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Abstract

Chain-of-thought (CoT) reasoning is critical for improving the interpretability
and reliability of Large Vision-Language Models (LVLMs). However, existing
training algorithms such as SFT, PPO, and GRPO may not generalize well across
unseen reasoning tasks and heavily rely on a biased reward model. To address
this challenge, we reformulate reasoning in LVLMs as posterior inference and
propose a scalable training algorithm based on amortized variational inference. By
leveraging diversity-seeking reinforcement learning algorithms, we introduce a
novel sparse reward function for token-level learning signals that encourage diverse,
high-likelihood latent CoT, overcoming deterministic sampling limitations and
avoiding reward hacking. Additionally, we implement a Bayesian inference-scaling
strategy that replaces costly Best-of-N and Beam Search with a marginal likelihood
to efficiently rank optimal rationales and answers. We empirically demonstrate
that the proposed method enhances the state-of-the-art LVLMs on seven reasoning
benchmarks, in terms of effectiveness, generalization, and interpretability. The
code is available at https://github.com/heliossun/LaCoT.

1 Introduction

Chain-of-thought (CoT) reasoning is critical for enhancing the interpretability and reliability of
Large Vision-Language Models (LVLMs) [[L1} 29} [7, 144} 15} [16]. These models combine visual
perception and natural language processing to perform intricate reasoning tasks that require explicit,
step-by-step rationalization. As LVLMs have expanded into more sophisticated applications, such as
visual question answering, commonsense reasoning, and complex task execution, the limitations of
current training methods, such as generalization, have become increasingly evident.

To enable visual CoT, mainstream training paradigms, such as Supervised Fine-Tuning (SFT),
Proximal Policy Optimization (PPO) [34], and Group Relative Policy Optimization (GRPO) [12],
primarily focus on optimizing next-token distributions or scalar rewards. While effective for in-
distribution tasks, these methods often struggle to generalize across diverse reasoning questions due
to their inability to explicitly capture dependencies across trajectories [14]. Specifically, SFT heavily
depends on teacher-forced log-likelihood, only to parrot reference traces; meanwhile, PPO and GRPO
are constrained in exploration as their KL penalties enforce proximity to the SFT baseline, making
them fall short in finding novel rationales. Additionally, they may cause a reward hacking [36]
issue that achieves high scores without genuinely solving the intended problem. To address these
limitations, this work adopts a latent variable model to realize visual CoT as a probabilistic inference
problem [[6] over latent variables, allowing us to work with rich, expressive probabilistic models that
better capture uncertainty and hidden structure, without needing direct supervision.
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Unlike using prompting and in-context learning to generate deterministic reasoning CoT (Z), we treat
Z as a latent variable sampled from a posterior P(Z|X,Y) = P(XZY)/>_, P(XZ'Y), given
a question-answer pair (X,Y") as observation. However, such sampling is intractable due to the
normalization term. Existing methods to sample approximately from an intractable posterior include
Markov chain Monte Carlo (MCMC) and RL approaches such as PPO [34]. Despite good training
efficiency, these methods show limited capacity in modeling the full diversity of the distribution [14]].
By contrast, Amortized Variational Inference (AVI) [53| [19, 22 23] yields token-level learning
through optimizing the Evidence Lower Bound (ELBO), which encourages diverse trajectories and
provides a principled way to draw samples from the target posterior distribution (see Fig.[I). One way
to implement AVI is given by the generative flow networks (GFlowNets [4, [5]) algorithm: training a
neural network to approximate a distribution of interest. Despite achieving strong performance in
broad text reasoning tasks, prior GFlowNets-based approaches [[14] have yet to fully address visual
reasoning due to the long CoT sequence inherent in multimodal tasks(e.g., ~ 1k tokens).

In this study, we propose a novel reasoning model, namely LaCoT, which enables amortized latent
CoT sampling in LVLMs and generalizes across various visual reasoning tasks. To achieve this, we
propose @ a general RL training algorithm (RGFN) with a novel reference-guided policy exploration
method to overcome the catastrophic forgetting issue and eliminate the diversity constraint caused by
the KL penalty. To improve exploration efficiency, we introduce @ a token-level reward approximation
method, allowing efficient mini-batch exploration for diverse sampling. Finally, we introduce &
a Bayesian inference-scaling strategy (BiN) for optimal rationale-solution searching at inference
time for any reasoning LVLM. Previous works have provided empirical evidence that Best-of-N
(BoN) sampling [37], Beam Search [41], and other heuristic-driven approaches [47] can improve
model’s performance at inference time. However, these methods are computationally costly and rely
heavily on biased critic models, failing to provide an optimal reasoning chain or answer efficiently.
Our inference procedure is grounded in Bayesian sampling principles to eliminate the critic model
and improve interpretability. We treat rationales as integration variables and rank answers by a
principled, length-normalized marginal likelihood. Consequently, our method delivers a scalable,
probabilistically justified searching strategy, effectively identifying optimal rationales and answers
within LVLMs.

Empirically, we develop the proposed LaCoT on two base models, Qwen2.5-VL [3] 3B and 7B,
where the 7B model achieves an improvement of 6.6% over its base model and outperforms GRPO
by 10.6%. The 3B model surpasses its base model with 13.9% and achieves better results than larger
models, e.g., LLaVA-CoT-11B and LLaVA-OV-7B, demonstrating the effectiveness of learning to
sample latent CoT on reasoning benchmarks.

2 Preliminaries

Generative Flow Networks (GFlowNets) [15} 201 |4} 154]] are a class of amortized variational inference
methods designed to sample complex, structured objects such as sequences and graphs with prob-
abilities proportional to a predefined, unnormalized reward function. Unlike traditional generative
models that often focus on maximizing likelihood or expected reward, GFlowNets objective, such
as Sub-Trajectory Balance (subTB) [27], is a hierarchical variational objective [28]]. Such that if
the model is capable of expressing any action distribution and the objective function is globally
minimized, then the flow consistency for trajectory 7 = (z; — - - - 2;) is

F(z) [ Prex | ze-1) = F(z) [ Polzr-1|z) (1

k=i+1 k=i+1

by minimizing a statistical divergence between the learned and and the target distributions over
trajectories Dk 1, (Pg||Pr), where F(z;) is the in flow at state z;, Pr(z;|z;—1) and Pp(z;—1]2;)
indicates the forward and backward policy that predicts the probability between states.

In the case of causal LLM, token sequences are autoregressively generated one-by-one from left to
right, so there is only one path to each state z;, and each state has only one parent z;_1. Given this
condition, Pg(—|—) = 1 for all states. By modeling Pr(—|—) with go(—|—), parameterized by 6,
the loss function aims to ensure consistency between the flow assigned to all trajectories from one
complete rationale (i.e., Z = (2122 -2, 1) = 21., ). Specifically, for trajectory truncated by a
paired index (i, 7) with 0 < i < j < n, the loss penalizes discrepancies between the flow at state z;,
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Figure 1: Comparison of different training algorithms for visual reasoning. PPO implicitly ap-
proximates the rationale distribution but tends to under-represent its full diversity due to limited
exploration constrained by its reference policy (e.g., the SFT model), and it heavily relies on a critic
(reward) model. In contrast, AVI explicitly estimates the true target posterior P(Z|X,Y") through
latent rationales, which promote diverse trajectories and inherently prevent reward hacking.

scaled by the product of transition probabilities from z;41 to z; and the flow at z;:
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where F'(z;) = R(z14) = % when z; is the the final state, R(z1.; T) is the reward of trajectory

ends at z;, where T represents the terminal state, which is usually an (eos) token in LLM.

3 Amortizing Variational Inference for Latent Visual CoT

By leveraging GFlowNets for AVI in LVLM, we formulate visual reasoning as a variational inference
problem, as shown in Fig.[I} That is, given a question-answer pair (X,Y") as an observation, the goal
is to find the latent visual CoT sequences Z that contribute the most to the conditional likelihood:

PY|X)= Y  P(ZY|X), 3)
Z~P(Z|X)Y)

where P(ZY|X) denotes the likelihood assigned to a concatenated sequence (e.g., ZY") given visual
instruction X, and Z is a latent CoT supposed to be sampled from a posterior distribution P(Z|X,Y").
To approximate such a posterior, we use GLowNets objective derived in Eq. (2) — an amortized
variational inference method - to train an autoregressive model go(Z|X). By minimizing Eq. (Z), the
policy model learns to generate trajectories where the probability of generating a particular trajectory
is proportional to its reward (i.e., unnormalized posterior probability), ensuring that higher-likelihood
rationales (as determined by R) are more likely.

However, @ Eq. (2) requires token-level reward, which is infeasible in complex reasoning chains with
thousands of tokens. @ Efficient and diverse exploration remains a challenging research problem
in reinforcement learning, especially when an environment contains large state spaces. Given these
research problems, we provide our solutions in the following sections.

3.1 Token-level Marginal Reward Approximation

The proposed amortized rationale sampler go(Z|X) shares the same generation process as in au-
toregressive LVLM: given a prefix condition X, and at the ¢-th step, a token z; is sampled from



a policy model gy(z;| X, z1.,—1), which is then appended to the sequence. Consistent sampling
autoregressively from the LVLM until a terminal state T is reached gives us one completion of
rationale Z = (2122 -z, T). As shown in Eq.(2), the objective function incorporates state-level
rewards, enabling the model to correctly attribute the contribution of each step to the final reward. By
setting the reward R(z1.: T) = log P(X 214 TY) & P(21.: T|X,Y’), we optimize the policy model
to sample all trajectories such as 7 = z1.; T from the target distribution at convergence.

By treating each token as a state, such a train-
ing algorithm provides clear guidance for the T T
policy on how early actions impact the final out- {23 Z142 +++ Zn-2 Zn
come, helping reduce variance and improving l

convergence [27]]. However, directly computing

the exact reward for all states is computationally | T R(zT) R@uaat) T T RZinsT) RzmT)' T
expensive during training, especially for a long

rationale sequence. A natural approximation is T : Terminal state /{ : Computed / approximated state reward
to assume local smoothness of reward within
small regions. To efficiently estimate interme-
diate rewards, we adopt a linear interpolation
strategy within segmented regions of length \
as shown in Fig.[2]

Linear Interpolation l l / Linear Interpolation l

Figure 2: Within a complete rationale sequence,
we compute the actual reward after each A steps
and adopt a linear interpolation strategy to estimate
the intermediate steps.

The following proposition summarizes our theoretical claim for improving the training efficiency
of Eq. (2). This approximation leverages the local smoothness of the log-likelihood, significantly
reducing computational overhead without substantial loss in accuracy. We empirically evaluate the
effectiveness of our claim in the experimental section.

Proposition 1. Let R(z1.:T) = log P(X21..Y) be a joint-likelihood reward function.

(a) If R(z1.—) and R(z1._4)) are true reward and the intermediate rewards within region of length
A are constantly increment, then we can approximate the reward at step t + i (where 0 < i < \) as
~ i

R(z1:444 1) = R(214T) + X

(b) If X is short enough, the interpolation reward error stays close to 0 and the flow between F'(z1._)
and F'(z1.— ) satisfies Eq. (I).

(R(Zl:t+>\T) - R(letT>) . (4)

Proof. See Appendix O

Substituting the estimated reward R in Eq. @) gives our modified interpolated sub-trajectory balance
(Lisubs) loss:

. . 2
R(z1: 1) [Thci1 90(2k | 21:6—-1)q0(T | 21,5
Coann(z:0) = 3 [log e b e L DT 20 )
0<i<j<n R(21:5T) qo(T | 21:4)

where R(z.;T) is defined pice-wise as:

R(z14T) if 4 is the index of actual reward,

(1) =

R(z1.4T) + i%t(R(zl;t+,\T) — R(214T)) ift <i<t+ \(estimated) .

By computing the sparse rewards and efficiently approximating the intermediate states’ rewards,
we can easily apply mini-batch exploration for diverse sampling to improve the generalizability of
qo(Z|X) by covering the full target posterior.

3.2 Reference-Guided GFlowNet Fine-tuning

Previous works [13} 26] suggest that exploration can let policy gradient methods collect unbiased
gradient samples, escape deceptive local optima, and produce policies that generalize better. However,
as shown in Fig.|3| allowing the model to explore without constraint causes the catastrophic forgetting
issue, where the model tends to generate meaningless content with high likelihood but low reward.
Existing methods, such as KL penalty [33] and clipped surrogate objective [34]], control the size



of the gradient update. If the resulting policy is too far from the previous policy, the KL penalty
constrains it to take an overly aggressive learning step. However, such a method limits the exploration
and increases the variance of trajectories [45]. To address this issue, we propose a simple but
effective solution by integrating a reference-based mechanism to guide the exploration process
towards generating higher-quality rationales.

During training, we first explore Lo Loss Log-likelihood Log-reward

m candidate latent rationales 1so 40

{Z1,Z5,...,Zy} from the current 12 1M =601
policy model gp(Z|X) and compare 1.0 59

them against a reference rationale o5 2 1
Zwt that anchors the search in o5 ] — o consran :iz
a data-grounded region. Before s 1604
gradient descent, each candidate e e
Z’i is associated Wlth a reward 0 50 SteplOO 150 0 50 SteplOU 150 0 50 SteplOO 150

R(Z;) = logP(XZ;Y), and the
ones that underperform the refer-
ence rationale are discarded before
they reach the gradient, preventing
collapse into a meaningless but
high-probability trajectory. To achieve candidate filtering, we define an indicator function:

Figure 3: Allowing the policy model to explore the state
space without constraint causes the catastrophic forgetting
issue. The proposed reference-guided exploration effectively
addresses this problem.

1, ifR(Z) > 0sR(Zeer)
1(Z:) = {0, otherwise ©

where 0s = Tmaz — (Tmaz — Tmin) * min(1, s/50) is the annealing coefficient, s is the index of the
current training step. By doing this, we tolerate more exploration at the beginning and gradually
increase its standard. The acceptance bar tightens only after 50 steps, allowing the model to explore
first and then exploit later. Furthermore, by filtering out low-reward trajectories, we back-prop only
through “better-than-reference” samples, which reduces gradient variance without hand-tuning the
gradient clip or KL penalty.

By incorporating the reference-based mechanism into Eq. (5)), our final objective function is denoted
as Reference-Guided GFlowNet fine-tuning (RGFN):

m

Lraen(Zi;0) =Y 1(Z;) - Liswts(Zi3 6) - )

i=1

3.3 Bayesian Inference over Latent Rationales Image query

Inference-scaling method such as Best-of-N (BoN) generates multiple %

candidate responses and select the best one based on a verifier are widely
used in reasoning LVLM [47, 46]. However, BoN has significant com-
putational overhead [18]], high dependency on reward model quality [2],
and scalability challenges [30]. To address these limitations, this work
introduces a probabilistic method, namely Bayesian inference over N la-
tent rationales (BiN). Our approach is inspired by recent advancements in
amortized variational inference for hierarchical models [1], where shared  Figure 4:  Inference
parameters represent local distributions, facilitating scalable inference.  pipeline of BiN.

Y, / Y

Given input X and a target answer Y, we can sample latent rationales Z from a posterior P(Z|X,Y")
that bridges X and Y, forming a joint sequence X ZY. The joint likelihood is denoted as P(X ZY),
and the marginal likelihood of Y given X is expressed as

PY|X)= > P@Y|X)= Y  PZ|X)-PY|XZ). ®)
Z~P(Z|X,Y) Z~P(ZIX,Y)

However, it is infeasible to sample all latent rationales from the P(Z|X,Y"). Therefore, we employ
the policy model go(Z|X) trained via Eq (7) to approximate the marginal likelihood. Fig.[d]shows
the complete inference pipeline where we perform the following steps: (i) Sample N latent rationales
{Z;}X¥| from the learned policy model: Z; ~ qo(Z|X). (ii) For each sampled rationale Z;, we
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Figure 5: Input sequence of training a reasoning LVLM. We use token to represent learnable parts.
Specifically, the fine-tuned reasoning LVLM heavily relies on annotated data during optimization,
and the object tokens followed by Assistant enforce reasoning for all instructions. We introduce a
new role token Analyzer, so the model can selectively provide reasoning steps.

sample the corresponding answer Y () from 7e(Y;| X Z;), where 7o is a reasoning LVLM. (iii)
Compute the joint likelihood for all pairs (Z,Y;): 7o (Z;Y;|X). (iv) Estimate the marginal likelihood
by normalizing over sequence length | Z;Y;| as

N
1 1
P(Yz‘\X)NNE |Z'Y'|7T<I>(Ziyz‘|X)~ €))
_]:1 1+

(v) Select the answer Y;+ with the highest estimated marginal likelihood: i* = arg max; P(Y;|X) as
the final output. This inference strategy aligns with Bayesian sampling principles by approximating
the marginal likelihood P(Y|X) through sampling over latent rationales. The use of amortized
variational inference for gyg(Z|X) enables efficient sampling without the need for computationally
intensive methods like Markov Chain Monte Carlo (MCMC). By selecting the answer with the highest
estimated marginal likelihood, we aim to improve the interoperability of answer selection.

4 Empirical results

4.1 Implementation

Reward model. This work utilizes a fine-tuned reasoning LVLM denoted as w4 parameterized by ®
as the reward model R. Efficiently, mg also acts as the starting point of the proposed rationale sampler.
The purpose of our reward model is to evaluate the quality of rationales sampled from the policy
model (rationale sampler). To make sure that the reward function returns a higher reward for better
rationale, we first optimize mg by maximizing the likelihood of high-quality, structured examples of
rationales (SFT), such as chain-of-thought (CoT) sequences. By learning from these examples, the
model gains an initial understanding of how to approach complex tasks methodically. For training
7, we consider two pre-trained LVLMs as the base models, including Qwen2.5-VL-3B& 7B [3]
and a mixture of visual reasoning datasets from LLaVA-CoT [47]] and R1-Onevision [48]. As shown
in Fig. 5] we formulate the instructional data with a new special token Analyzer. We fully fine-tune
T using the regular token prediction loss for one epoch.

Rationale sampler. To sample the latent rationale Z from the posterior defined in Eq.(3), we
parameterize the policy model as an autoregressive model ¢o(Z|X), initialized with 7. For training,
we optimize the model using LoRA with r = 64 and alpha = 128. We resample 3k visual reasoning
sample from the SFT data, where each consists of (image, query, CoT, and answer). To be noted,
we use the CoTs generated by teacher models, such as GPT-40 or Deepseek-R1, as our reference
rationale Z,. in Eq. (6). For the reward approximation defined in Eq. E], we set A = 8 for all the
experiments. Please refer to Appendix for the study of . More hyperparameter settings can be

found in Appendix

4.2 Multi-modal Reasoning

Task description. Multi-modal reasoning evaluates the visual understanding and reasoning ability
of LVLM as it requires step-by-step thinking and correct answer searching. This work proposes a
reasoning LVLM, i.e., LaCoT, which consists of a latent rationale sampler ¢p and an answering
model 7. Specifically, at test time, we randomly sample m latent rationales Z for an unseen X with



Table 1: Test accuracy (%) on visual reasoning benchmarks. t are results based on our reproduced
experiments. The best results are bold, and the second-best results are underlined. We choose the
reasoning models fine-tuned with SFT and GRPO (R1-Onevision) as baselines. All the base models
were prompted by a step-by-step reasoning instruction.

M MathVista MathVision MathVerse MMMU MMMU-pro MMVet MME
ethod . - .
mini full vision-only val vision test test

GPT-40 60.0 304 40.6 70.7 51.9 69.1 2329
Gemini-1.5-Pro 63.9 19.2 - 65.8 46.9 64.0 2111
Claude-3.5-Sonnet 67.7 - 46.3 68.3 51.5 66.0 1920
InternVL2-4B [[7] 58.6 16.5 32.0 47.9 - 55.7 2046
Qwen2.5-VL-3BT [3] 60.3 21.2 26.1 46.6 224 614 2134
LaCoT-Qwen-3B 63.2 20.7 40.0 48.8 28.9 69.6 2208
LLaVA-CoT-11B [47] 525 - 22.6 - - 64.9 -
LLaVA-OV-7B' [21] 63.2 11.1 26.2 48.8 24.1 57.5 1998
MiniCPM-V2.6 [49] 60.6 17.5 25.7 49.8 272 60.0 2348
InternVL2-8B [[7] 583 18.4 37.0 52.6 254 60.0 2210
Qwen2.5-VL-7Bf 3] 63.7 254 38.2 50.0 34.6 70.5 2333
R1-Onevision' [48] 64.1 23.9 37.8 479 28.2 71.1 1111
LaCoT-Qwen-7B 68.4 24.9 43.3 54.9 353 742 2372

temperature 7 from gg(Z|X), then the answer model samples m answers from 7¢ (Y| X Z). Finally,
we estimate the marginal likelihood of each answer P(Y|X) using the proposed BiN and return the
highest one as the final output, as shown in Eq. (9).

Benchmarks. This work utilizes three mathematical and one general domain reasoning benchmarks:
(i) MathVista [24]: a math benchmark designed to combine challenges from diverse mathematical
and visual tasks, requiring fine-grained visual understanding and compositional reasoning. (ii)
MathVision [42]: a meticulously curated collection of 3,040 high-quality mathematical problems
with visual contexts sourced from real math competitions. (iii) MathVerse [55]: an all-around
visual math benchmark designed for an equitable and in-depth evaluation of LVLMs. We report
the Vision-Only result on 788 questions, which reveals a significant challenge in rendering the
entire question within the diagram. (vi) MMMU [51]]: a benchmark designed to evaluate LVLM on
massive multi-discipline tasks demanding college-level subject knowledge and deliberate reasoning.
Furthermore, we conduct additional experiments on MMMU-pro [52], MM Vet [50]], and MME [9],
where MMMU-Pro is a more robust version of MMMU, designed to assess LVLMs’ understanding
and reasoning capabilities more rigorously.

Results. This work provides two LaCoT models (3B

- . x

and 7B). From the results summarized in Table [T} B -015 ® * 3B, T=07
<} 38,T=05

our models are the best open-source LVLM and nar- < 020 3B Sampling
row the gap to GPT-4o to less than 3 points while ¢ w/T=05
using only 7 billion parameters. The consistent im- ; _0.251
provements on MathVista and MMMU show that 2 78,T=0.7
LaCoT strengthens general multi-modal reasoning. § ~0-307 *
MathVerse-Vision-only improves the most, especially 5 _ 0.35 78, T=05
at 3B, where accuracy jumps 14 points and outper- S '
forms all 7B models. This advancement indicates that E ~0.40 78, Sampling  wiTa DT
LaCoT significantly boosts diagram comprehension & w/T=0.5 ® s
and OCR robustness. On the other hand, MathVision E —0.45 % LacoT
consists of real Olympiad diagrams, which are more —0.50

varied, and often handwritten or low-resolution, con-
ditions that push OCR and visual grounding beyond.

0.42 0.44 0.46 0.48 0.50 0.52 0.54 0.56

Rational diversity

Figure 6: Maximum log-likelihood and diver-
sity of the sampled rationale. LaCoT model
(x) samples higher log-likelihood rationale
while maintaining higher rationale diversity
than SFT (e) model.

Many problems split critical information between
text and picture (e.g., tiny angle labels or subtle curve
annotations), so a single misread propagates through
the longer, proof-style reasoning chains, leading to a
performance drop.



The LaCoT model can sample rationales with higher diversity than baseline models, increasing the
probability of sampling answers with higher likelihood. To validate this hypothesis, we sample
5 rationale candidates with random temperature (T) for each visual instruction. To measure the
semantic diversity of the samples, we compute the average inter-sentence similarity between the
candidate and the reference set. As shown in Fig.[6] rationales generated by LaCoT-Qwen-3B with
T = 0.7 have the highest log-likelihood and diversity. Qualitative results can be seen in Fig. [§|and
the supplementary.

4.3 Inference-time Scaling

We compare BiN (ours) with Best-of-N (BoN) - Typje 2: Comparison between two inference-time

using LaCoT-Qwen as the shared policy scaling methods using LaCoT-Qwen (3B/7B).
model. At inference, we sample N ratio-

nale—answer pairs, compute a length-normalized ~_Method MathVerse MathVista MMMU MM Vet
log-likelihood of each answer as the reward, and ~ 3B W/ BoN 21.2 57.1 447 671
for BoN select the answer with the highest re- 3B w/BiN (ours) _ 40.0 63.2 88 696
ward. To ensure fairness, no external reward ;g g; g?g (ours) gg‘; gg'i ;“7"3 ;1‘%
model is used. We evaluate N € {5,10} for . - - :
both methods and report the best score per method. As shown in Table[2] BiN consistently outper-
forms BoN on visual reasoning benchmarks.

4.4 Ablation Studies

Effectiveness of RGFN. As baselines, we consider zero-shot prompting w/o reasoning, supervised
fine-tuning on the visual reasoning dataset, and GRPO [35]] fine-tuning.

From the results summarized in Table [3| the base Tupje 3: Test accuracy (%) on reasoning
model performs well without chain-of-thought rea- popnchmarks using Qwen?2.5-VL-7B model.
soning. While supervised fine-tuning on reasoning

data slightly improves performance on two bench-  Method MathVista MathVerse MMMU
marks, it still struggles to generalize to challenging

visual reasoning tasks. Fine-tuning with GRPO yields Zeroshot 637 38.2 0.0
poor performance, partly due to inadequate guidance ~ SFT 62.7 38.7 50.6
of the external reward model, i.e., it cannot distin- GRPO 62.6 36.8 47.9
guish good rationales from bad ones, and limited = RGFN 68.4 43.3 54.9

exploration due to the KL penalty. Such misleading
optimization due to misaligned reward is a widely noted issue in RL-based algorithms [57] for LVLM.
On the other hand, by matching the target distribution, RGFN avoids collapsing to a single mode
of the reward, and the reference-guided exploration covers diverse trajectories, leading to better
performance on complex examples.

Study of BiN. To evaluate the scalabil- MathVerse-VO MMMU

ity, we apply the proposed inference- ] 29 ] 787 758
scaling method by varying the number _ 40 56
of candidates N and temperature 7'us- & 35 1 . '
ing LaCoT-Qwen-3B on the reasoning & MA D
benchmarks. As illustrated in Fig.[7, £ % 46 1

test accuracy consistently increases 3 34 4544

with higher N, and higher 7. This < 44 - —>—= T=0.7
indicates that increasing N systemat- 2E : -1 43 M43 ~ 7 Greedy |
ically improves test-time accuracy be- 1 5 10 1 5 10
cause it (i) reduces the Monte-Carlo #Rational Candidates #Rational Candidates

variance of the marginal-likelihood
estimator—standard error scales as
O(1/v/N)—thereby stabilizing an-
swer rankings; (ii) offers broader pos-
terior coverage, mitigating mode-dropping bias inherent in the amortized sampling go(Z|X); (iii)
smooths fluctuations introduced by length-normalization, yielding more reliable re-weighting; and (iv)
enlarges the candidate answer set, elevating the chance that the correct output is observed. Together,
these effects drive an exponential decay in the probability of selecting an incorrect answer.

Figure 7: Test accuracy on reasoning benchmarks using
LaCoT-Qwen-3B. We evaluate the impact of #rationale can-
didates (/V) and random temperature (T).



Furthermore, higher IV can effectively address the hallucination issue in visual reasoning. As shown
in Fig. [/} when the sampled rational size N = 1, BiN may produce incorrect or misleading reasoning
steps and lead to lower answer accuracy on the MMMU dataset. However, increasing N from 1 to 5
significantly mitigates hallucination and improves answer accuracy. We provide qualitative results in

Appendix [B.1]

To evaluate the generalizability of BiN, we evaluate
the performance of Qwen2.5-VL 3B & 7B (SFT) with
the proposed inference-scaling method. We set N =
5and T = 0.7, which gives the most performance =~ Method  MathVista MathVerse MMMU
boost with a relatively shorter inference time. As 7B (SFT) 62.7 38.7 50.6
shown in Table E], BiN consistently improves the + BiN 64.4 38.9 51.6
model. performancg on all benchma.rks, indicating 'the 3B (SFT) 587 133 131
effectiveness of BiN as a general inference-scaling + BIiN 594 352 45.0
method for reasoning LVLMs. : : ’

Table 4: Test accuracy of Qwen2.5-VL super-
vised fine-tuning on reasoning data.

5 Related Work

Learning-based Multimodal CoT (MCoT) methods have emerged as a powerful paradigm for
enhancing the reasoning capabilities of LVLMs [40, 39]. Unlike prompt-based or plan-based ap-
proaches, learning-based MCoT explicitly embeds the entire reasoning trajectory into the models
through supervised learning on rationale-augmented datasets. Early studies such as Multimodal-CoT
[56] pioneered this direction by fine-tuning LVLMs to generate visual CoT, facilitating a structured
reasoning process aligned with human cognitive patterns. From that, methods like MC-CoT [46]
further refined this approach by incorporating multimodal consistency constraints and majority voting
mechanisms during training. In addition, methods such as PCoT [43]] and G-CoT [25]] demonstrated
that explicitly training LVLMs with structured rationales improves the interpretability and general-
izability. These advancements underscore the effectiveness and necessity of embedding structured,
rationale-driven reasoning capabilities directly into multimodal models.

Reinforcement Learning-based Language Models have demonstrated significant effectiveness
in advancing the reasoning capabilities of LLMs. DeepSeek-R1 [12] exemplifies this by activating
long-chain-of-thought (long-CoT) reasoning solely through reinforcement learning (RL), achieving
improvements over models such as GPT-ol [17] in specific aspects when combined with supervised
fine-tuning (SFT) cold starts and iterative self-improvement. This success has spurred further
interest in RL-driven models, including Open-R1 [8] and TinyZero [31]]. To enhance reasoning,
generalization, and ensure training stability, several RL algorithms have been developed, such as PPO
[34], GRPO [12], and simplified methods like RLHF [58]], DPO [32], and SPO [38]]. Nevertheless,
these approaches are heavily dependent on high-quality human-annotated data (e.g., human preference
labels and scalar rewards) and typically produce policies with limited diversity. To address these
limitations, this work proposes an RL algorithm specifically designed to train LVLMs using amortized
variational inference, which is capable of generating diverse outputs and supporting probabilistic
inference-time scaling.

Inference-time Scaling methods aim to enhance reasoning performance during inference by lever-
aging high-quality prompts and effective sampling strategies. Plan-based approaches, exemplified
by MM-ToT [10] and LLaVA-CoT [47], utilize search strategies such as DFS and BFS, including
Best-of-N search, sentence-level beam search, and stage-level beam search, to identify optimal rea-
soning trajectories. These methods typically assess candidate trajectories using scalar metrics ranging
from 0.1 to 1.0. However, such explicit evaluation is computationally expensive, as each candidate
requires an additional forward pass through a dedicated reward model. To mitigate this computational
overhead, our work introduces a learning-based algorithm designed to align the marginal likelihood of
generating a rationale directly with its reward. This approach enables efficient probabilistic sampling
without explicit reward computations during inference.

6 Conclusion

In a real-world scenario, solving a fixed visual query with different reasoning chains that lead to
the correct answer requires a nuanced understanding of image, context, logic, and flexibility in



' £ o) Q‘g Question: How many baseballs are there?
O@: . 0’& ! 0’0 : The image shows four blue buckets, each containing five baseballs.
Therefore, the total number of baseballs is calculated by multiplying the number of
Q‘ \ buckets by the number of baseballs per bucket.
| Q’: ‘ 4 buckets x 5 baseballs/bucket = 20 baseballs. GRPO

Final output: There are 20 baseballs.

: The image shows four blue buckets, each containing five baseballs. To determine the total number of
baseballs, we can directly count the baseballs in each bucket. As seen in the image, each bucket has five baseballs.
Since there are four buckets and each contains five baseballs, we can calculate the total by multiplying the number of
buckets by the number of baseballs per bucket:

4 buckets x 5 baseballs per bucket = 20 baseballs.

There is no need to consider any additional factors or hidden details since the image clearly shows the contents of
each bucket. Higher diversity
Final output: 20

LaCoT

Figure 8: Qualitative results of visual reasoning. LaCoT can sample a more diverse and comprehen-
sive reasoning chain than the GRPO model.

thought. While querying this knowledge in LVLM involves sampling from intractable posterior
distributions. To address this challenge, we propose a novel training algorithm based on amortized
variational inference for latent visual chains-of-thought (CoT). Our approach incorporates token-level
reward approximation and RGFN, enabling effective and efficient optimization of a policy model
to generate diverse and plausible reasoning trajectories, outperforming both supervised fine-tuning
and reward-maximization baselines. In addition, we introduce a new inference-time scaling strategy,
BiN, which mitigates reward hacking and enhances interpretability with statistically robust selection
criteria. Building upon these components, we present LaCoT that leverages a rationale sampler for
general-purpose visual reasoning, and an answer generator that is enhanced by high-quality reasoning
chains. Given this system, future work should investigate the possibility of applying it for knowledge
distillation and synthetic data generation.

Limitations. Due to resource constraints, we apply the proposed methods to models up to 7B
parameters, but we expect the conclusions to hold for larger models. In fact, our training and
inference method can be applied to any autoregressive model, including LLM and LVLM, with
various model sizes. As with any on-policy method, exploration in tasks with complex latent remains
an open challenge since multiple factors can affect the exploration time, such as sequence length and
technical challenges like memory cost. Despite the improved inference performance, this work does
not address issues such as hallucination, which are closely related to internal knowledge.
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A Proof of Proposition 1

Proof. (a) Assume that within the segment {¢,¢ + 1,...,¢ + A} the true reward grows linearly, i.e.

R(zlzt+,\T) — R(zlth)

)\ b
Substituting this expression into Eq. ) shows R(zl;tHT) = R(z1.t44 1) for every i, so the interpo-
lation incurs zero error.

R(Zl:t-',-i—r) = R(letT) + iA, A= 0<i<.

(b) Suppose R is twice—differentiable along the trajectory and its discrete second derivative is
bounded:
‘R(2’1:5+1T) —2R(z1:5T) + R(les—lT)| < M, Vs.
The classical linear—interpolation error bound then yields
MN?

- M
|R(z144:T) = R(z1a44 T)| < 5 iA-i) < ==  0<i<A (10)

Thus the approximation error decays as O(A?); choosing \ sufficiently small keeps it arbitrarily close
to 0.

Let

R(ZLST) ~ 5 — R(ZLST)
WMl L) = L oy

From Eq. (T0) we have |e4| < MT)‘Z, SO

F(zy) = F(zs)(l + 57)

F(zs) = €s = R(zlzs"l') — R(z1.5T).

R(ZLST)
Denote Rpyin := ming<;yy R(z1.5T) > 0 (positivity follows from likelihoods). Then
2
|55/R(z1;sT)| < szim‘

Consider any ¢ < j <t + \. Applying Eq. (I)) to both F" and F, we obtain

Fzi) T Prenlze1) = Fz) [T Poleror |20 (14 003),

k=i+1 k=i+1
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Which cube is identical to : Okay, so I'm trying to figure out which cube is identical to the unfolded net
the unfolded net? based on the given image. Let me break this down step by step.

The top row has ... Looking at the cubes mentioned:

Cube A: Blue, green, yellow sides. Cube E: Purple, yellow, green sides.

The image shows that the top row (boxes 1-4) has purple and cyan boxes, ... Cube A
represents the top-left box (1),... Cube D would represent the middle-bottom box (4), and
Cube E would represent the bottom-right box (5).... ¥ Wrong reasoning.

Final output: E 3 Wrong answer. SFT

: Okay, so I'm trying to figure out which cube is identical to the unfolded net
based on the image itself. Let me break it down step by step. ... The hint says that the
- correct answer is C, but let's verify this directly from the image.

(E) Looking at Cube C, we can see that it has the numbers \"2\" and \"5\" on its visible faces.
This matches the arrangement of the numbers in the grid where \"2\" and \"5\" ... Let's
? check the other cubes: Cube A has \"2\" and \"3\". Cube B has \"4\" and \"1\". ... Cube C
must be the correct choice. X Wrong reasoning.
Final output: C ¥ Wrong answer. GRPO

(A)
P| e
o ®
S
: Okay, so I'm trying to figure out which cube is identical to the unfolded net based on the image itself. Let
me start by understanding the problem.
First, the image shows an unfolded net of a die, which means it's a ...
Looking at the image:
Cube A has faces showing 2, 5, and 3.\n- Cube B has faces showing 4, 1, and 3.\n- Cube C has faces showing 2, 5,
and 9.\n- Cube D has faces showing 2, 3, and 5.\n- Cube E has faces showing 2, 5, and 9.
The net in the image has the following arrangement:
Face 1 is in the top center.\n- Face 2 is in the top left corner.\n- Face 3 is in the top right corner.\n- Face 4 is in the
bottom left corner.\n- Face 5 is in the bottom center.\n- Face 6 is in the bottom right corner. ...
Now, let's check each cube against the net:
Cube A: Face 2, 5, and 3. ... Cube D: Face 2, 3, and 5. If face 2 is in the top left, then face 3 would be in the top right,

and face 5 would be in the top center. This fits the net's arrangement where face 5 is at the top center...
Final output: D ¢/ LaCoT

R o

Figure F9: Qualitative results of visual reasoning. We highlight the important reasoning steps.

where the O(A?) term accumulates at most (j — 4) relative perturbations bounded by M A2 /(8 Rynin ).
Hence, the forward and backward product flows still match up to a multiplicative factor that vanishes
quadratically as A — 0. Therefore, the interpolated rewards preserve flow consistency to arbitrary
precision for sufficiently small segment lengths. O

B Experiments

B.1 Qualitative results

In Fig. [F9] we provide qualitative results of a comparison between Qwen2.5-VL-7B (SFT), Qwen2.5-
VL-7B (GRPO), and LaCoT-Qwen-7B. As can be seen, LaCoT-Qwen-7B can provide a more accurate
reasoning chain, leading to the correct answer. Meanwhile, due to limited generalizability, SFT and
GRPO samples show the wrong visual CoT. In Fig.[F10|and Fig. [FTI] our LaCoT model can sample
more straightforward and accurate reasoning chains, demonstrating the effectiveness and robustness
of the proposed training and inference algorithm.

B.2 Study of interpolation reward

In Table we study the impact of the interpolation reward with different skipped steps (i.e., \)
in the reward approximation process of the policy optimization. As mentioned in Proposition[l} a
smaller A theoretically leads to more fine-grained reward supervision but longer training time.

B.3 Efficiency analysis

Give superior performance gain by sampling multiple rationales at inference time, but this process
introduces additional inference cost, and we address this by using mini-batching (with batch size
k=5) to generate N rationales in N/k forward passes. In Table we report the average per-sample
inference time (reasoning + answering) and corresponding performance of different reasoning-LVLM
on MathVista and MathVerse. As can be seen, LaCoT-Qwen-7B consistently achieves stronger
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: Okay, so | need to figure out how many objects are left after subtracting
all green rubber cubes and red matte blocks from this image. Let me start by
understanding what each term means.

First, "green rubber cubes." The image shows three cubes: one blue with a reflective
surface, one cyan with a glossy finish, and one yellow with a shiny appearance. There
is no green cube in the image. Therefore, no green rubber cubes exist to remove.
Next, "red matte blocks." The image shows two small red objects, both of which appear
Question: Subtract tobe cubes based on their shape. They do not look matte; they have a glossy finish.

all green rubber Therefore, there are no red matte blocks to subtract either. & Wirong reasoning.
cubes. Subtract all  Civen that neither green rubber cubes nor red matte blocks are present in the image,
we can conclude that no objects need to be removed from the total count.

Looking at the initial setup described: there\'s a large blue sphere with a reflective
surface, a smaller red cylinder, a medium-sized red matte cube, a blue-tinted metallic
cube, a small yellow cylinder, another small yellow cylinder, and a small purple sphere.
Let\'s count them:

1. Blue sphere (reflective)\n2. Red cylinder (cylinder)\n3. Red matte cube (cube)\n4.
Blue-tinted metallic cube (cube)\n5. Yellow cylinder (cylinder)\n6. Another yellow
cylinder (cylinder)\n7. Purple sphere (sphere)

That makes seven objects in total. Since neither green rubber cubes nor red matte
blocks were present in the image, all seven objects remain.

Therefore, the answer should be 7.

Final output: 7. ¥ Wrong answer. SFT

red matte blocks.
How many objects
are left?

: The image contains several objects: a blue sphere, two red cylinders, a red cube, a teal cube, a
yellow cylinder, a purple sphere, and another yellow cylinder.
First, | need to identify and remove any green rubber cubes. As seen in the image, there are no green
rubber cubes present.
Next, | will look for any red matte blocks. The image shows a red cube, which appears to be matte. | will
subtract this red cube from the total count. 4/
Now, let's count the remaining objects:\n- Blue sphere\n- Two red cylinders\n- Red cube (removed)\n- Teal
cube\n- Yellow cylinder\n- Purple sphere\n- Another yellow cylinder
After removing the red cube, the remaining objects are:\n1. Blue sphere\n2. Two red cylinders\n3. Teal cube\n4.
Yellow cylinder\n5. Purple sphere\n6. Another yellow cylinder
This totals to six objects.
Therefore, after removing the red block, six objects remain V
Final output: 6 & LaCoT

Figure F10: Qualitative results of visual reasoning. We highlight the important reasoning steps.

Table TS: Study the impact of the interpolation reward with different skipping steps (i.e., A) to the
policy model.

A | MathVista MathVision MathVerse MMMU Overall
Method

mini full vision-only  val Avg.
Qwen2.5-VL-7B - | 63.7 254 38.2 50.0 443
LaCoT-Qwen-7B 32 64.9 23.0 425 51.9 45.6
LaCoT-Qwen-7B 8 68.4 24.9 39.7 54.9 47.0

performance, even with modest increases in inference time. Compared to other multi-rationale
baselines, LaCoT strikes a favorable balance between computational cost and reasoning reliability,
thereby improving both the trustworthiness of rationales and the accuracy of final answers.

B.4 Experiments compute resources

This work utilizes an 8*80GB GPU-node for training. We set the Deepspeed Zero-3 stage and
gradient-checkpointing to reduce memory costs during optimization. It takes around 30 hours
for supervised fine-tuning on 250k reasoning data samples, and 120 hours for GRPO and RGFN
fine-tuning on 3k data samples.
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Question: What is the average of longest light blue
bar and shortest gray bar?

: Okay, so | need to figure out the average of the longest light blue bar and the shortest gray bar from
the given image. Let me start by understanding what each part means.
First, the image shows a bar chart comparing solved and unsolved homicides over three years: 2012, 2013, and
2014. The bars are color-coded—Ilight blue for 2012, dark blue for 2013, and gray for 2014.
Looking at the data provided in the Python code, there\'s a list called ~homicide_data™ which includes two
arrays: "solved™ and “unsolved". The "solved" array has values [415, 406, 385] corresponding to the years
2012, 2013, and 2014 respectively. As seen in the image, the light blue bars represent 2012, the dark blue bars
represent 2013, and the gray bars represent 2014. So, the light blue bar is for 2012 with a value of 415.
Next, the “unsolved" array has values [128, 106, 131]. The first value (128) is for 2012, the second (106) is for
2013, and the third (131) is for 2014. However, since the question mentions solving or unsolving homicides, it
seems we\'re focusing on the solved ones here because the user referred to "longest light blue bar." But wait,
the light blue bar is actually the solved homicides for 2012, which is 415. v
Now, the gray bar is for 2014, which is the shortest among all the gray bars. As seen in the image, the gray bars
represent 2014, and the shortest one is 385, but the note says it\'s 385? Wait, no—the note mentions that 385
is for 2014, but looking back, the " unsolved" array has 385 as its last value, which corresponds to 2014. So
perhaps the gray bar is indeed the shortest unsolved homicides, which would be 385. But let me check again.
Wait, maybe I\'m mixing up something. Let me clarify. The solved homicides are shown in light blue, and their
values are [415, 406, 385]. The unsolved homicides are shown in gray, with values [128, 106, 131]. So for 2014,
both solved and unsolved have numbers, but the gray bar specifically refers to unsolved homicides, which is
lower than the solved ones. So the shortest gray bar is 106 (for 2013).
But hold on, the user mentioned the longest light blue bar and the shortest gray bar. So the light blue bar is 415,
which is the longest. The gray bar varies between 131, 385, and 106. The smallest number here is 106, which is
in 2013. So the shortest gray bar is 106. ¥ Wrong reasoning.
So now, averaging these two: 415 and 106. To find the average, | add them together and divide by 2. That gives
(415 + 106)/2 =521/2 = 260.5. Since the user asked for an integer, | should round this. 260.5 rounds to 261. So
the average is 261.

:261. X Wirong answer. SFT

: Okay, so | need to figure out the average of the longest light blue bar and the shortest gray bar in the

given image.
First, let\'s look at the image itself. The image shows a bar chart with two main categories: "Solved homicides"
and "Unsolved homicides." Each category has three bars representing the years 2012, 2013, and 2014. The
colors used are light blue for 2012, dark blue for 2013, and gray for 2014.
Now, focusing on the light blue bars, which represent the year 2012. The values for solved homicides are 415,
and for unsolved homicides, it\'s 128. So, the light blue bars show 415 for solved and 128 for unsolved.
Next, looking at the gray bars, which represent the year 2014. The values here are 385 for solved homicides and
131 for unsolved. So, the gray bars show 385 and 131.
The question asks for the average of the longest light blue bar and the shortest gray bar. The longest light blue
bar would be the one with the highest value, which is 415 for solved homicides. The shortest gray bar
would be the one with the lowest value, which is 131 for unsolved homicides. V
So, we have the numbers 415 (longest light blue) and 131 (shortest gray). To find the average, we add these two
together and divide by 2.
Calculating that: \\(415 + 131 = 546\\), then \\(546 / 2 = 273\\). v
Therefore, the average should be 273. LaCoT

1273

Figure F11: Qualitative results of visual reasoning. We highlight the important reasoning steps.

B.5 Hyperparameter

We detail the hyperparameters used for training the reward model and LaCoT in our experiments
in Table During LaCoT training, we randomly sample (mini-batch size) Zs for every (X, Y') as
exploration.
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Table T6: Inference time study of reasoning model with multiple rational sampling.

#Rationals (N) 1 5 10  MathVista MathVerse
LLaVA-CoT-11B - 340s  830s 52.5 22.6
R1-OneVision-7B  32s - - 64.1 37.8
LaCoT-Qwen-7B - 30s 65s 68.4 39.7

Table T7: Hyperparameters for training.

LoRA dropout 0.05
Batch size (SFT) 2

Batch size (RGFN) 1
Gradient accumulation (SFT) 16
Learning rate 0.00001
Optimizer AdamW
Weight decay 0.05
Temperature max 1.0
Temperature min 0.5
Reward temperature start 1.0
Reward temperature end 0.7
Reward temperature horizon 50
exploration number 6

A 8

Tmax L5
Tmin 1.0
Maximum rationale length 700
Minimum rationale length 64

NeurIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: The empirical results and theory analysis support our claims in the abstract
and introduction.

Guidelines:

e The answer NA means that the abstract and introduction do not include the claims
made in the paper.

 The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirationale goals as motivation as long as it is clear that these
goals are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: We provide limitation discussion in section 4.2 (Results) and conclsion.
Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.
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 The authors are encouraged to create a separate "Limitations" section in their paper.

The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

* If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [Yes]

Justification: This paper has one Proposition, and we provide the complete proof in the
supplementary.

Guidelines:

* The answer NA means that the paper does not include theoretical results.

* All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

* Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

* Theorems and Lemmas that the proof relies upon should be properly referenced.
4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: We have provided details for reproducing the results in section Experimental
Results.

Guidelines:

* The answer NA means that the paper does not include experiments.

» If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.
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* If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.
Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the

nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]

Justification: We provide the instructions of training data in Section 4.1. We will release our
training code later.

Guidelines:

* The answer NA means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

¢ The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.
 The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they

should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized

versions (if applicable).

Providing as much information as possible in supplemental material (appended to the

paper) is recommended, but including URLSs to data and code is permitted.

6. Experimental setting/details
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Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justification: We provide the instructions of training data, hyperparameters, model architec-
ture in Section 4.1 and supplementary.

Guidelines:

* The answer NA means that the paper does not include experiments.

» The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

¢ The full details can be provided either with the code, in appendix, or as supplemental
material.
7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer:

Justification: We have reported the results of different random temperature. However, we
did not report error bars since it will be too computationally expensive.

Guidelines:

* The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

It should be clear whether the error bar is the standard deviation or the standard error

of the mean.

* It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

* For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

* If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

8. Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]
Justification: We provide detailed information in supplementary.
Guidelines:

» The answer NA means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

21



9.

10.

11.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]
Justification: We follow Code of Ethics precisely.
Guidelines:

* The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]
Justification: We provide the discussion of potential impact in Conclusion.
Guidelines:

* The answer NA means that there is no societal impact of the work performed.

o If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

* The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

 The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

« If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]
Justification: We use open-source data and model in this work.
Guidelines:

* The answer NA means that the paper poses no such risks.
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* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

* Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [NA]
Justification:
Guidelines:

» The answer NA means that the paper does not use existing assets.
 The authors should cite the original paper that produced the code package or dataset.

* The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

¢ For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

* If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

« If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.
New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [NA]
Justification:
Guidelines:

» The answer NA means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]

Justification:
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Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]
Justification:
Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.
Declaration of LLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.

Answer: [NA]
Justification:
Guidelines:

* The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

* Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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