the In-context Learning
setup, we provide the model with a single example for each task in the prompt. For the Instruction
tuning experiments, we apply LoRA (Hu et al.) to the pre-trained model and fine-tune it on each
dataset for 10 epochs. Throughout these experiments, the rank parameter in LoRA is fixed at 16,
and we set a in LoORA to 32 across all tasks. The results of the In-context Learning and Instruction
Tuning are presented in Table 4.4. Overall, we observe that the performance of the base model and

our proposed model is largely comparable across most scenarios, except in the AG News task with
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Gemma-2, where OCEAN demonstrates greater performance after instruction tuning.

Table 4.4: Performance Comparison of In-Context Learning and Instruction Tuning. All datasets
consist of classification tasks or true/false questions, so accuracy is used to evaluate the perfor-
mance. The performance of the base model and our proposed model is largely comparable.

In-Context Learning Instruction-Tuning
SST2 BoolQ AGNews Avg. SST2 BoolQ AGNews Avg.

Base 87.16 56.12 16.47 5325 9621 69.03 47.03 70.76
OCEAN 89.33 55.72 13.14 52.73 96.56 68.66 60.08 75.10

Base 41.28 60.06 31.89 4441 9644 68.13 86.43 83.67
OCEAN 4048 59.11 32.37 4398 96.44 68.81 86.24 83.83

Model Method

Gemma-2

Phi-3.5

4.6.2 Evaluation of Generation Quality Post Alignment
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Figure 4.2: Comparison results of base LLMs and OCEAN on three evaluation metrics, Self-BLEU,
Distinct-2, and AlignScore. Lower Self-BLEU scores and higher Distinct-2 scores indicate better
diversity of the generated text, while higher AlignScore indicates better faithfulness in the generated
answers.

To further evaluate the generation quality of post-alignment LLMs, we use the Self~BLEU
(Zhu et al., 2018) and Distinct-2 (Li et al., 2015) scores to evaluate the diversity of the generation,
concerning the similarity between generated texts and the uniqueness of generated 2-gram phrases
respectively. In addition, AlignScore (Zha et al., 2023) is used to evaluate the faithfulness of the
generated answer given the question context. The results are presented in Figure 4.2, which show
that post-alignment LLMs achieve comparable or better performances in terms of generation di-
versity and faithfulness. This demonstrates that while OCEAN aligns chain-of-thought reasoning

with KGs, we maintain the text generation qualities of LLMs.
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4.6.3 Case Study

In the previous Section 4.5.2 and 4.5.3 we observe efficient chain-of-thought alignment
with improvement on the estimated policy value V(6. To further understand the effects of the
alignment, we choose backbone LLMs, Gemma-2 and Llama-3, with significant improvements on
V(@), and perform a sample analysis by comparing the outputs of the base model and OCEAN on
the same set of questions. Our findings demonstrate that the application of our method enhances
the precision and conciseness of the chain of thought in the generated responses. Some illustrative
examples are provided in Figure 4.3. Specifically, in the first example, the base Llama-3 model
incorrectly claims that singing is not a primary action associated with playing the guitar, which leads
to an erroneous solution to the question. In contrast, our method enables the model to recognize that
singing is a common activity when playing the guitar, while also understanding that making music
serves as a broader term. In the second example, although both the base model and OCEAN on
Gemma-2 provide reasonable answers to the question, our model demonstrates a more concise chain

of thought, streamlining the reasoning process and arriving at the solution with greater simplicity.

Q: What do people typically do while playing guitar? Choose the correct answer from the following choices.
(A) cry (B) hear sounds (C) singing (D) arthritis (E) making music

Inaccurate Information
Base Llama-3:

1. The question asks what people typically do while playing guitar. ...... 4. Playing the guitar typically involves plucking or strumming the
strings to produce sound, which is a form of making music. 5. The other options don't make sense in the context of playing the guitar: ......
(C) Singing is an activity that can be done while playing guitar, but it's not the primary action people do while playing the instrument. ......

Therefore, the correct answer is (E) making music.
Wrong answer X
OCEAN Llama-3: Accurate Information

1. The question is asking about what people typically do while playing guitar. ...... 4. Singing is a common activity that people do while
playing guitar, as it is a common way to accompany oneself while playing the instrument. 5. Making music is a broad term that encompasses
a wide range of activities, including playing the guitar.

. cn Y it Correct Answer
Based on the above reasoning, the correct answer is: C) singing

Q: What is the height above or below sea level called?
Sample Answer: elevation

Base Gemma-2: Redundant chain-of-thought

1. What is sea level? Sea level is the average level of the ocean. 2. What is the height of something above or below sea level? This is the
vertical distance of an object from sea level. 3. What is the term for this vertical distance? This is the height above or below sea level. Final
Answer: The height above or below sea level is called **altitude**.

OCEAN Gemma-2: A more concise thinking process

Answer: Elevation. Reasoning: 1. Elevation is the height of a place above or below sea level.

Figure 4.3: Sample comparison between the base model and OCEAN on Llama-3 and Gemma-2.
Our method enables a more precise and concise Chain of thought.
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4.7 Chapter Summary

In this work, we propose OCEAN to address the challenge of offline chain-of-thought eval-
uation and optimization of LLMs. By modeling the knowledge-graph preference and deriving
feedback by developing a policy that verbalizes knowledge-graph trajectories, we propose KG-IPS
estimator to estimate policy values in the alignment of reasoning paths with knowledge graphs.
Theoretically, we proved the unbiasedness of the KG-IPS estimator and provided a lower bound
on its variance. Empirically, our framework effectively optimizes chain-of-thought reasoning while
maintaining LLMs’ general downstream task performance, offering a promising solution for en-
hancing reasoning capabilities in large language models.

This chapter, in full, is a reprint of the material as it appears in “Offline Chain-of-Thought
Evaluation and Alignment via Knowledge Graph Exploration” by Junda Wu, Xintong Li, Ruoyu
Wang, Yu Xia, Yuxin Xiong, Jianing Wang, Tong Yu, Xiang Chen, Branislav Kveton, Lina Yao,
Jingbo Shang, and Julian McAuley, published in Proceedings of the International Conference on
Learning Representations (ICLR), 2025. The dissertation author was the primary investigator and

author of this paper.
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Chapter 5

In-context Ranking Preference

Optimization (IRPO)

5.1 Introduction

Recent advancements in Direct Preference Optimization (DPO) (Rafailov et al., 2023) al-
low large language models (LLMs) to compare and optimize the pairwise margin (Meng et al.,
2024; Wu et al., 2024g) between positive and negative responses without explicit reward func-
tions. However, in real-world applications (e.g., conversational recommendation (Huang et al.,
2025a,b; Surana et al., 2025), generative retrieval (Li et al., 2025b)), such feedback is typically
collected by presenting users with an ordered in-context ranking list and asking them to select rele-
vant items (He et al., 2023; Xie et al., 2024b) rather than providing detailed pairwise comparisons,
which highlights the need for frameworks that support natural and flexible feedback formats. Such
in-context feedback on ranked lists yields sparse preference signals that are not directly compara-
ble as explicit pairwise preferences. In addition, modeling natural and flexible ranking feedback
effectively requires capturing both item relevance and positional importance, of which conven-
tional DPO methods and their underlying preference models (e.g., (Rafailov et al., 2023; Chen
et al., 2024a; Liu et al., 2024d)) are limited in modeling directly. Existing works enable approxi-

mations of Plackett-Luce (PL) models for ranking feedback by averaging pairwise Bradley-Terry
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(BT) comparisons without directly modeling the PL distributions (Zhu et al., 2024a; Chen et al.,
2024a; Liu et al., 2024d). Directly applying supervised fine-tuning (SFT) to LLMs is also insuffi-
cient for addressing this type of feedback, since ranked-list interactions inherently produce discrete
and non-differentiable signals, making direct gradient-based optimization challenging.

To address these limitations of existing approaches, we propose an In-context Ranking Pref-
erence Optimization (IRPO) framework that integrates design choices across modeling and opti-
mization to better align with real-world ranking feedback. IRPO first captures the natural form of
user interactions, where users select relevant items from an in-context ranked list without providing
exhaustive pairwise comparisons. To model such feedback, IRPO employs a PL-inspired positional
preference model, which allows the framework to interpret sparse listwise signals by considering
both item relevance and positional importance. While this formulation improves modeling fidelity,
directly optimizing such objectives remains challenging due to the discrete and non-differentiable
nature of common ranking metrics. To overcome this, IRPO introduces a differentiable objective
based on the positional aggregation of pairwise item preferences, enabling effective gradient-based
optimization.

To understand the optimization behavior of IRPO, we conduct gradient analysis and provide
theoretical insights into its connection to importance sampling gradient estimation. Specifically, we
show that IRPO acts as an adaptive mechanism that automatically prioritizes items with significant
discrepancies between learned and reference policies, resulting in efficient and stable optimization.
In addition, we derive an importance-weighted gradient estimator and show that it is unbiased with
reduced variance. Empirically, we evaluate IRPO across diverse ranking tasks, including conversa-
tional recommendation, generative retrieval, and question-answering re-ranking, with various LLM
backbones. Our results consistently show that IRPO significantly improves ranking performance.
We summarize our contributions as follows:

» We propose In-context Ranking Preference Optimization (IRPO), a novel framework ex-
tending Direct Preference Optimization (DPO) that directly optimizes sparse and in-context

ranking feedback.
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 Specifically we incorporate both graded relevance and positional importance into prefer-
ence optimization, addressing challenges posed by discrete ranking positions.

* We provide theoretical insights linking IRPO’s optimization to gradient estimation tech-
niques, demonstrating its computational and analytical advantages.

» Extensive empirical evaluations across diverse ranking tasks demonstrate that IRPO achieves

consistent performance improvement.

5.2 Related Work

5.2.1 Ranking Generation with LLMs

Recent work has leveraged LLMs for ranking across diverse applications—including se-
quential (Luo et al., 2024) and conversational (Yang and Chen, 2024; Xia et al., 2023) recommen-
dation (Li et al., 2025a), document retrieval (Liu et al., 2024b; Hu et al., 2025), and pair-wise docu-
ment relevance judgments (Zhuang et al., 2023). Most approaches exploit LLMs’ domain-agnostic
strengths rather than improving their intrinsic ranking capabilities (Wu et al., 2024h; Pradeep et al.,
2023), though fine-tuning has been recently explored (Luo et al., 2024). To our knowledge, we
are the first to enhance LLM rankings through an alignment framework. Meanwhile, in contrast
to prior works that focus on settings where candidate items are available (Chao et al., 2024), our
framework is general and applies to cases where LLMs directly generate a list of responses from

input.

5.2.2 Direct Preference Optimization for Ranking

Recent work aligns language models with human feedback via direct preference optimiza-
tion (Rafailov et al., 2023; Meng et al., 2024; Wu et al., 2024g). Building on learning-to-rank
methods (Valizadegan et al., 2009; Wu et al., 2024a, 2021b), several approaches recast preference
alignment as a ranking task (Xie et al., 2025; Zhang et al., 2024¢). For example, GDPO (Yao

et al., 2024a) handles feedback diversity through group-level preferences, and S-DPO (Chen et al.,
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2024a) extends these ideas to recommendation systems using multiple negatives and partial rank-
ings. However, these approaches generally assume fully supervised or explicitly labeled feedback
and require multiple forward passes for optimization, limiting their applicability to more realistic
scenarios with sparse and implicit feedback.

Several recent approaches, including Ordinal Preference Optimization (OPO) (Zhao et al.,
2024b), Direct Ranking Preference Optimization (DRPO) (Zhou et al., 2024b), and Listwise Prefer-
ence Optimization (LiPO) (Liu et al., 2024d), explicitly leverage differentiable surrogates of rank-
ing metrics such as NDCG to guide optimization. OPO uses a NeuraNDCG surrogate built from
differentiable sorting (e.g., NeuralSort with Sinkhorn scaling) to align gains with positional dis-
counts, thereby encoding positional importance in a smooth objective. DRPO goes further by
explicitly introducing differentiable sorting networks and a margin-based Adaptive Rank Policy
Score, and then trains with a differentiable NDCG objective. In contrast, LiPO frames alignment
as a listwise learning-to-rank problem and commonly employs lambda-weighted pairwise objec-
tives (LiPO-)) to approximate listwise metrics like NDCG while operating over all pairs in a list.

In contrast, /RPO addresses a fundamentally distinct and practically motivated framework
that extends the DPO (Rafailov et al., 2023) objective by jointly modeling graded relevance and
positional importance, and by directly optimizing margins within a single in-context ranking list.
Unlike prior works, IRPO does not rely on sorting networks or differentiable sorting approxima-
tions, and is designed to eliminate multiple forward passes, enabling a single forward pass per

ranked list and lower computational cost.

5.3 Preliminaries

5.3.1 Direct Preference Alignment

DPO (Rafailov et al., 2023) enable reinforcement learning from human feedback (RLHF) (Chris-
tiano et al., 2017; Stiennon et al., 2020; Ouyang et al., 2022) without explicit reward modeling.

Suggested by the Bradley-Terry-Luce (BTL) model of human feedback (Bradley and Terry, 1952),
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a response y; with a reward of r(x,y,) is preferred over a response y, with a reward of r(z, ys)

with the probability:

Py =y | @) =0 (r(z,y) —1(z,92)), (5.1)

where o(z) = 1/(1 + exp|—z]) is the sigmoid function. Suggested in (Rafailov et al., 2023), the
optimal policy in the original RLHF maximization problem with a reference policy 7 (v | x) is

given by

1 1 1
oty 12) = 55 7l | 2)exp 50 ) 2G0) = Sty |)-erp (5rva). 62
where the partition function Z(z) serves as a normalizer (Rafailov et al., 2023). By rearranging
(5.2), the implicit reward model can be derived and plugged into (5.1),

r(y,z) = f log % + B8 log Z(z),
ref

which formulates the maximum likelihood objective for the target policy my as follows,

T x T x
Lopo (703 Tor) = —E(ay1 yo)~D {loga (ﬁ log M —plo M)} ’

7T.ref(y]- ‘ fL') Trref(y2 ’ x)

where Z(z) cancels out and thus directly optimizes the target policy without an explicit reward

function.

5.3.2 Discounted Cumulative Gain

Discounted cumulative gain (DCG) has been widely used in various information retrieval
and ranking tasks as a metric to capture the graded relevance of items in a ranked list while account-
ing for their positions (Jeunen et al., 2024; Agarwal et al., 2019). Consider a set of candidate items
e = [ey, e9, ..., €, in aranking list, where these items represent the potential outputs or responses
for a prompt z. To rank these candidates, 7 is a permutation over {1, 2, ..., n} such that the item

at rank 7 is given by e,(;. where the ranking vector is defined as k = [k, ks, ..., k), ki = 7(3),
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so that ey, = e,(;) is the item placed at the i-th position in the ranked list (Plackett, 1975).

For each item ey, users may assign a relevance label y;, with explicit or implicit feedback
(Jarvelin and Kekaldinen, 2002), where its gain is scaled as G(yx,) = 2%: — 1. In addition, a
positional discount factor d(i) = 1/log,(1 + i) models the decreasing importance of items placed

lower in the ranking list, which leads to a weighted gain at position ¢ given as follows,

2k —1

- e 5T (5.3)

The quality of a ranked list is measured using the Discounted Cumulative Gain (DCG):
TLove — 1
DCG(r
Z o Z log, (1 + 1)

where w(7) represents the gain at rank ¢ for the item with relevance y, ;).

5.4 IRPO: In-context Ranking Preference Optimization

5.4.1 Preference Modeling

To capture listwise preferences within the DPO framework, for each position ¢ in a ranking
list 7, we provide a positional preference model based on pairwise comparisons. Following the
Plackett-Luce (PL) preference model (Plackett, 1975; Luce et al., 1959), for the item e, ;) at rank
i,

p*( = {ej}jzr(i) | x) = a( logZexp( (ej | ) — s(erq) | z))), (5.4)

where 0(z) = 1/(1 + exp[—2z]) is the sigmoid function and s(e | x) is a score function quantifying
the quality of item e given the prompt z. In (5.4), we aggregate the in-context pairwise differences
between the score of e.(;) and all candidate items e;.

To evaluate the entire ranked list, we further aggregate the individual positional preferences
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into an overall list preference model by weighting each position by its NDCG gain:

PH(7 [ z) ﬁ[l?* <€T(z’) = {ej bz | x)]w(i)a (5.5)

i=1

whose log-likelihood can be derived as follows,

log P*(1 | ) = Zw(z) -log a(— logZexp<s(e]~ | ) — s(erq) | x))), (5.6)

i=1 j=1

which ensures that every rank contributes to the assessment of the entire ranking list.

5.4.2 Policy Optimization Objective

Following DPO (Rafailov et al., 2023) we plug the reward-based score from (5.2) into the
positional NDCG preference model in (5.4), to derive our policy optimization objective for IRPO
that incorporates graded relevance and the positional importance. Taking the expectation over the

data distribution(x, y) ~ D and summing over all ranks, the final IRPO objective is given by:

Lirpo (03 Toor) = —E(ay)

~ L W —1
;w(l) : 10g0(2¢)]> w(i) = Togy(1+1)’ (5.7)

where w(i) is the NDCG gain at rank 7 according to (5.3), while the individual rank’s preference

Zi 1S

71-ref(ej | {L‘) Trref(eT(i) | ZL‘)

z; = —log z”: exp(ﬁ [log moley | ©) log w] ) . (5.8)
j=1

Our formulation naturally extends to other ranking metrics, including P@K, MAP, MRR, and
eDCG, by considering their corresponding positional importance, as a generalized framework for

in-context ranking preference optimization.
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5.4.3 Gradient Analysis and Theoretical Insights

We further analyze the gradient by optimizing over IRPO objective to the model parameters

Vo Ligpo (T03 Trep) = B Eay)

Z )1 — o(z)) Zp” , log (& 1 7) ] (5.9)

—~ mo(ex) | )

with the importance weights defined as

mo(ejlz) mo(er(iy|®)
CXp(ﬁ [log ﬂ-ref(e]j‘fr) log Toot(er i) ‘I)} >
n mo(eklr) 7"9(67—(1) |z) '
Zkzl eXp</B |:10g ﬂrcf(ek\x) log ﬂrcf(eT(i) ‘I)i| )

pij = (5.10)

Following previous DPO methods (Rafailov et al., 2023; Chen et al., 2024a), the gradient term
Vollogmg(e; | ) — logmg(e) | )] in (5.9) optimizes the model to further distinguish between
the item at rank ¢ and the remaining items in the ranking list. Intuitively, since ) ;piy = 1 for
each position ¢, the weights p;; act automatically as an adaptive mechanism that assigns higher
importance to items where the discrepancy between the model and the reference policy is larger.
In practice, higher importance weights prioritize the gradient contribution from items ranked most
wrongly relative to the target ranking.

Inspired by the importance weights p;;, we further link our gradient analysis to the potential
gradient estimator,

g(e;) = Vylog (5.11)

where the random variable e; is subordinate to the distribution of importance weights p(e;) = pi;
at rank ¢. In practice, the gradient calculation could be approximated through importance sampling
with the distribution of p; ; at rank <. We further show the mean and variance properties of the
gradient estimator §(e;), which serves as an unbiased estimator of the original gradient term and is

more efficient in optimization.

Lemma 5.1 (Mean Analysis). The proposed gradient estimator §(e;) is an unbiased estimation of
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the gradient term,

(5.12)

in (5.9), which can be achieved by importance sampling with p(e;) = p;; at rank i.

Lemma 5.2 (Variance Analysis). We show that the expected absolute deviation of the proposed

estimator is upper bounded as

X 1 mo(e; | @) i3l
E VA < —|lpijlloo - E 1 ! 21 <L - )
lae)) — gl < \/ ol B [IVatop 2Ly < g [l

where L = max; [Vglogmy(e; | x) — Vglogmg(ers | x)] and practically clipped to maintain nu-

merical stability (Ouyang et al., 2022; Schulman et al., 2017).

5.5 Experiments

5.5.1 Experimental Setup

Tasks To evaluate the effectiveness of IRPO on enhancing LLMs’ ranking capabilities, we adopt
three tasks: conversational recommendation on Inspired (Hayati et al., 2020) and Redial (Li et al.,
2018) dataset; generative (supporting evidence) retrieval on HotpotQA (Yang et al., 2018) and
MuSiQue (Trivedi et al., 2022b) dataset; and question-answering as re-ranking on ARC (Clark
et al., 2018) and CommonsenseQA (Talmor et al., 2019) dataset. Each of the tasks requires LLM
to generate a ranked list among a set of candidate answers. We provide additional detail for task

sections in Sections 5.5.2 to 5.5.4.

Baselines We compare IRPO against several alignment baselines: Supervised fine-tuning (SFT),
which directly optimizes model outputs from explicit human annotations without preference mod-
eling; DPO (Rafailov et al., 2023), which optimizes models from pairwise human preferences by
maximizing margins between preferred and non-preferred responses; and S-DPO (Chen et al.,

2024a), an extension of DPO tailored for ranking tasks, which leverages multiple negative sam-
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Table 5.1: Performance on Redial and Inspired of Conversational Recommendation, evaluated
using NDCG and Recall for the top 1, 5, and 10 predictions out of 20 candidate items.

Redial Inspired
NDCG Recall NDCG Recall

@ @5 @0 @ @ @0 @ @ @0 @ @ @Io

Base |325 382 463 13.0 426 61.2 |33.8 40.8 48.7 19.8 47.7 68.1
SFT |21.6 265 349 8.1 312 504 |13.8 247 362 &1 31.7 633

Model Method

Llama3 b0 1376 425 5001 149 465 64.0 |37.5 440 512 219 502 69.2
SDPO | 42.0 46.1 53.5 173 49.6 66.6 |53.1 57.6 623 305 633 755
IRPO | 74.8 73.6 793 27.9 78.1 91.3 | 453 552 62.3 224 688 87.2
Base |21.1 274 368 87 321 540 |21.1 274 368 87 321 540

- SFT |159 222 327 58 272 516|221 270 366 85 312 534
DPO | 225 289 382 92 335 551|275 347 42.1 148 410 602
SDPO | 219 232 282 89 238 32.9|325 36.6 448 19.6 412 633
IRPO |35.0 39.3 51.1 127 45.6 72.4 | 422 463 54.6 172 544 76.0
Base | 192 268 380 72 32.8 585|153 224 317 77 285 520
SFT |25.6 302 393 96 344 556|150 259 355 7.5 329 579

Gemma?2

DPO |30.1 36.0 443 12.1 404 594|275 347 42.1 148 41.0 60.2
SDPO |48.5 52.7 59.2 19.6 55.8 709 |40.0 440 484 22.7 482 60.0
IRPO | 68.8 71.4 773 251 77.0 905|422 463 54.6 172 544 76.0

ples, inspired by the Plackett-Luce preference model to capture richer ranking signals. We include

more implementation details in the original paper.

5.5.2 Conversational Recommendation

For conversational recommendation, we use two widely adopted datasets, Inspired (Hayati
et al., 2020) and Redial (Li et al., 2018). Following (He et al., 2023; Xie et al., 2024b; Carraro and
Bridge, 2024; Jiang et al., 2024a), LLMs generate ranked lists of 20 candidate movies per dialogue
context. To evaluate IRPO and baselines in generating ranked conversational recommendation lists,
we follow (He et al., 2023) and construct candidate movie sets for each dialogue context. These
candidate movies are then assigned relevance scores reflecting their importance in calculating the
NDCG gain for IRPO in (5.7), where ground-truth movies receive a score of 2, GPT-generated
movies a score of 1, and random movies a score of 0. Following (He et al., 2023; Xie et al., 2024b;

Carraro and Bridge, 2024; Jiang et al., 2024a), we report the Recall and NDCG at top-k positions.
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Table 5.2: Performance on HotpotQA and MuSiQue for Generative Retrieval, evaluated using
NDCG and Recall for the top 1, 3, and 5 predictions out of 10 candidate contexts.

HotpotQA MuSiQue
NDCG Recall NDCG Recall

@ @ @ @ @ @ | @ @ @ @ @ @5

Base |21.8 313 382 19.1 384 544|425 435 519 188 449 60.7
SFT |353 414 483 295 463 62.1 369 39.1 480 16.6 40.7 57.6

Model Method

Llama3 DPO |31.2 39.5 46.3 273 456 61.0|51.1 539 60.8 21.6 558 689
SDPO |41.3 489 54.6 36.2 54.7 68.1 |58.6 60.8 66.7 260 62.3 733
IRPO |94.6 97.2 975 83.6 99.1 998|651 594 694 27.6 59.2 78.0
Base |24.0 32.1 394 212 383 558239 248 31.8 98 26.0 392
Phi3 SFT |26.0 34.1 41.1 232 402 563|33.0 322 413 14.1 334 50.5
DPO |45.8 52.5 57.6 40.6 57.7 69.5|31.6 344 435 135 365 537
SDPO | 455 523 574 402 574 693|419 439 52.0 184 45.5 60.7
IRPO |61.2 73.8 78.5 53.8 82.9 93.7 |41.5 439 524 18.5 45.7 61.7
Base |32.5 396 454 285 45.1 5841409 428 51.1 179 443 599
SFT 19.7 27.8 354 16.6 33.7 51.1|39.8 43.3 51.7 172 453 613
Gemma?2

DPO |69.1 72.6 755 61.5 753 8191409 43.1 51.1 181 449 598
SDPO | 533 59.0 63.2 477 629 725|406 423 506 179 437 594
IRPO | 945 96.8 97.4 83.5 985 99.8 |554 51.0 61.1 23.8 51.6 70.6

Results in Table 5.1 show that supervised fine-tuning (SFT) can be harmful for most met-
rics and datasets compared with base model performance, due to strong popularity bias in con-
versational recommendation datasets, which is likely to cause model overfitting (Gao et al., 2025;
Lin et al., 2022; Klimashevskaia et al., 2024). With multi-negative policy optimization (SDPO),
such biasing effects could be alleviated, leading to relatively better performance compared to DPO
and SFT. In addition, we show that IRPO achieves consistently better or comparable performance
across datasets in conversational recommendation compared with baselines, by further consider-
ing positional importance for each item, weighted by NDCG weights based on the relevancy score
feedback from users. With the complete ranking list optimized by pairwise comparative margins
measured by DPO (Rafailov et al., 2023), IRPO acts automatically as an adaptive mechanism that
assigns higher importance to items where the discrepancy between the model and the reference

policy is larger.
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5.5.3 Generative Retrieval

For generative retrieval, we evaluate IRPO using multi-hop question-answering datasets,
HotpotQA (Yang et al., 2018) and MuSiQue (Trivedi et al., 2022b). Following prior work (Shen
et al., 2024; Xia et al., 2025¢), we prompt LLMs to rank a set of candidate context paragraphs per
question. We assign binary relevance scores, setting a score of 1 for supporting contexts and 0 for
distractors.

Based on the comparative results in Table 5.2, SFT consistently reduces retrieval effective-
ness relative to base models. This occurs because SFT tends to over-optimize policies, limiting their
ability to generalize effectively to the nuanced retrieval challenges inherent in multi-hop queries.
While SDPO, leveraging multi-negative sampling, occasionally achieves better top-1 performance
compared with IRPO, IRPO attains substantial improvements in NDCG and Recall across the entire
ranking list, demonstrating its effectiveness in explicitly modeling positional importance. By opti-
mizing pairwise comparative margins comprehensively across entire ranking lists, IRPO adaptively
prioritizes contexts with larger divergences between model predictions and preference feedback.
Thus, IRPO offers robust generalizability and better retrieval accuracy for complex generative re-

trieval tasks.

5.5.4 Question-answering as Re-ranking

In the question-answering as re-ranking scenario, we assess the ability of LLMs to identify
correct answers from multiple choices based on contextual relevance. We evaluate IRPO on two
widely-used datasets, ARC (Clark et al., 2018) and CommonsenseQA (Talmor et al., 2019) . Each
candidate is explicitly assigned binary relevance: the correct answer receives a score of 1, and
incorrect answers a score of 0.

Comparative results summarized in Table 5.3 highlight IRPO’s robust improvements across
models and datasets. While SFT achieves relatively better performance compared to its perfor-

mance on other tasks, it still struggles to prioritize and disambiguate the correct answer among
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Table 5.3: Performance on the ARC and CommonsenseQA QA datasets, evaluated using NDCG
and Recall for the top 1, 3, and 5 predictions out of 10 answer choices.

‘ ARC ‘ CommonsenseQA
Model  Method ‘ NDCG Recall ‘ NDCG Recall

@ @ @ @ @ @ |@ @ @ @ @ @5

Base | 132 21.7 28.6 132 284 449|241 32.6 389 241 393 548

Llama3 SFT | 13.5 214 284 13.5 27.7 44.6|228 31.6 387 228 38.6 56.1
DPO |152 228 304 152 29.1 473|544 595 634 544 63.6 732

SDPO | 234 283 354 234 325 500|542 599 639 542 644 742

IRPO |27.4 38.9 465 274 47.6 663 | 68.6 83.1 850 68.6 92.8 97.5

Base | 9.8 179 251 9.8 243 419|243 332 387 243 40.0 53.6

Phi3 SFT 88 17.7 257 88 247 443|244 32.6 39.6 244 39.0 563
DPO | 95 179 255 95 247 432|540 59.7 635 54.0 640 734

SDPO | 97 18.0 252 9.7 2477 424 |48.1 543 59.0 48.1 59.0 70.4

IRPO |10.4 195 268 104 25.7 43.8|53.1 70.1 74.1 53.1 822 92.0

Base |27.4 356 421 274 426 584|272 354 414 272 420 56.7

Gemma? SFT |23.6 329 393 23.6 402 557|295 38.0 44.1 295 447 59.7
DPO |27.0 344 40.7 27.0 40.5 56.1 294 379 437 294 447 59.1

SDPO | 28.7 36.5 42.6 28.7 43.0 58.0|57.0 624 662 57.0 66.5 75.8

IRPO |27.0 45,5 533 27.0 59.8 78.7|663 79.2 81.7 663 88.3 94.5

similar candidate answers. On the other hand, SDPO, benefiting from multi-negative optimization,
typically yields better performance by distinguishing subtle semantic differences among distractors.
IRPO further demonstrates superior effectiveness in this challenging ranking task, substantially out-
performing all baseline approaches. Aligned with our theoretical insights into IRPO optimization in
Section 5.4.3, IRPO boosts performance by adaptively focusing on candidates with greater discrep-
ancies, enabling comprehensive comparisons that effectively resolve subtle semantic differences

and yield substantial gains on challenging datasets like ARC and CommonsenseQA.

5.6 Analysis

In this section, we analyze the optimization behavior and performance of IRPO in both on-
line and offline settings. For on-policy optimization (in Section 5.6.1), we extend IRPO to its online

variant Iterative IRPO. Additionally, we present offline learning curves for IRPO across multiple
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tasks and various backbone LLMs (Section 5.6.2) in Figure 5.2. We then conduct an ablation study
to investigate the role of relevance and positional weighting in IRPO’s objective (Section 5.6.3),
demonstrating the necessity of jointly modeling these factors for effective ranking alignment. Fi-

nally, we compare IRPO with recent learning-to-rank approaches, focusing on LiPO (Liu et al.,

2024d) (Section 5.6.4).
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Figure 5.1: Comparison of REINFORCE and IRPO on ARC and CommonsenseQA.

5.6.1 On-policy Online Optimization of Iterative IRPO

We explore an on-policy variant of IRPO, Iterative IRPO, which adapts to an online opti-
mization setting Hu (2025); Wu et al.; Shao et al. (2024). In this setting, models sample their re-
sponses based on queries, rather than relying on predefined ranking lists from the original datasets.
These on-policy sampled responses are compared with ground-truth annotations, simulating a re-
alistic human feedback loop. We conduct such on-policy online learning experiments on ARC and
CommonsenseQA, compared to a standard policy-gradient baseline, REINFORCE (Sutton et al.,
1999). In Figure 5.1, we show that the Iterative IRPO achieves constantly increasing NDCG scores,
while REINFORCE fails to explore effective candidates, leading to insufficient feedback. Aligned
with the design of IRPO, which prioritizes more relevant items while considering positional impor-
tance, Iterative IRPO could improve the general quality of the entire ranking list, which significantly
benefits on-policy exploration performance. Supported by our theoretical insights (Section 5.4.3),

we link IRPO’s optimization to an efficient importance sampling method, which inherently serves
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as an effective exploration mechanism when Iterative IRPO is enabled online. To further illustrate,
we provide a qualitative comparison of outputs generated by the base model, Iterative IRPO, and

REINFORCE in the original paper.

5.6.2 Optimization Analysis of IRPO

We further evaluate IRPO’s offline optimization performance in the experimental results in
Figure 5.2, showing that IRPO consistently achieves higher evaluation NDCG scores and exhibits
stable optimization. across six diverse benchmarks (/nspired, HotpotQA, ARC, Redial, MuSiQue,
and Commonsense(QQA) using three different LLM backbones: Llama3, Gemma2, and Phi3. This
robust performance improvement is attributable to IRPO’s adaptive importance weighting mecha-
nism, which effectively prioritizes gradient updates toward ranking positions with higher relevance
discrepancies. This mechanism allows IRPO to rapidly capture essential ranking signals from the
feedback, leading to stable and consistent optimization behavior, a finding further supported by our

theoretical analysis in Section 5.4.3.

-== Llama3 NDCG@1 Gemma2 NDCG@1 -== Phi3 NDCG@1
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Figure 5.2: IRPO’s performance across six benchmarks using Llama3, Gemma2, and Phi3
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To highlight the strengths of IRPO over baseline methods, we include three representa-
tive qualitative examples in the original paper. These showcase how IRPO more effectively ranks

contextually relevant and coherent responses.

5.6.3 Ablation Study

IRPO inherently prioritizes relative comparisons over absolute weight magnitudes, making
it less sensitive to specific weighting schemes. To validate this, we conduct an additional ablation
study evaluating two alternative positional weighting methods: (1) abll: w(i) = m (positional
weights without relevance) (2) abl2: w(i) = 2=! (alternative relevance scaling).

As shown in the original paper, removing the relevance component (as in ab/l) leads to
significant degradation in ranking performance across all datasets. These results underscore the

importance of modeling both item relevance and positional importance within IRPO’s objective.

5.6.4 Comparison with Learning-to-Rank (LiPO)

Although IRPO and LiPO (Liu et al., 2024d) address distinct feedback settings, we provide
a comparative analysis here to clearly contextualize IRPO within recent learning-to-rank (LTR)
paradigms. LiPO (Liu et al., 2024d) is a recent representative baseline explicitly extending direct
preference optimization (DPO) by integrating general learning-to-rank principles. Unlike IRPO,
LiPO is designed primarily for scenarios with fully supervised or extensively labeled listwise data,
allowing straightforward integration into standard supervised ranking setups.

To meaningfully compare these distinct approaches, we adapt LiPO to align closely with
our sparse, in-context feedback scenario and conduct comparative experiments on representative
benchmarks (ARC and MuSiQue). Results summarized in the original paper indicate that IRPO
consistently outperforms LiPO, underscoring the advantage of IRPO’s explicitly modeled posi-

tional relevance and sparse feedback setting.
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5.7 Chapter Summary

In this work, we introduced IRPO, a novel alignment framework that directly optimizes
LLMs for ranking tasks using sparse, in-context user feedback. By explicitly modeling both item
relevance and positional importance within a differentiable ranking objective, IRPO effectively
addresses the limitations of existing DPO methods. Our theoretical insights demonstrated IRPO’s
adaptive prioritization mechanism and established its connection to importance sampling, providing
unbiased gradient estimation with reduced variance. Extensive empirical evaluations across con-
versational recommendation, generative retrieval, and question-answering re-ranking tasks consis-
tently showed IRPO’s superior ranking performance. Our findings highlight IRPO as an effective
and efficient method for aligning LLMs with realistic user preferences, paving the way for broader
integration into in-context action-space exploration and reinforcement learning in dynamic online
settings.

This chapter, in full, is a reprint of the material as it appears in “In-context Ranking Pref-
erence Optimization” by Junda Wu, Rohan Surana, Zhouhang Xie, Yiran Shen, Yu Xia, Tong Yu,
Ryan A. Rossi, Prithviraj Ammanabrolu, and Julian McAuley, published in Conference on Lan-
guage Modeling (COLM), 2025. The dissertation author was the primary investigator and author

of this paper.
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Chapter 6

Debiasing Chain-of-Thought via Causal

Intervention (DeCoT)

6.1 Introduction

Ve AN
/ \
| Biohazard was formed in Brooklyn ... wrongly located evidence
I The heavy metal band formed in Jakarta is Kekal ‘—:‘
: .
I "Judgment Night" was collaborated by Onyx and the |
\\ heavy metal band formed in which city? ///
N
@ Large Language Models @ Let’s think step-by-step.
s - - - - - - - - - - - - - = -~
/ Step 1 & 2: shared CoT paths A

\
[ "Judgment Night" is collaborated by Onyx and Biohazard .

7/ Step 3: Correct example logically coherent

/ EE3E™Biohazard is formed in Brooklyn
Step 3: Failure example |

Figure 6.1: LLMs’ internal knowledge bias can trigger the usage of irrelevant information in
prompts, generate incoherent reasoning chains, and impair the model’s logical reasoning ability.
This example is derived from the experiments by GPT3.5 on HotpotQA where the context is the one
provided in the dataset. Please note that ‘The heavy metal band formed in Jakarta is Kekal’ refers
to a heavy metal band that is different from Biohazard. However, GPT3.5 incorrectly assumes that
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specific knowledge is required to obtain an accurate response, which can be out of the distribution
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of LLMs’ internal knowledge Yao et al. (2023a); Yuan et al. (2023d). Since frequently fine-tuning
LLMs can be highly expensive and inefficient Zhai et al. (2023), the LLM’s internal knowledge
can also be outdated and cause knowledge bias problems in LLMs Zhang et al. (2023d); Wu et al.
(2023b); Zhang et al. (2023¢). To efficiently incorporate external knowledge (i.e., context), meth-
ods are proposed to retrieve task-relevant language evidence Liu et al. (2023b); He et al. (2022);
Zhu et al. (2023b); Shao et al. (2023); Trivedi et al. (2022a). Additionally, external knowledge
bases can also directly augment and edit the knowledge-injected prompts Wen et al. (2023); Sun
et al. (2023a); Baek et al. (2023); Zhao et al. (2023b). However, simply injecting external knowl-
edge in prompts does not guarantee that LLMs can identify and use relevant information in the
prompts Shi et al. (2023a); Weston and Sukhbaatar (2023), especially when the LLM learns biased
information in pretraining data Zhang et al. (2023d). The knowledge bias in LLMs can further
cause knowledge conflict or misunderstanding between external knowledge and the model’s inter-
nal knowledge Mallen et al. (2023); Wang et al. (2023f,a). In such cases, LLMs may use irrelevant
information from prompts and generate incorrect and unexpected responses Li et al. (2023¢e); Xie
et al. (2023).

When the LLM relies on chain-of-thought (CoT) reasoning for complex tasks, the biased in-
formation from pretrained models further impairs LLMs’ reasoning abilities. Many works propose
to verify and post-edit the generated reasoning paths before prompt again Zhao et al. (2023b); Peng
et al. (2023); Wang et al. (2024b) to eliminate the factual errors in the generated CoT paths. How-
ever, logical reasoning errors can not be easily detected or corrected, as the effectiveness of factual
verification and post-editing reasoning chains can be limited to simply injecting more knowledge.
For example in Figure 6.1, given the query (e.g., “’Judgment Night” was collaborated by Onyx
and the heavy metal band formed in which city?””) and context which provides external knowl-
edge Lewis et al. (2020), the LLM may generate logically incorrect CoT (e.g., CoT 2), in which
the last chain deviates from the reasoning paths (e.g., instead of the origin of “Biohazard”, some
arbitrary band mentioned in the context). Such logical incoherence can be caused by the spurious

correlation between the query (e.g., the concept “the heavy metal band formed in”’) and the LLM’s
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internal knowledge understanding. Thus, the spurious correlation can lead the LLM to find some
arbitrary evidence in the context regardless of its logical connection to the previous chain, as long
as it contains the exact phrase. In such cases, factual verification methods cannot detect logical
reasoning errors, and the answer can still be incorrect even with the facts verified as correct.

In this work, we propose a novel causal view via a Structural Causal Model (SCM) Pearl
etal. (2016) to formally explain the internal knowledge bias of LLMs. To measure spurious correla-
tion, we propose to use external knowledge as an instrumental variable Morgan and Winship (2015)
to estimate the Average Causal Effect (ACE) of CoT reasoning paths in LLMs through causal inter-
vention. Based on the measurement of ACE, we can further introduce a CoT sampling method to
find the best CoT as a mediator and conduct front-door adjustment Pearl (2009). In this approach,
the spurious correlation between LLMs’ internal knowledge and task queries can be reduced, which
ensures correct CoT reasoning and LLM generation. We summarize our contributions as follows:

* We discover that the bias from LLMs can trigger the usage of irrelevant information in
the prompts, and cause the LLM to generate incoherent reasoning chains that impair the
model’s reasoning ability.

* To formally understand the bias affecting CoT reasoning abilities, we propose a novel causal
view introducing the external knowledge in prompts as an instrumental variable. This causal
view uncovers the spurious correlation between queries and LLMs’ internal knowledge
understanding.

* To alleviate the bias and ensure correct CoT reasoning, we estimate the average causal
effect (ACE) between the CoT and the answer, and further propose a CoT sampling method
to conduct the front-door adjustment.

» We conduct multiple experiments on various knowledge-intensive tasks as well as numbers

of LLM backbone models, which demonstrates the effectiveness of our method.
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6.2 Related Work

LLMs in Knowledge-intensive Tasks. In knowledge-intensive tasks Petroni et al. (2021); Hu
et al. (2023); Yang et al. (2018); Welbl et al. (2018) the LLM is asked to respond based on the
provided context and its intrinsic knowledge. Retrieval-augmented prompting methods focus on
identifying accurate and comprehensive evidence from support documents Hoshi et al. (2023); Qian
et al. (2023), in-context examples Press et al. (2022); Khattab et al. (2022); Wang et al. (2025a),
knowledge bases Trivedi et al. (2022a); Xu et al. (2023); Wang et al. (2024b); Feng et al. (2023);
Zhu et al. (2023a), knowledge graphs Wen et al. (2023); Sun et al. (2023a); Salnikov et al. (2023);
Zhang et al. (2023b) and human feedback Zhang et al. (2023d). However, extensive knowledge-
injected prompts can introduce irrelevant information to distract LLMs Shi et al. (2023a); Wang
et al. (2023g) and cause LLMs’ unpredictable behaviors Li et al. (2023¢); Chen et al. (2023c).
Instead of focusing on how to identify the best knowledge evidence, we investigate how to find
logically correct CoT reasoning paths.

Chain-of-thought Prompting. Chain-of-thought prompting has shown great potential in explain-
ing LLMs’ thinking process Yuan et al. (2023a); Li and Du (2023) and answering multi-hop ques-
tions Wang et al. (2023c); Ma et al. (2022) in complex reasoning tasks Fu et al. (2023). How-
ever, further works also mention issues of faithfulness and self-consistency in LLMs Lanham et al.
(2023); Turpin et al. (2023a). To improve the faithfulness of intermediate chains, several works
propose to verify and edit He et al. (2022); Wang et al. (2023d); Zhao et al. (2023b) the factual
errors in unfaithful chains, and Radhakrishnan et al. (2023); Zhu et al. (2023a) propose to decom-
pose complex questions and answer them individually. We argue that logically incorrect reasoning
paths can lead the LLM astray from the right direction of finding the answer, even with the chains
factually correct. Similar to previous works, our method first generates some candidate chain-of-
thought reasoning paths, which makes our method use similar numbers of API calls (or inference
times) per sample.

Causal Intervention in Language Models. Causal intervention methods in language models focus
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on entity-level spurious correlation Wang et al. (2023b); Zeng et al. (2020); Yang et al. (2023)
or sentence-level selection bias McMilin (2022). Since LLMs are black-box models Gat et al.
(2023); Cheng et al. (2023), direct methods of causal-aware model reparameterization methods are
limited in usage. With causal explanability extracted from the models Wu et al. (2021a); Zhao et al.
(2023a), further studies introduce human-in-the-loop debiasing methods Zhang et al. (2023d); Wu
et al. (2022a, 2021a); Liu et al. (2024e). However, human effort is normally more expensive, and
involving humans in the loop may reduce the efficiency of the system. Instead, our method uses
counterfactual context to automatically measure the causal effect and find better CoT to improve

the performance of LLMs.

6.3 A Causal View

To understand the causal relationships in knowledge-intensive tasks, we introduce a Struc-
tural Causal Model (SCM) Pearl et al. (2000) and identify the internal knowledge understanding
of the LLMs (Z) as the confounder. In Figure 6.2a and Figure 6.2b, we formulate two types of
conventional knowledge injection methods as two SCMs respectively. With the SCMs, we explain
the effectiveness of conventional knowledge injection methods and their limitations. We further
present the SCM of our method, the debiasing chain-of-thought (DeCoT), in Figure 6.2c. The

formulation of our method, DeCoT is illustrated in Figure 6.3 and detailed in Section 6.5.

20 ® @ e‘e
OO o @& @E

(a) SCM for External Knowl-

edge (b) SCM for Chain-of-thought (c) SCM for DeCoT

Figure 6.2: Structural causal graphs for (a) injection of external knowledge, i.e., context Lewis
et al. (2020), (b) chain-of-thought prompting and (c) our approach using external knowledge as an
instrumental variable (detailed in Section 6.5.2).
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Figure 6.3: The illustration of our proposed debiasing chain-of-thought method DeCoT (detailed
in Section 6.5).

6.3.1 SCM for External Knowledge

In Figure 6.2a, the causal path £ — ) < Z represents the knowledge injection process,
where E denotes the external knowledge, () denotes queries in the inference stage and Z denotes
the LLM’s internal knowledge. Ideally, the query (QQ) alleviates spurious correlations as a collider,
influenced by the external knowledge () and LLM’s internal knowledge (7), when E and Z are
causally irrelevant Pearl et al. (2000). However, most knowledge injection methods Baek et al.
(2023); Li et al. (2023d) incorporate the external knowledge as the context which is prefixed to the
input prompt. Thus, the causal influence of the external knowledge on the query is also determined
by the LLM, which makes F and Z dependent variables, and the spurious correlation between ()

and Z remains.

6.3.2 SCM for Chain-of-thought

Chain-of-thought (as in Figure 6.2b) is introduced Li et al. (2023c); Wei et al. (2022); Fu

et al. (2023) to make the LLM explain and follow the reasoning path before giving the final answer.
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The causal path ) — C' — A shows that the CoT (C') can serve as the mediator between the query
(Q) and the answer (A). However, since the CoT is also prompted from the LLM Wei et al. (2022);
Fu et al. (2023), it can also be causally dependent on LLM’s internal knowledge and thus forms the
spurious correlation between C' and Z. Notably, knowledge editing methods Zhao et al. (2023b);
Li et al. (2023c); Peng et al. (2023) can correct the factual errors in the context and the reasoning

paths, while the reasoning logic remains incorrect.

6.4 Preliminaries

6.4.1 Task Formulation

For knowledge-intensive question-answering tasks, the model is prompted with a query
Q = [q1,92, - - ., q,) and a passage of context ' = [eq1, e, ..., €], i.e., external knowledge Lewis
et al. (2020). Given the query () and the context £, the model 6 is prompted to recurrently generate

the response Y by sampling from the conditional probability distribution,

Yt ~ Po (y|Ea Q7 y<t) .

Following the previous setting Welbl et al. (2017); Trivedi et al. (2022b), we make no assumptions
on the context more than what is available in the context of the data samples from their datasets.
In this setting, there are irrelevant contexts Tu et al. (2020); Yang et al. (2018), which lead to
the spurious correlation identified in our paper. As illustrated and explained in Figure 6.2a of
Section 6.3.1, the model directly generates the answer A = [aq, ag, . . ., a,,| without providing the
intermediate reasoning process (i.e., A =Y).

Chain-of-thought Prompting. Following Wei et al. (2022), we add the additional instruction to
ask the model to generate its reasoning paths C' by explaining step-by-step, before generating the
final answer A (i.e., Y = [C, A]). By sampling N different CoTs C' = [C}, Cy, ..., Cy] conditioned

on the query () and the context £, we can further condition the generation process of the answer
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Air ~po (AlE,Q,Cy). (6.2)

In Eq. (6.1), since CoTs (C') are also generated from the LLM in which the pretrained internal
knowledge (Z) can also confound on the generation process. As explained in Section 6.3.2, the
confounding effect can not only affect the factual accuracy of the generated CoTs but also lead to
incorrect reasoning logic. Thus knowledge editing and verification methods Zhao et al. (2023b); Li
et al. (2023c); Peng et al. (2023) which solve the former problem, are limited in correcting logical

errors in CoTs.

6.5 DeCoT: Debiasing Chain-of-thought

6.5.1 SCM for DeCoT

In Figure 6.2¢, the CoT (C) is a mediator between the query (()) and the answer (A). Based
on the front-door criterion Pearl et al. (2000), a mediator (C') should be causally independent of
the confounder (7), to enable front-door adjustment. However, in practice, CoTs are also gener-
ated by LLMs, which suggests potential spurious correlations between CoTs (C) and the LLM’s
internal knowledge (7). Thus, to track the bias from the unobserved confounder Z, we introduce
the external knowledge as an instrumental variable (IV) Kawakami et al. (2023); Kilbertus et al.
(2020); Yuan et al. (2023¢). By changing the value of the instrumental variable F (i.e., the external
knowledge), we estimate the true causal relationship between C' and A Yuan et al. (2023c). For
example, in Figure 6.3, two pieces of counterfactual external knowledge (e.g. “Biohazard formed
in Chicago” and “Judegment Night was by Acrassicauda formed in Iraq’) are introduced in the
same example of Figure 6.1, where the average causal effect (ACE) is calculated as in (6.4). Due to

the spurious correlation in the third chain of thoughts of “CoT 2”, responses generated from “CoT

84



2” remain unchanged (i.e., ACE = 0), while responses generated from the correct reasoning path

“CoT 1” change corresponding to counterfactual evidence (i.e., ACE > 0).

6.5.2 External Knowledge as an Instrumental Variable

We model the external knowledge as an instrumental variable £ to understand the causal
relationship between the CoT C' and the answer A Yuan et al. (2023c). Due to the limitation of
directly controlling the generation process of CoTs, we perform the causal treatment by including
counterfactual knowledge through the instrumental variable E. Specifically, we query the LLM
to extract 7' factual entities V' = [vy, v, ..., vp] which correspond to 7' counterfactual context

E}, E5, ..., E}. In each sample
*
ES =ler,ea,...,05,...,€],

the corresponding factual entity v; is to be replaced by counterfactual entities. Then, the LLM is
further prompted to propose P counterfactual entities V;* = [v} |, v},, ..., v} p| to each extracted

entity v; € V. P counterfactual context samples
B (vig) = len, ez, Vg, e,k <P (6.3)

are constructed, by replacing the corresponding factual entity v; in each sample E7. In this ap-
proach, we estimate the average causal effect (ACE) corresponding to each CoT reasoning path

&

= Ev;kevj* [pG (A|Ea Q7 Cl) — Do (A|E;,k(v;,k)’ Q7 Cz)]a

in which the average causal effect measures the decreased confidence in the answer (measured as

in (6.2)) with counterfactual context as the evidence. We observe that the average causal effect
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of different factual entities can vary to the context, queries, and CoTs, which we further conduct
analysis experiments in Section 7.5.4. To consider the overall causal effect of the external context

on each CoT, we propose to measure the average causal effect of all the intervened entities,

ACE(Cy) = Eycyy ACE(C}, v)), (6.5)

where the intervened entities v; are sampled from a uniform distribution of the external context .

6.5.3 Average Causal Effect Guided Chain-of-thought Sampling

With the measured ACE scores, we develop an efficient sampling approach to obtain high-
quality CoTs with more coherent reasoning chains, without additional deconfounding layers Zhang
et al. (2020); Wu et al. (2022a) for LLM finetuning. Since LLMs are black-box models Gat et al.
(2023); Cheng et al. (2023), direct causal intervention methods on the parameterization of the input
query () and the context F are limited. Thus, we propose to use the sampled CoTs C' as the mediator
variable to conduct the front-door adjustment.

Based on the measured average causal effect (ACE), we construct importance scores in

terms of how the final answer A reacts to different CoTs C' intervened by the context F,

C* ~ softmax [py (C;|E, Q) - ACE(C;)], (6.6)

and the front-door adjustment can be realized by introducing the mediator C* sampled with the

largest average causal effect in the reasoning path,

A* ~ P(A|E,Q,do(C)) x py (A|E,Q,C7). (6.7)

The causal effect on the sampled answer A* is mediated by the sampled CoT reasoning path C*,
whose mediator-outcome confounding effect is controlled and alleviated. We summarize our algo-

rithm DeCoT in the original paper.
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6.6 Experiments

Table 6.1: The comparison results of DeCoT based on different backbone LLMs on four
knowledge-intensive tasks. The best results for each backbone model and each dataset are high-
lighted in a bold font.

| HotpotQA MuSiQue SciQ WikiHop |  Average

Model Decoding | EMt FIt | EMt FIt | EMt FIt | EMt FIt | EM?  FIt

CoTw/octx | 7.41 17.99 | 2.57 8.50 11.09 17.80 | 4.12 6.88 6.30 12.79

Flan-T5 CoT 9.48 23.70 | 19.53 27.61 | 51.75 63.79 | 15.02 21.79 | 23.95 34.22

CAD 9.65 24.77 | 20.56 28.57 | 59.69 69.94 | 17.28 24.31 | 26.80 36.90

DeCoT 11.72  28.70 | 20.56 30.54 | 63.55 75.64 | 22.34 28.41 | 29.54 40.82

CoTw/octx | 1.67 3.04 0.56 1.44 4.08 545 1.19 1.64 1.88  2.89

LlaMA-2 CoT 8.86 26.79 | 20.22 27.46 | 30.64 39.59 | 23.10 28.23 | 20.71 30.52

CAD 10.53 3098 | 21.62 28.10 | 33.93 41.35 | 23.50 29.81 | 22.40 32.56

DeCoT 10.03 31.48 | 22.75 30.99 | 48.58 57.95 | 27.35 34.46 | 27.18 38.72

CoTw/octx | 5.60 3097 | 2.09 796 |29.82 43.18 | 11.62 19.31 | 12.28 25.36

GPT-3.5 CoT 5.10 32,55 | 22.30 3422 | 5453 68.50 | 25.40 35.25 | 26.83 42.63

CAD 543 3524 | 24.14 36.81 | 57.74 70.73 | 28.37 38.45 | 28.92 4531

DeCoT 10.21 40.19 | 31.28 44.14 | 64.61 78.10 | 31.89 43.45 | 34.50 51.47

6.6.1 Dataset and Evaluation

Knowledge-intensive tasks commonly require each question to be paired with a paragraph
of context as support evidence Li et al. (2023c); Zhu et al. (2023b); Su et al. (2023); Jang et al.
(2023). Our method focuses on the reasoning errors caused by the spurious correlation from LLM’s
pretrained knowledge. We follow the setting Welbl et al. (2017, 2018); Yang et al. (2018); Trivedi
et al. (2022b); Shi et al. (2023b); Wei et al. (2022) and use the original supporting contexts from
the datasets without any additional data processing. We follow the evaluation protocols in Yang
et al. (2018) and conduct our experiments on datasets as follows:

HotpotQA Yang et al. (2018) contains questions that require multi-step reasoning over multiple
support contexts. For each question, support documents are provided in the dataset, which are used
as the context in our experiments.

MuSiQue Trivedi et al. (2022b) is another multi-step question answering dataset. Similar to previ-
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ous work Ramesh et al. (2023), we conduct our experiment on the challenging part of the dataset,
in which questions are annotated as > 4 hops.
WikiHop Welbl et al. (2018) is a multi-choice multi-hop reasoning dataset. We use the queries in
the dataset as the questions Tu et al. (2019) in our setting. For baselines and our method, the models
are prompted to generate the answers free-form instead of retrieving them from the candidate list.
SciQ Welbl et al. (2017) is a domain-specific question-answering task that contains only scientific
questions. We evaluate baselines and our method on test samples with supporting evidence.

For datasets that lack test labels, we follow the same evaluation protocol as Press et al.
(2022); Shao et al. (2023); Chen et al. (2023b) and use the development sets as our test set. We use

the Exact Match (EM) and F1 proposed in Yang et al. (2018) as our evaluation metrics.

6.6.2 Baseline and Backbone Model

Following Shi et al. (2023b); Su et al. (2023); Trivedi et al. (2022a), we have applied our
method to different pretrained LLMs: Flan-T5-XXL Chung et al. (2024) which has 11B model pa-
rameters, LIaMA-2-7B Touvron et al. (2023) and GPT-3.5 Turbo Brown et al. (2020). For LlaMA-
2-7B model, we choose the finetuned versions from human feedback Christiano et al. (2017), which
can generally yield more stable chain-of-thought reasoning paths.

For baselines, we compare our method with a conventional chain-of-thought prompting
method (CoT) Wei et al. (2022) and context-aware contrastive decoding method CAD Shi et al.
(2023b). We also include the baseline which devises conventional chain-of-thought prompting
methods without context (CoT w/o ctx) Wei et al. (2022), to investigate the effect of context in
different datasets. Implementation is detailed in the original paper. Notably, compared to the base-
lines Shi et al. (2023b); Wei et al. (2022), our approach does not rely on any additional assumptions
and does not require any further processing on the data, to get the performance improvement over
these baselines. That is, the inputs of our approach are the same as the baselines Shi et al. (2023b);

Wei et al. (2022).
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6.6.3 Main Results

Table 6.1 presents evaluation results on the four datasets with three LLM backbone models.
Comparison with Baselines. As we expected, for all LLMs the performance is significantly lower
when the context of supporting evidence is absent. Because of the poor performance of the direct
prompting method, the context-aware contrastive decoding (CAD) baseline can use its answer dis-
tribution as the negative penalty on the positive distribution which is obtained by prompting with
both the query and context. However, since the negative answer is not supported by either inter-
nal or external knowledge, it can have a more random distribution and limits the effectiveness of
contrastive decoding methods. On the other hand, our method DeCoT achieves generally higher
improvements on regular CoT compared with CAD by detecting logically incorrect CoTs and pe-
nalizing them. Instead of simply contrasting the distributions of positive and negative answers,
we use counterfactual context to examine the answer distribution changes, which provides a more
fine-grained measurement of the causal effect on LLMs’ internal knowledge bias. The consis-
tent performance improvements suggest DeCoT can more accurately detect incorrect CoTs by the
measurement, and perform targeted causal intervention.

Logical Reasoning Performance Understanding. We also observe that DeCoT gains relatively
better F1 improvements on the SciQ dataset, which reach 18.58%, 46.37% and 14.01% for Flan-
T5-xx1, LlaMA-2-7B, and GPT-3.5 respectively. It suggests that accurate logical reasoning paths
are more strictly required for scientific questions, and the correctness of the generated CoTs is more
crucial. Thus, DeCoT’s better performance on the SciQ dataset suggests DeCoT is more effective

in debiasing LLMs’ logical reasoning ability.

6.6.4 Improving ReAct by DeCoT

Since our main purpose is to find potential spurious correlation and correct reasoning er-
rors with counterfactual debiasing, our approach is compatible with and can improve other model

reasoning method variant. To evaluate the generalizability of DeCoT, we apply the proposed
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counterfactual reasoning method on ReAct Yao et al. (2023c). Similar to Wei et al. (2022), we
use two knowledge-intensive tasks, HotpotQA Yang et al. (2018), a question-answering task and
FEVER Thorne et al. (2018), fact verification task. In the evaluation, instead of using context
from datasets, ReAct can generate a sequence of reasoning paths with knowledge retrieval queries
to find relevant information from external knowledge bases Yao et al. (2023c). From Table 6.2,
we observe that by incorporating ReAct generated context as reasoning evidence, DeCoT further

improves ReAct’s performance by counterfactual reasoning.

Table 6.2: Performance of DeCoT and baselines using retrieved knowledge and reasoning paths
from ReAct. Following Yang et al. (2018); Thorne et al. (2018); Yao et al. (2023¢), we adopt the
EM metric for HotpotQA and the Acc metric for FEVER in the evaluations.

HotpotQA | FEVER
Method EM 1 Acc
ReAct 26.53 62.63
CoT (w/ ReAct) 20.40 56.12
CAD (w/ ReAct) 27.55 54.02
DeCoT (w/ ReAct) 36.73 66.32

6.6.5 Impact of the Selected Entities

We evaluate the impact of the number of the selected entities on the MuSiQue dataset based
on the backbone model GPT-3.5. Since annotations in MuSiQue guarantee the minimal number of
chains of thought is 4 hops Ramesh et al. (2023), more factual evidence is required to support the
final answer, which makes the impact of the selected entities higher in this case.

To illustrate the trend, we only conduct experiments on a number of the selected entities
T with these representative values considering the expensive GPT API costs. In Figure 6.4a, we
show the F1 and EM performance w.r.t. the different number of selected entities 7" = 0,1, 3, 5.
We include the result of 7" = 0 which indicates the regular CoT prompting method. With a larger
T, it has a higher probability for DeCoT to find more important entities for causal intervention.
However, more causal intervention experiments require more counterfactual prompting, which is

at the expense of more API calls or inference time. We observe that we can accurately find good
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factual entities by selecting the most popular entities.

50 50
- 40 - 40
) o —o— F1
o o EM
30 A 30 A
—o— F1
EM
20 T T T T 20 T T T
0 1 3 5 0 1 3
# Selected Entities (T) # Counterfactual Entities (P)
(a) Impact of T'. (b) Impact of P.

Figure 6.4: Sensitivity studies on the impact of the number of the selected entities and alternative
entities. We also include the 7" = 0 and P = 0 data points indicating the performance of regular
CoT prompting methods. The experiments are conducted on the GPT-3.5 backbone model on the
MuSiQue dataset.

6.6.6 Impact of the Alternative Entities

In Figure 6.4b, we also show the performance w.r.t. the different number of alternative
entities P = 0, 1, 3. For the same reason of computational cost, we only choose a small number of
alternative entities. Since the alternative entities are counterfactual, normally the negative causal
effect should be similar among the alternative entities. However, practically the alternative entities
may further introduce unexpected causal relationships to the context. Thus, by calculating the
average causal effect of multiple alternative entities, such unexpected causal effects can be averaged

out.

6.6.7 Case Study

We present case study results to understand the impact of context quality on the generated
CoTs. In Table 6.3, we show the CoT reasoning paths prompted by DeCoT and the following
methods:
* CoTs w/ Context: regular CoT prompting with context Wei et al. (2022) (i.e., CoT in
Section 6.6.2.).
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Table 6.3: Examples of failure CoTs generated from regular CoT prompting, CoT prompting with-
out context, and knowledge post-edited CoT prompting, as well as DeCoT sampled successful
CoTs, from four datasets with the GPT3.5 model. In the examples, we highlight factual and logical
errors with a red font, while the correct reasoning evidence is in a green font. The edited factuality

is also highlighted with a blue font.

Dataset Question CoTs w/ Context CoTs w/o Context CoT w/ Post-Editing DeCoT

HotpotQA | The  Plural- The Pluralist school was One of the key pluralist fig- One of the key pluralist fig- The Pluralist school is a
ist school is a school of pre-Socratic ures was Greek philosopher ures was Greek philosopher philosophical movement that
said to have philosophers. The Pluralist Aristotle. Aristotle is known Aristotle. Aristotle is known emerged in Ancient Greece.
included what school included Leucippus for his theory that nature con- for his theory of atomism. It is said to have included
creator of and Democritus. There- tains no vacuums. Therefore, Therefore, the final answer is Leucippus, the creator of the
the theory of fore, the final answer is the final answeris[Aristotle X [Aristotle X ]. theory of atomism. There-
atomism? [Democritus X ]. 1. fore, the final answer is

[Leucippus v ].

MuSiQue | What county The state where the Peace The Peace Center is located The Peace Center is located The Peace Center is located
contains the centerislocated is Greenville, in Greenville, South Car- in Greenville, South Car- in Greenville, South Carolina.
city with a South Carolina. The county olina. The capital city of olina. The capital city of The radio station WWNQ
radio station containing the city with South Carolina is Columbia. South Carolina is Columbia. is licensed to Forest Acres
that broadcasts a radio station broadcast- There are two radio stations There are two radio stations and broadcasts to Columbia,
to the capital ing to Greenville is likely in Greenville that broadcastto in Greenville that broadcastto which is the capital city of
city of the Greenville County. There- Columbia - WIMZ-FM and Columbia - WIMZ-FM and South Carolina. Forest Acres
state where the fore, the final answer is WMYIL WMYI, which is lo-  WMYIL WMYT is located in is a city in Richland County,
Peace centeris  [Greenville County X ]. cated in Greenville, broad- Hendersonville, North Car- South Carolina. Therefore,
located? casts to the capital city of olina. Therefore, the final an- the final answer is [Richland

Columbia.  Therefore, the swer is [Hendersonville X].  County v/ ].
final answer is [Greenville
County X .

SciQ By exploding The contextis discussinghow When a space probe is When a space probe is The context states that space
what the space space probes use exploding launched, it is attached to a launched, it is attached to a probes may be separated from
probes get Dbolts to separate from their rocket or launcher. Once the rocket or launcher. Onee-the their launchers by exploding
separated launchers. The question is rocket has reached a certain recket-has—reachedaecertain bolts. Exploding bolts are
from their asking what the space probes point in space, it explodes, peint—in—space,—it—expledes; bolts that explode or break
launchers? are separated from during this releasing the space probe. i - apart in order to separate two

process. Therefore, the final Therefore, the final answer is  Therefore, the final answer is  objects. Therefore, the final
answer is [their launchers X ].  [the rocket or launcher X ]. [the explosion or detonation answer is [bolts v ].
X1

WikiHop | What’s the ”Genre” refers to a category “Terra Brasilis” is a song by “Terra Brasilis” is an album The album Terra Brasilis was
genre of Terra ofartistic work. Terra Brasilis Brazilian composer Caetano by Brazilian composer An- released in 1980 by Brazilian
Brasilis? is a famous album by Brazil- Veloso. The song is from his tonio Carlos Jobim.  Fhe composer Anténio Carlos Jo-

ian musician Milton Nasci- 1978 album “Muito (Den- seng-is—from-his1978-album bim. Jobim is known for his
mento. Therefore, the final tro Da Estrela Azulada)”. “Muito—(Dentro—Da—Estrela contributions to bossa nova
answer is [Brazilian music X Therefore, the final answer is Azulada)> Therefore, the fi- music. Therefore, the final
1. [Brazilian X ]. nal answer is [Brazilian X ].  answer is [bossa nova v/ ].
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* CoTs w/o Context: regular CoT prompting with only task queries (i.e., CoT w/o ctx in
Section 6.6.2.).
* CoT w/ Post-Editing: CoT with knowledge post-edit Zhao et al. (2023b), when factual
contradictions exist in the context.
For all the methods, the CoTs are prompted from the backbone GPT-3.5 model.
Case Study of CoTs with Post-Editing. We observe that CoTs generated without context are likely
to contain incorrect knowledge, which can further mislead the reasoning paths. For example, the
directly generated CoTs of the question in the WikiHop dataset say “Terra Brasilis is a song by
Caetano Veloso”, which is factually incorrect (highlighted in a red font). Due to this incorrect
assumption made from LLMs’ hallucination, the following reasoning paths are misled to talk about
irrelevant information (e.g., “Caetano Veloso’s album”), and thus the answer is wrong even with

factual edit (highlighted in a blue font).

Case Study of CoTs with Context. Compared to CoTs generated without context, we observe that
the CoTs prompted with context can be factually more faithful. However, the logical reasoning of
these CoTs can still be wrong. For example, the CoTs generated with the context in the HotpotQA
dataset correctly locate “Leucippus and Democritus” as the two “Pluralist school” members (high-
lighted in a red font). However, instead of answering with the one who created the school, the LLM
mistakenly chooses the wrong answer “Democritus”. We highlight the correct reasoning paths in

green font to show that the key point in answering this question is by identifying the “creator”.

6.7 Chapter Summary

In this paper, we formally examine the LLM’s internal knowledge bias and identify it as the
confounder by a structural causal model (SCM). We revisit the irrelevant contexts issue and further
discover the spurious correlation between the LLM and task queries, which can further impair the
LLM’s CoT reasoning abilities. Then, we propose DeCoT, a debiasing chain-of-thought prompt-

ing method in knowledge-intensive tasks, which alleviates the spurious correlation and enables
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the LLM to find more accurate and logically sound responses. Following the previous evaluation
setting Welbl et al. (2017); Trivedi et al. (2022b); Shi et al. (2023b); Wei et al. (2022), and us-
ing the same inputs as the baselines, extensive experimental results and case studies validate the
effectiveness of our method DeCoT.

This chapter, in full, is a reprint of the material as it appears in “DeCoT: Debiasing Chain-
of-Thought for Knowledge-Intensive Tasks in Large Language Models via Causal Intervention” by
Junda Wu, Tong Yu, Xiang Chen, Haoliang Wang, Ryan A. Rossi, Sungchul Kim, Anup Rao, and
Julian McAuley, published in Proceedings of the Annual Meeting of the Association for Computa-
tional Linguistics (ACL), 2024. The dissertation author was the primary investigator and author of

this paper.
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Chapter 7

Chain-of-Thought Reasoning via Latent
State Transition (CTRLS)

7.1 Introduction

Chain-of-thought (CoT) reasoning has emerged as an effective paradigm for enabling large
language models (LLMs) to tackle complex tasks by decomposing them into structured, inter-
pretable intermediate reasoning steps (Wei et al., 2022; Kojima et al., 2022; Wu et al., 2024d).
However, conventional CoT prompting lacks transition-aware modelling, such that each step is
generated autoregressively without capturing the underlying dynamics of reasoning transitions,
limiting explainable exploration and diversity Yu et al. (2025); Zhang et al. (2025b); Gan et al.
(2025); Hou et al. (2023), in reasoning trajectories (Wei et al., 2022; Kveton et al., 2025; Xia
et al., 2025a). On the other end, structured reasoning frameworks (e.g., Toolchain* (Zhuang et al.),
program synthesis (Zhang et al., 2023c), knowledge graph (Wu et al., 2025b)) enforce rigid inter-
mediate steps via API calls or logic traces, offering structural control but sacrificing flexibility and
semantic adaptability (Kojima et al., 2022; Wu et al., 2025b).

To illustrate the limitations of conventional CoT prompting, Figure 7.1 contrasts standard
autoregressive reasoning with our transition-aware framework. On the left, traditional CoT un-

folds step-by-step without modelling transitions between reasoning steps, often leading to prema-
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[ John has five more roommates than twice as many as Bob. If Bob has 10 roommates, how many roommates does John have? ]

Conventional Autoregressive CoT Transition-aware CoT
The number of John's roommates as 2 * [ Step 1: Bob has 10 roommates. ]
Bob's roommates + 5. 0.15 0.05

l E Step 2: Bob and John } ‘ Step 2: Twice as Candidate steps

plug are both popular many as Bob is 2 * 10 with lower
‘evaluate ! students. = 20 roommates. probabilities
We can + iyl !
conclude 0.9 0.1

Step 3: Five more roommates
than twice as many as Bob is 20
+ 5 = 25 roommates.

l Sampling from

Step 3: Let’s now consider how
... P(token;|tokens.,)

many chairs are needed.

l Conditioned on

roommates.

Figure 7.1: Illustration of the difference between conventional CoT prompting and CTRLS.

ture commitment and limited trajectory diversity. In contrast, our method models reasoning as a
stochastic trajectory over latent states, enabling explicit transition modelling and exploration of
alternative reasoning paths. This comparison highlights the potential of transition-aware CoT to
uncover more effective and diverse reasoning strategies.

To bridge the extremes, we propose transition-aware CoT reasoning CTRLS, a novel per-
spective that frames reasoning as structured trajectories within a latent state space. Each reasoning
step corresponds to a continuous latent semantic state, with transitions dynamically learned via a
latent-state MDP formulation. This modelling explicitly captures reasoning regularities and se-
mantic relationships between intermediate steps, supporting explainable exploration.

Modelling transition-aware CoT reasoning presents fundamental challenges: (i) the need
to infer latent semantic states that capture the progression of reasoning steps, despite the lack of
explicit supervision; (ii) learning stable and generalizable transition dynamics across these latent
states; and (ii1) adapting LLMs to generate coherent reasoning steps conditioned on these latent
abstractions. To address these challenges holistically, we propose a unified variational model that
jointly learns a latent encoder, a transition policy, and a reasoning adapter for the LLM, optimized
under a single evidence lower bound (ELBQ) objective. This structured design enables seman-
tic grounding and modular reasoning, and naturally supports distributional reinforcement learning

(Bellemare et al., 2017; Dabney et al., 2018; Wu et al., 2022b) by treating reasoning actions as
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stochastic policies over latent states. To ensure robust exploration and avoid degenerate trajecto-
ries, CTRLS incorporates on-policy optimization with entropy regularization and epsilon-greedy
sampling. Overall, our framework provides a principled and tractable foundation for controllable,

structured, and adaptive CoT reasoning. We summarize our contributions as follows:

* We introduce a latent-space MDP formulation for explicit modelling of chain-of-thought
transitions.

* We propose a distributional reinforcement learning method tailored for robust and explain-
able exploration in CoT generation.

* We theoretically derive finite-sample evidence lower bounds (ELBO) as the learning ob-
jective of CTRLS pre-training.

* We demonstrate empirical improvements in reasoning accuracy, diversity, and exploration

efficiency, and showcase enhanced explainability on standard benchmarks.

7.2 Related Work

Chain-of-Thought Reasoning. Chain-of-Thought (CoT) prompting improves large language mod-
els (LLMs) by encouraging intermediate reasoning steps before producing final answers (Wei et al.,
2022; Chu et al., 2023b; Wu et al., 2024d; Wang et al., 2026a). To enhance reasoning quality, prior
works introduce self-evaluation (Ling et al., 2023; Shinn et al., 2023) or integrate external knowl-
edge (Zhao et al., 2023b). Coconut (Hao et al., 2024) explores reasoning in continuous latent space
to bypass token-level constraints. In contrast, we focus on controllability and interpretability via
structured latent transitions in language space. Beyond linear CoT, recent work explores structured
reasoning, including Tree-of-Thought (ToT) (Yao et al., 2023b) and Chain-of-Preference Optimiza-
tion (CPO) (Zhang et al., 2024c), which guide CoT using preferred ToT trajectories. Building on
these insights, we model reasoning as transitions over a latent state space, enabling structured step-
wise guidance without explicit search.

Reinforcement Learning for LLM Reasoning. Reinforcement learning (RL) has been widely
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used to enhance the reasoning abilities of large language models (LLMs), particularly via Rein-
forcement Learning from Human Feedback (RLHF) (Ouyang et al., 2022; Bai et al., 2022a) and
Direct Preference Optimization (DPO) (Rafailov et al., 2023; Li et al., 2025¢; Wu et al., 2025¢;
Huang et al., 2025e, 2026a), which learns reward models from human preferences and optimizes
LLMs using policy gradient methods such as PPO. While effective for preference alignment, RL-
based reasoning faces challenges from sparse and delayed rewards. To address this, recent works
introduce outcome-based rewards (Cobbe et al., 2021; Uesato et al., 2022) or process-based feed-
back on intermediate steps (Lightman et al., 2023; Choudhury, 2025), sometimes leveraging ver-
ifiers (Su et al., 2025; Mroueh, 2025; Yue et al., 2025; Mundada et al., 2026) (RLVR) distilled
from GPT-4 (Zhang et al., 2024c) and off-policy evaluation (Huang et al., 2025c). In contrast, we
directly model reasoning dynamics in a latent state space and fine-tune transition behaviours using
policy gradients, without relying on external reward models. This enables scalable and interpretable

optimization of reasoning trajectories in a self-contained framework.

7.3 Preliminaries

7.3.1 Chain-of-thought Reasoning

Chain-of-thought (CoT) reasoning sequentially generates step-by-step intermediate reason-
ing toward solving complex tasks by large language models (LLMs) (Wei et al., 2022; Kojima et al.,
2022). Given an initial prompt or query x,, the LLM policy 1, iteratively generates reasoning steps
x = (1,9, ...,2r), culminating in a final answer prediction y. Each reasoning step x; consists

of sequentially sampled tokens conditioned on all previously generated tokens:

Ty ~ H’('|I07x<t)7 Yy~ N('|$07$)a (71)

where z is the input query or prompt (Wei et al., 2022; Wu et al., 2025b; Li et al., 2025d).

This autoregressive nature of CoT reasoning presents inherent challenges for controllable gener-
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ation, as decisions at each step significantly impact subsequent reasoning trajectories. Instead of
explicitly modelling this sequential token generation process, we consider reasoning via latent state-
transition, where we assume a latent state encoded by an thought abstraction model S; = py(r<)
and a state transition process pg(S;y1/S;)-

Latent spaces offer a path to more explainable decision making. We take a task-driven
view in which intermediate steps are semantically meaningful and form transparent trajectories.
Following Yu et al. (2025); Zhang et al. (2025b); Gan et al. (2025); Hou et al. (2023) on steps to
human rationale alignment, we further focus on transition dynamics among latent reasoning states.
Explicitly modeling these transitions makes the process explainable and aligns with our formulation

of state-based reasoning and controllable exploration (detailed in Section 7.3.3).

7.3.2 Distributional Reinforcement Learning

Distributional Reinforcement Learning (DRL) explicitly models uncertainty by represent-
ing actions as probability distributions rather than deterministic or discrete selections (Bellemare
et al., 2017; Dabney et al., 2018). Specifically, we parametrise the policy 7y to output Dirichlet
distributions over potential next reasoning step in CoTs, which naturally express uncertainty and
enable richer exploratory behaviour (Chou et al., 2017). Given state s,;, action distributions a, are
drawn as:

Qg ~ 779("815)7 a: € A(A) (72)

This formulation inherently captures the uncertainty of stochastic actions over the transition prob-
ability distribution of a chain of thoughts. The distributional Bellman operator explicitly incorpo-

rates uncertainty into state transitions:

TZ(se,ar) 2 R(se, ) +vZ(s001,a1), arer ~ 7o(-|s11) (7.3)

where £ denotes distributional equality and Z (s, a) is the return distribution from state-action pairs.

Thus, we could enable efficient exploration over CoT transition distribution, essential for improved
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controllability and explainability in downstream tasks (Haarnoja et al., 2018; Lillicrap et al., 2015).

7.3.3 Formulation: Transition-aware Chain-of-Thought as an MDP

We cast the chain-of-thought (CoT) decoding process into the standard Markov Decision
Process (MDP) framework (Bai et al., 2025; Zhang et al., 2025a; Wu et al., 2025b), defined by
the tuple (S, A, P, R, ). This allows us to leverage reinforcement learning algorithms to optimise
reasoning trajectories in LLMs.

State and Transition Dynamics At each time step ¢, the agent observes a latent reasoning state
s; € &S that captures the semantic context of the prompt and all previously generated reasoning
steps. Formally, we obtain s; ~ ps(- | 2o, 7<) via a stochastic abstraction model p, : X —
A(S), where X is the space of initial prompts and the sequence of reasoning prefixes (detailed in
Section 7.4.2). Here, x is the input query or prompt and -y = (z1, ..., x;_1) are the previously
generated reasoning segments. We model latent state evolution with a learned transition matrix
P(s¢y1 | 8¢, ar). This kernel encapsulates how one reasoning segment influences subsequent latent
abstractions and can be trained jointly with the policy.

Distributional Action Sampling Our formulation distinctly leverages a distributional perspective
for action sampling within the action space .4, which encompasses distributions over admissible
reasoning segments rather than discrete or deterministic selections. At each latent reasoning state
s¢, the policy my explicitly outputs a probability distribution, capturing the inherent epistemic uncer-
tainty in selecting reasoning segments. This distributional approach facilitates richer exploratory
behaviour by enabling the policy to represent a spectrum of plausible reasoning steps, each sampled

according to a learned Dirichlet distribution:

ag ~7o(- | st), ar € A(A), x ~ P,(-| ar, ),

where A(.A) denotes the simplex representing the space of action distributions. Here, 6 parametrises

a policy network designed to output Dirichlet parameters, thus explicitly modelling uncertainty and
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providing principled exploration strategies in the CoT action space. P, denotes the adapted LLM
with adapted parameters introduced in the backbone LLM . for action-conditioned generation,
which is explained in detail in Section 7.4.3.

Trajectory-level Reward Aligning with the formulation of LLMs, the quality of the CoT 7 =
(x1,...,2r) is evaluated by the final answer y. Let y* denote the ground-truth answer associated
with the query z,. The episodic reward is therefore binary R(7,z,) = 1{y = y*}. Our learning

objective is to maximise the expected terminal accuracy under the controllable policy

J((9> - ETNTI’Q('lLEO) [R<Tv ZIJO)} ’ (74)

where R(7) is sparse and unbiased, corresponding to the accuracy reported in the evaluation.

7.4 CTRLS: Chain-of-Thought Reasoning via Latent State

Transition

Modeling transition-aware CoT reasoning presents unique challenges: it requires learning
latent state representations to capture the semantic progression of reasoning steps, modeling tran-
sitions that reflect meaningful and generalizable reasoning dynamics, and conditioning the back-
bone LLM to generate coherent next steps guided by these latent states. To address these, CTRLS
adopts a unified variational framework and an MDP perspective, implementing three core com-
ponents: (i) a stochastic encoder that abstracts reasoning into latent states via an inference model
(Section 7.4.2), (i1) a state-conditioned UNet that injects latent guidance into token representations
and models transitions through a policy network (Section 7.4.3), and (iii) a two-phase alignment
and fine-tuning scheme that combines online pre-training with on-policy reinforcement learning
(Section 7.4.4) (illustrated in Figure 7.2). This structure supports transition-aware reasoning by
optimizing a unified ELBO objective, explicitly modeling uncertainty for principled exploration

and controllable, structured generation.
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Figure 7.2: An overview of the proposed two-phase alignment and fine-tuning scheme.

7.4.1 Mathematical Assumptions

Assumption 5.1 First-order Markov Assumption: The latent reasoning states follow a
first-order Markov process. That is, the transition probability depends only on the previous latent

state:

P0<Zt | $<t72<t) = P@(St | 8t—1)

This assumption simplifies the transition dynamics and is justified by the fact that each latent state
encodes the full reasoning prefix.

Assumption 5.2 Autoregressive Factorization of the Variational Posterior: The varia-
tional posterior over latent states is factorized autoregressively to align with the left-to-right gen-

eration of LLMs:

T
Qo(z17 | T1:7) = HQ(b(Zt | 2<1)
t=1

This ensures consistency between the inference model and the sequential nature of language gen-

eration.

7.4.2 Latent State Encoding

Based on our MDP formulation in Section 7.3.3, we introduce a variational approximation
Qs(z1.7|71.7), parametrised by ¢, encoding the prompt z, and reasoning steps x ., into latent state

representations.

102



Definition 7.1. Inference Model via Variational Posterior We introduce a variational approxima-

tion Q4 (z1.7 | x1.7). Consistent with the sequential nature of the data, it factorises autoregressively:

T

Q4217 | 21.7) = HQ¢ (2 | 2<t).

t=1

For each time step ¢, the conditional model Q) (zt | .CL'St) outputs a probability distribution over the
N possible values of z;. It can be instantiated by a Gaussian-mixture posterior, a linear classifier,

or a multilayer perceptron (MLP) applied to the hidden representation produced by an encoder.

The autoregressive factorization mirrors the temporal ordering of the observations, enabling
the posterior at step ¢ to depend only on the current and past inputs ;. By sampling 2, rather than
deterministically encoding it, the model captures both semantic content and epistemic uncertainty,
reflecting variability in how the system “thinks” before emitting each step.

To instantiate this, we follow (Kveton et al., 2025) to extract token representation F; €
R™*? and compute the Gram matrix G; = E, E,. Then, to capture the reasoning semantics, we
perform spectrum decomposition and take the flattened most informative top k eigenspaces as the

representation,

eri= [V ai V4] €RM, (7.5)

where q,, are the corresponding eigenvectors. We apply k-means clustering to all such e; and each

reasoning state s;_1 ~ ps(- | £<¢) is then assigned as the probability distribution corresponding to

K

clustering centroids {~; i1 such that z; = Z]K:1 s¢; - 7;. This continuous relaxation (), enables

structured reasoning over the latent state space and supports subsequent transition modelling.

7.4.3 State-aware Chain-of-thought Alignment

Definition 7.2. State-aware Generative Model Let {(z, 2;)}]_, denote a sequence of observed

variables z1.7 € X7 and latent states z;.; € Z7. For parameters w (emission) and @ (transition),
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the joint distribution factorises autoregressively as

T
Pw,@(xlcTa Zl:T) == H Pw,@ (.flft, Zt | T <t Z<t)7

t=1

where each factor decomposes into a transition term and an emission term

Poo(w, 20 | wcty 2et) = Po(2e | wct, 2t) P (w1 | T, 2<1) - (7.6)

The transition model P places a prior on the next latent state; it may depend on past obser-
vations but is often simplified by the first-order Markov assumption Py(z; | 2;—1). The emission
model P, generates the current observation conditioned on the complete latent trajectory up to time
t. Together, Py and P, fully specify the stochastic process underlying the data.

Transition Model P, To model the conditional latent transition, we first encode the previous rea-
soning steps into a latent state distribution s;_; ~ py(- | x<¢), as described in Section 7.4.2. Given
that the latent representation z; is deterministically constructed via 2, = Z]K:l s¢;7; (see Sec-
tion 7.4.2), the transition probability naturally reduces from transitions between latent states z; to
transitions between their underlying distributions s;. Specifically, applying the Markov property,

we have

P@(Zt \ x<t72<t) = P0<5t ’ 3<t) = Pe(St ’ St—l)a (7.7)

where the first equality leverages the deterministic relationship between z; and s;, and the second
equality explicitly invokes the Markov assumption (Wu et al., 2022b; Eysenbach et al., 2020).

Generation Modelling 7, To enable state-aware LLM generation, we design a transformation
module that reshapes each token’s last hidden state representation E; ; € R? conditioned on a step-

wise latent reasoning state s, € R? based on MDP transition. Specifically, according to the Markov
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property

Eévi:‘qu ([‘Fwd(Et7i);Zt])7 221’27 , Ny
(7.8)

Pw(It | Z<t,$<t) = Pw(xt | Zt—17w<t) = M(%: | [Ei,i<n1; T §E£—1,i<nt,1]aw)a

where w = [wy; w,] is a U-Net module that encodes token representation F; ; into a low-rank latent,
projects and fuses z; via a bottleneck interaction, and decodes the result back to dimension d. This
conditional encoder allows the model to dynamically adjust token representations in sync with the
evolving state, with only O(r(d + d’)) additional parameters.

Thus, the one-step inference of state-conditional generation in (7.6) is realised as

Pw,B (lUt, 2t ’ $<t7z<t) = Pw(ﬂft | Z<t737<t) Pe(Zt ’ T<t, Z<t)
= p(wy | Hi—1,w) Po(se | s¢-1) (7.9)

Hyy = [ i,z’<n1; S Eéfl,i<nt_1}' (7.10)

where such factorization makes clear how latent dynamics and token sampling interlock.
Then we formally introduce the evidence lower bound (ELBO) of the proposed variational model

as the objective for model pre-training.

Theorem 7.3 (Evidence Lower-Bound). Consider a latent-state generative model with joint den-
sity Pw,e(h:% zir) = Hthl P, (SCt | 2, th)Pa (Zt | o, Z<t)’ and let Q¢>(21:T | zur) =
Hthl Qs (zt | xgt) be any variational distribution. Then, for the learnable parameters w, 0, ¢,

the marginal log-likelihood of the observations admits the lower bound

T
'C(wa 9) ¢) = Z EQ¢(Z§t‘93§t) [IOg Pw(xt | T <ty Zﬁt)] (711)
t=1
T
- ZEQ¢(Z<t|l‘gt71) |:KL(Q¢(Z75 | xSt) ”PQ(Zt | T<t, Z<t))] (712)
t=1

Equality holds if and only if Q4(z1.1 | ©1.7) = Po(2z1.1 | 21.7), i.e. when the variational posterior
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matches the true posterior. Maximising L therefore constitutes a tractable surrogate objective
whose optimisation w.r.t w, 6, ¢ simultaneously (i) maximises the data likelihood and (ii) minimises

the posterior gap.

Theorem 5.3 shows that the ELBO provides a tractable way to align latent transitions with
reasoning steps. In practice, this means our pretraining objective is not only theoretically sound
but also effective: as seen on GSM8K and MATH, optimizing under this objective leads to higher

exploration accuracy and fewer spurious steps (detailed later in Section 7.5.2).

7.4.4 On-Policy Chain-of-thought Reinforcement Learning

After offline pre-training, we further enable on-policy reinforcement learning that optimises
only the state-transition model P, through trajectories generated by the current policy. At each
decision step t, we sample an action distribution a; ~ (- | s;) conditioned on the current latent
state s;, and subsequently generate the reasoning segment x; through the state-conditioned LLM
generation P,,. Iteratively repeating this process yields complete trajectories 7 = (sy, ay, 8t+1)tT:1
ending with a final predicted answer y.

Trajectory-level Reward and Bellman Function We evaluate each trajectory 7 based on the cor-

rectness of its final answer y against the ground truth y*, providing a binary episodic reward:

R(r,z0) =y =y"}. (7.13)

We adopt the distributional Bellman operator (7.3) to model uncertainty explicitly in state transi-
tions and returns.

Exploration via Epsilon-Greedy To effectively balance exploration and exploitation, we imple-
ment epsilon-greedy exploration. Specifically, the exploration-enabled action distribution is ob-

tained by mixing the learned Dirichlet distribution with a uniform distribution over actions:

7o(alst) = (1 — €)mp(als:) + eUniform(.A), (7.14)
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where € € [0, 1] controls the exploration-exploitation trade-off. With probability ¢, actions are thus
sampled uniformly from the action simplex, promoting exploration of diverse reasoning segments,
while with probability 1 — ¢, actions follow the learned Dirichlet distribution, ensuring exploitation
of promising behaviours.

Entropy Regularization To further encourage robust exploration and prevent premature conver-
gence to suboptimal solutions, we employ entropy regularization. By adding an entropy-based
penalty to the learning objective, the policy maintains diversity in the action distributions, effec-
tively exploring the full action space and discovering potentially more rewarding trajectories. The

entropy term is defined as:

H(mo(si)) = — > mlals,) logmo(als,). (7.15)
acA

Overall Learning Objective and Policy Gradient Integrating trajectory rewards and exploration
strategies, our reinforcement learning objective maximises expected trajectory rewards augmented

with entropy-based exploration:

T
J(0) = Ernryiag) | R7,20) + @ Y Hlma(s2))] (7.16)
t=1

where « controls the strength of entropy regularization. Using the REINFORCE estimator, the

gradient of this objective with respect to policy parameters # is computed as:

T

Ve (0) = E, ., {(R(T) + Y Him(s)) x 3 Velogma(a | st)] . (7.17)

t=1 t=1

This gradient formulation aligns with accuracy-based evaluation metrics in CoT benchmarks, guid-
ing the optimization of the distributional state-transition model. The on-policy reinforcement learn-

ing procedure is detailed in the original paper.

107



7.5 Experiments

7.5.1 Experimental Setup

We conduct experiments on two instruction-tuned language models, LLaMA-3.2-3B-Instruct
(Grattafiori et al., 2024) and Qwen2.5-3B-Instruct (Team, 2024b). Both models serve as the back-
bone for integrating our framework without modifying any pretrained weights. We evaluate on two
math reasoning benchmarks, GSM8K (Cobbe et al., 2021) and MATH (Hendrycks et al., 2021),
which might require step-by-step CoT generation to solve arithmetic and competition-level math-
ematics problems, respectively. Implementation details are in the original paper.

Table 7.1: Comparison of exploration accuracy and success rate of CTRLS and the base models.

LlaMA3.2 Qwen2.5
Generation Temperature | Exploration GSMSK MATH GSMSK MATH

‘ pass@20 Succ. pass@20 Succ. pass@20 Succ. pass@20 Succ.

Base 72.5 95.0 50.0 90.0 87.5 100.0 65.0 65.0

n=05 e=0.1 77.5 100.0 47.5 95.0 90.0 100.0 57.5 60.0
e=0.3 75.0 100.0 60.0 95.0 87.5 100.0 62.5 52.5

e=0.5 82.5 100.0 52.5 90.0 87.5 100.0 65.0 75.0

Base 717.5 100.0 475 97.5 80.0 100.0 72.5 67.5

n=0.7 e=0.1 71.5 100.0 50.0 97.5 85.0 97.5 62.5 65.0
e=0.3 70.0 100.0 60.0 97.5 82.5 97.5 62.5 67.5

e=0.5 85.0 100.0 475 90.0 80.0 97.5 71.5 67.5

7.5.2 State Transition-aware Exploration

To assess the controllability of our pre-trained, transition-aware chain-of-thought gener-
ator, we compare CTRLS against the corresponding base models (LlaMA3.2 and Qwen2.5). In
Table 7.1, we report results for two generation temperatures, € {0.5,0.7}, and an e-greedy ex-
ploration strategy with € € {0.1,0.3,0.5}. For each test question and each (7, €) configuration, we
sample 20 reasoning trajectories from both the base model and CTRLS. We measure exploration
accuracy (pass@20) as the fraction of questions for which the correct answer appears in at least
one of the 20 samples, and success rate (Succ.) as the proportion of samples that yield a valid final

answer after chain-of-thought generation.
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Based on the observations in Table 7.1, CTRLS consistently outperforms its backbone coun-
terparts in both exploration accuracy and success rate across all datasets. Although performance
varies with the choice of ¢, CTRLS surpasses purely temperature-based sampling in every setting,
confirming that explicit state-transition guidance yields more effective exploratory behaviour. Such
effective control over latent space exploration is consistent with the theoretical guarantees estab-
lished in Theorem 7.3. The more informative trajectories produced by CTRLS provide a stronger
learning signal for subsequent reinforcement learning, accelerating policy improvement in later

training stages.

7.5.3 Impact of Exploration Configurations

In Table 7.2, we experiment on different exploration configurations and study the effects
for on-policy reinforcement learning. Entropy regularisation. We observe that raising the en-
tropy weight from H=0 to H=0.01 consistently broadens the search space. For LLaMA-3.2, this
translates into a modest but steady gain on both datasets, while Qwen2.5 shows an even clearer
trend, where H=0.01 delivers the best accuracy on both datasets, with a minor loss in success rate.
These results confirm that a small amount of entropy pressure prevents premature convergence to

high-probability but sub-optimal transitions.

Table 7.2: RL performance under entropy regularization (left block) and e-greedy exploration (right
block).

GSM8K MATH GSM8K MATH
Model ‘ Entropy ‘ ‘ H e-Greedy ‘ ‘
‘ ‘ pass@20  Succ. ‘ pass@20  Succ. H ‘ pass@20  Succ. ‘ pass@20  Succ.
Base 55.6 80.0 41.0 71.8 Base 55.6 80.0 41.0 71.8
LlaMA32 | H=0.0 57.6 80.8 42.8 72.2 e=0.1 57.4 80.4 43.0 73.4
H =0.01 56.8 79.6 42.6 74.0 e=0.3 55.8 79.4 42.0 71.2
Base 64.2 91.8 22.6 33.8 Base 64.2 91.8 22.6 33.8
Qwen2.5 H=0.0 65.8 89.6 22.8 334 e=0.1 66.2 89.8 222 322
H =0.01 66.4 90.2 23.6 34.6 e=0.3 66.0 90.2 23.4 34.2

e-greedy sampling. Injecting stochastic jumps at every step also fosters diversity, but the magni-
tude of € matters. For LLaMA-3.2, a mild setting (e=0.1) yields the highest overall gains, while

a larger perturbation (¢=0.3) instead hurts both accuracy and solution validity, echoing the classic
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explore—exploit trade-off. Qwen2.5 is more robust for both e values, yet excessive randomisation

still reduces the success rate on the harder MATH dataset.

[Question: For how many positive integers n is n? — 3n + 2 a prime number? ]

Base (Qwen2.5)
Final:

Steps:
1. First, we factorize n? — 3n -+ 2. This can be written as (n — 1)(n — 2).
2. For (n — 1)(n — 2) to be a prime number, one of the factors must be 1 and the other must be the prime number itself.

3. Therefore, for (n — 1)(n — 2) to be prime, either n — 1 = 1 or » — 2 = 1 must hold true.
4. (Wrong conclusion) Thus, there are two values of n that satisfy the condition: n = 2 and n = 3.

CTRLS (Qwen2.5)
Final:

Steps:
1. (Same factorization) First, we factorize n? — 3n + 2. This can be written as (n — 1)(n — 2).

2. (Same condition) For (n — 1)(n — 2) to be a prime number, one of the factors must be equal to 1 because a prime number has exactly two
distinct positive divisors: 1 and itself.
. (Same derivation) Therefore, eithern — 1 =1orn —2 = 1..

. (reduce wrong answer) Whenn = 2, (n — 1)(n — 2) = (2 — 1)(2 — 2) = 1 - 0 = 0, which is not a prime number.

3
4. (Self-reflection) However, we need to check if these values satisfy the condition that (n — 1)(n — 2) is indeed a prime number.
5
6. (Correct conclusion) Thus, there is only one value of n that satisfies the condition, namely n = 3.

Figure 7.3: Qualitative comparison. CTRLS correctly verifies candidate solutions and filters out
invalid cases, while the baseline fails to check whether the resulting value is truly prime.

Table 7.3: GPT-4 rubric scores (0—10) on GSM8K with Qwen. Averaged over 100 samples
per setting. We evaluate on four different aspects: (S)elf-reflection, (A)lgebra, (C)oherence,
(H)allucination.

Setting S A C H| Overall

Base 7.62 844 8.23 8.5l 8.05
e=00,H=00 782 883 843 8.66 834
e=01,H=00 774 8.65 833 851 8.17
e=01,H=0.01 773 854 835 855 8.16
e=03,H=00 780 877 845 8.68 8.30
e=03,H=001 772 873 837 860 820

7.5.4 Case Study

Self-reflection One notable advantage of our transition-based reasoning is its ability to perform
self-reflection. As illustrated in Figure 7.3, both the baseline and CTRLS derive the correct candi-

date values for n such that n? — 3n + 2 is prime. However, the baseline prematurely outputs both
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values as correct without verifying whether the resulting expression is actually a prime number.
In contrast, CTRLS continues reasoning by explicitly validating the primality condition for each
candidate. It correctly identifies n = 2 as invalid, as (2 — 1)(2 —2) = 1 -0 = 0, which is not a
prime. This self-reflective validation step leads to the correct final answer. Such state-aware step
transitions, which is semantically grounded on explainable states, help avoid early commitment to
incorrect conclusions.

Corrected algebra errors and reduced hallucinated steps CTRLS enhances symbolic reason-
ing by reducing common algebraic mistakes—such as misapplied formulas and incorrect substitutions—
as well as suppressing spurious steps that lack logical grounding. It preserves variable relationships
across steps, avoids unnecessary formalisms, and maintains alignment with the problem’s structure.
Representative examples are provided in the original paper.

LLM-as-a-judge evaluation. To complement accuracy-based metrics, we additionally include a
GPT-4 based rubric evaluation. For each configuration, we randomly sample 100 model outputs
on GSMS8K and let GPT-4 score them on a 1-10 scale across five criteria: self-reflection, algebra
correctness, logical coherence, reduction of hallucinated steps, and overall quality. Table 7.3 sum-
marises the averaged results for Qwen; detailed prompts and evaluation pipeline are deferred to the

original paper.

7.6 Chapter Summary

We presented CTRLS, a principled framework for transition-aware chain-of-thought rea-
soning that casts step-wise generation as a latent-state Markov decision process. By modelling
reasoning dynamics through distributional policies and optimizing latent transitions via reinforce-
ment learning, CTRLS enables structured, interpretable, and controllable CoT generation. Our
experiments demonstrate that CTRLS consistently improves reasoning accuracy, exploration ef-
ficiency, and robustness across math benchmarks, and further showcases explainability. Beyond
performance, qualitative analyses highlight its ability to recover from symbolic errors, suppress

spurious reasoning, and engage in self-reflective correction. We believe CTRLS offers a founda-
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tion for more systematic and verifiable reasoning in large language models.

This chapter, in full, is a reprint of the material as it appears in “CTRLS: Chain-of-Thought
Reasoning via Latent State Transition” by Junda Wu, Yuxin Xiong, Xintong Li, Sheldon Yu, Zheng-
mian Hu, Tong Yu, Rui Wang, Xiang Chen, Jingbo Shang, and Julian McAuley, published in Pro-
ceedings of the International Conference on Artificial Intelligence and Statistics (AISTATS), 2026.

The dissertation author was the primary investigator and author of this paper.
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Chapter 8

Conclusion and Future Work

8.1 Summary of Contributions

This dissertation has presented six contributions across three thrusts, representation for
multimodal understanding, preference for multimodal alignment, and inference for multimodal
reasoning, unified by a single goal of making multimodal large language models more transparent,
controllable, and trustworthy. Each thrust was addressed by two methodologically complementary
chapters, and across all six a consistent argument emerges. The gains that matter for multimodal
language models come not from scaling a fixed recipe, but from re-examining how signal enters
the model, how it is supervised, and how it is searched at inference time.

Representation: modality-aware tuning is a prerequisite, not a refinement. CoOMMIT
(Chapter 2) and MDGD (Chapter 3) show that vanilla instruction tuning silently degrades the very
visual capabilities that motivate MLLM design. CoMMIT attacks the problem at training time,
measuring the relative learning of the feature encoder and the backbone language model with a
multimodal balance coefficient and re-coordinating their learning rates when one side dominates.
MDGD attacks it at the level of representation geometry, decoupling gradient updates by modal-
ity so that the effective rank of the pretrained visual subspace is preserved rather than collapsed.
The information-theoretic preliminaries of Chapter 3 make explicit why visual forgetting happens,

supervisory pressure flows through the textual loss while visual information faces a one-way com-
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pression, and why coordinated, modality-decoupled updates can recover the lost capacity. Together
the two chapters convert a previously implicit failure mode into something that can be measured,
explained, and corrected.

Preference: alignment can move offline without giving up signal granularity. OCEAN
(Chapter 4) and IRPO (Chapter 5) both operate in regimes where direct human feedback at scale
is impractical. OCEAN reformulates chain-of-thought alignment as a Markov decision process
over knowledge-graph states and derives an unbiased KG-IPS estimator with an accompanying
variance bound, replacing freshly-collected human pairs with a structured external reward. IRPO
enriches the shape of the signal rather than its source, extending pairwise preference optimization
to in-context ranked lists with positional weighting and establishing its connection to importance
sampling with reduced-variance, unbiased gradient estimates. The common lesson is that the bot-
tleneck for alignment is rarely the optimization objective; it is the source and granularity of the
reward, and that signal can come from places other than freshly-collected human pairs.

Inference: reasoning is a structured search problem, not a left-to-right autoregression.
DeCoT (Chapter 6) treats spurious reasoning as a causal artifact, using a structural causal model
and front-door adjustment to prune confounded paths without retraining. CTRLS (Chapter 7) casts
chain-of-thought as transitions in a latent state space and explores plausible trajectories with dis-
tributional reinforcement learning. Both reject the assumption that “thinking step by step” yields
a single privileged trajectory, and both show that modeling the structure of the reasoning space,
rather than intervening around an opaque autoregression, improves accuracy, controllability, and
interpretability at once.

Collectively, these contributions argue for a view of multimodal language models in which
representation, alignment, and reasoning are not independent engineering stages but a single design
surface: the way non-textual signal is encoded constrains what can be aligned, and the way pref-
erence is supplied constrains what can be reasoned over. The remainder of this chapter sketches
how the tools developed here open onto a broader research program, much of which is already

underway.

114



8.2 Future Directions

From a diagnostic to a constructive view. The information-bottleneck analysis underlying
MDGD is, in this dissertation, primarily a diagnostic: it explains why visual capacity collapses but
stops short of prescribing architectures or curricula that guarantee it will not. A natural next step is
to make the lens constructive. Recent work treats the traceability and explainability of multimodal
models as an information-theoretic object in its own right (Huang et al., 2025d), and steers modal-
ity preference at inference time through functional-entropy signals (Huang et al., 2026b). Turning
these measurements into training-time objectives, supervising per-modality information flow di-
rectly, rather than diagnosing it after the fact, would close the loop between the analysis of Chap-
ter 3 and the design of the next generation of encoders. The multimodal preference-optimization
variants this program has begun to explore (Li et al., 2025¢; Huang et al., 2025¢) suggest that such
objectives interact productively with alignment as well.

Offline and pluralistic alignment beyond curated structure. OCEAN draws its reward
from a knowledge graph, which limits its reach to domains where curated structure already exists.
The broader question is how far offline alignment can travel as that structure becomes weaker or
more diverse. Pluralistic off-policy evaluation and alignment (Huang et al., 2025¢) extends the
offline-estimator idea to populations of heterogeneous preferences; active selection of preference
queries (Kveton et al., 2025) attacks the granularity problem from the data side; and diffusion- and
listwise-based preference objectives (Huang et al., 2026a) continue IRPO’s move from pairwise
bits toward richer feedback shapes. A unifying goal is an offline-alignment toolkit whose reward
can come from knowledge graphs, simulator rollouts, program-execution traces, or population-
level preference distributions interchangeably, each backed by estimator-level guarantees of the
kind proved for KG-IPS in Chapter 4.

Latent-state reasoning and inference-time compute. CTRLS shows that treating reason-
ing as a latent-state Markov decision process makes exploration and control explicit, and DeCoT

shows that causal structure can be imposed on a reasoning trace without retraining. The clearest
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extension is to connect this latent-state view to the rapidly growing literature on inference-time
compute. An empirical analysis of state-aware reasoning dynamics (Yu et al., 2025) indicates
that the latent transitions CTRLS optimizes are visible and manipulable in existing models; on-
line, inference-time action adaptation for agentic decision-making (Yu et al., 2026) and weakly-
supervised, rollout-efficient policy optimization (Mundada et al., 2026) suggest that the latent-MDP
formulation can be scaled to long-horizon, tool-using settings. A principled account of how much
latent-state search to spend per problem, an inference-time analogue of the scaling laws that gov-
ern next-token pretraining, remains open, and is in our view the single most promising direction to
come out of this thrust.

Toward agentic, multimodally-grounded systems. Finally, the three thrusts increasingly
need to operate together inside a single agent that perceives, aligns, and reasons in the loop. Ground-
ing multimodal reasoning in explicit structure, for example, aligning a model’s reasoning to the
scene graph of a complex visual input (Wang et al., 2026a), combines the representation and rea-
soning agendas, while agentic deployment exposes alignment to feedback that is sparse, delayed,
and interactive rather than offline (Xia et al., 2025b; Wang et al., 2025b, 2026b). Extending the
methods of this dissertation from vision-and-text to richer modalities (audio, structured documents,
and embodied perception) and from single-turn benchmarks to persistent, tool-using agents is the
longer-horizon program these contributions point toward. The recurring thesis, that the source of
the signal, the form of its supervision, and the structure of the search matter more than scale alone,

offers, we hope, a durable lens for that program.
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