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Abstract

Chain of thought reasoning has demonstrated remarkable success in large language
models, yet its adaptation to vision-language reasoning remains an open challenge
with unclear best practices. Existing attempts typically employ reasoning chains
at a coarse-grained level, which struggles to perform fine-grained structured rea-
soning and, more importantly, are difficult to evaluate the reward and quality of
intermediate reasoning. In this work, we delve into chain of step reasoning for
vision-language models, enabling assessing reasoning step quality accurately and
leading to effective reinforcement learning and inference-time scaling with fine-
grained rewards. We present a simple, effective, and fully transparent framework,
including the step-level reasoning data, process reward model (PRM), and rein-
forcement learning training. With the proposed approaches, our models set strong
baselines with consistent improvements on challenging vision-language bench-
marks. More importantly, we conduct a thorough empirical analysis and ablation
study, unveiling the impact of each component and several intriguing properties
of inference-time scaling. We believe this paper serves as a baseline for vision-
language models and offers insights into more complex multimodal reasoning. Our
dataset, PRM, and code at https://github.com/baaivision/CoS.

1 Introduction

The complex reasoning capabilities of large language models (LLMs) have recently garnered
widespread attention [57, 8, 47, 68, 1]. By generating a detailed chain of thought (CoT) process before
producing the final answer, LLMs enable effective test-time scaling and significantly enhancing the
reasoning and logical capabilities. The integration of CoT reasoning with large-scale reinforcement
learning [43] has further led to revolutionary advancements, exemplified by groundbreaking models
such as OpenAI-o1 [17] and DeepSeek-R1 [12]. Inspired by the success of NLP, many studies focus
on exploring complex reasoning methods in vision-language models (VLMs), achieving various
advances [66, 58, 10, 55, 34, 38, 29]. Compared to LLMs, the presence of visual information in
VLMs introduces greater complexity and plays a more critical role, emphasizing the necessity of
leveraging visual cues for precise step-by-step reasoning and problem-solving.

Despite the advances, enabling VLMs to perform human-level reasoning remains a key challenge [61].
A fundamental difference is that humans typically engage in systematic and structured thinking [48],
whereas the CoT outputs of current VLMs are constrained to coarse-grained reasoning, making it
difficult to execute systematic and structured inference [58]. Specifically, current VLMs typically
output a lengthy thought without a unified structure or clear step-by-step progression. This form
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of reasoning tends to become disorganized or verbose and, more importantly, makes it difficult to
evaluate the quality of reasoning. As a result, selecting high-quality reasoning trajectories for efficient
training (e.g., reinforcement learning) or inference becomes challenging. It is natural to ask whether
step-by-step fine-grained reasoning can facilitate better training or inference. However, answering
this is non-trivial, as it involves two major challenges: i) defining step, i.e., how to decompose the
overall reasoning chain into logically coherent and progressive steps; ii) evaluating step, i.e., how to
provide fine-grained reward signals for step-wise reasoning to facilitate training and inference.

To address these challenges and answer the above question, we propose Chain-of-Step reasoning
and introduce corresponding supervised fine-tuning (SFT) and reinforcement learning strategies
to enhance VLMs’ reasoning capabilities. We start by defining step: the entire reasoning chain is
decomposed into consecutive steps, with each step consisting of three components: Name, Thought,
and Reflection, separated by special tags. The Name component provides a concise summary of the
step, the Thought component contains detailed reasoning specific to that step, and the Reflection
component establishes connections between the current reasoning step, the visual information, and
previous steps. Our design boasts three essential advantages: i) structuring reasoning into discrete
steps to ensure clarity; ii) maintaining a concise and well-organized structure; iii) incorporating visual
content along with reflective reasoning. We use GPT-4o [16] to construct ShareGPT-Step-300K, a
dataset of 300K structured step-wise reasoning samples following the designed template. Our dataset
encompasses a diverse range of tasks, utilizing 17 datasets that demand various reasoning skills, such
as scientific reasoning [18, 31], mathematical reasoning [51, 64] and world knowledge [41].

Through SFT on ShareGPT-Step-300K, VLMs can output step-by-step reasoning chains. However,
reinforcement learning is more crucial for enhancing the model’s reasoning capabilities [66], and
providing accurate rewards is of vital importance [34]. Therefore, we delve into the precise evaluation
of reasoning steps. We collect process-annotated data using two mainstream methods: Monte Carlo
estimation and LLM-as-Judge [67]. Specifically, we employ Math-Shepherd [52] and GPT-4o [16]
to annotate the step-wise reasoning trajectories, which we then use to train a process reward model
(PRM). Based on PRM, we can assess the quality of intermediate reasoning steps with high accuracy,
thereby providing fine-grained rewards.

Building upon the above framework, we can effectively choose reasoning paths to conduct iter-
ative Direct Preference Optimization (DPO) [7] and inference-time scaling. Experiments across
multiple benchmarks demonstrate that our approach significantly enhances reasoning capabilities,
outperforming strong baselines with consistent improvements. Our empirical analysis and ablations
indicate that incorporating step-level evaluation is more reasonable and effective than relying solely
on answer-level evaluation. Interestingly, we find that longer reasoning is not necessarily better
for VLMs, and reasoning steps’ quality is much more important than reasoning length. Different
from prior arts, our work highlights the importance of introducing fine-grained reasoning chains in
complex multimodal reasoning and leveraging fine-grained reward-based reinforcement learning to
enhance VLMs. We hope our findings provide new insights for the community.

2 Related Work

VLM Reasoning. As the application of VLMs in complex tasks such as mathematics [30, 51] and
science [61, 18, 31] grows, the ability to reason through complex problems becomes increasingly
important. For instance, in solving mathematical diagram problems, Mavis [65] constructs a corre-
sponding chain-of-thought (COT) [57] reasoning dataset and optimized the model through instruction
fine-tuning [40]. Visual-CoT [42] focuses on enhancing the model’s ability to correspond visual
questions with key areas using CoT reasoning. Insight-V [10] designs a multi-agent system consisting
of a reasoning agent dedicated to performing long-chain reasoning and a summary agent trained to
judge and summarize reasoning results. The success of CoT in improving VLMs’ complex visual
reasoning reveals the importance of enabling the model to analyze intermediate reasoning steps in
detail [66]. Unlike most existing methods [21, 42, 9] that use reasoning chains at a coarse-grained
level, our work introduces a fine-grained structured reasoning approach, offering greater potential for
enhancing the reasoning capabilities of VLMs.

Inference-Time Scaling. Inference time scaling [45] refers to the process wherein a model utilizes
additional reasoning time to solve problems more effectively. This System-2 style thinking ability
[39] is recognized as an effective way to enhance the complex reasoning capabilities of LLMs and
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has recently garnered significant attention [69, 12]. Traditional inference time scaling methods
include majority voting [14], best-N search [56], and sentence-level beam search [49]. Despite their
widespread application, majority voting is typically only for problems with standard answers, whereas
best-N search and sentence-level beam search present challenges in terms of accuracy assessment
and the quality of individual responses [58]. Recently, OpenAI has developed verifiers to supervise
and select reasoning paths during the inference process [25], while Math-Shepherd [52] evaluates
intermediate reasoning steps based on their likelihood of leading to correct answers. Inspired by the
success of these LLMs, LLaVA-CoT [58] and URSA [34] have started exploring the inference time
scaling capabilities of VLMs. Procedural reasoning datasets have been constructed and used for the
supervised fine-tuning of the models. Different from those prior arts, we utilize PRM to provide
granular rewards and facilitate step-level beam search to enhance the inference-time scaling of VLMs.

3 Method

ShareGPT-
Step-300K

PRM 
Dataset

Sampled  
Reasoning  

Step-Level 
Preference Data 

Stage 1: Supervised Fine-Tuning

Stage 2: PRM Training (Optional)

Stage 3: Iterative Preference Learning with PRM

PRM

Base Model SFT Model

Score

Filter

Figure 1: Overview of our framework. We con-
duct SFT to enable the model to generate step-by-step
reasoning paths. Then we train a PRM to provide
fine-grained RL reward, and enhance the complex rea-
soning ability through step-level preference learning.
Note that PRM only needs to be trained once for dif-
ferent models.

In this section, we present the pipeline of
CoS as illustrated in Fig. 1. In Section 3.1,
we introduce the design of our structured
reasoning template. In Section 3.2, we de-
scribe the composition of the SFT dataset
ShareGPT-Step-300K. Then we explain the
acquisition of process annotation data in Sec-
tion 3.3. Last, in Section 3.4, we elaborate on
the details of the RL training pipeline with
fine-grained rewards.

3.1 Structured Reasoning

We structure the entire thought into multi-
ple consecutive cognitive steps, ensuring that
these steps logically flow in a natural and co-
herent manner towards the final answer. Each
step consists of the following three compo-
nents:

• Name. A summary and overview of the
current step, providing a high-level expla-
nation. This outlines the key aspects of the
step to be executed.

• Thought. A detailed description of the
thought process in this step, explaining
what is being observed, inferred, or an-
alyzed.

• Reflection. Establishing connections be-
tween the visual content and previous steps. Since VLMs are prone to generating content that
contradicts the image, the reflection is introduced to create links with the visual content and prior
steps, thus alleviating hallucination.

We use special tokens to establish this reasoning format, rather than simply relying on additional
prompts or external prompt engineering, because depending on prompt-based output format is
unstable and would require more data filtering and cleaning. In contrast, ensuring stable output of
this format is more critical for splitting and evaluating steps.

CoS begins with the special token < |reasoning_start| >. We take reasoning step as the basic
unit for structured and fine-grained reasoning. Steps are connected by < |reasoning_proceed| >.
The reasoning stops after outputting the token < |reasoning_end| >, then the model derives the
final answer from previous reasoning. The model generates reasoning steps and answers in an auto-
regressive manner, where the number of reasoning steps and their specific content are self-generated
without any restrictions. This structured output and its length are autonomously adapted and adjusted
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Question:
After thoroughly reviewing the picture, can you 
confidently pick the right option that solves the 
Algebra problem?
A. option A in the image should be selected.
B. the answer is option D in the image.
C. the correct choice is option C in the image.
D. option B in the image is the right option.

Answer: A

Reasoning steps:
< Step 1: Define the Slopes and Intersection Point >
< Thought >: We start by noting that two lines intersect at point  P(1, 6) . One line 
has a slope of 1 and the other has a slope of 2. The equations of these lines can be 
derived using the point-slope form. For the line with slope 1 passing through P(1, 6), 
the equation will be  y - 6 = 1(x - 1) . Similarly, for the line with slope 2, the equation 
will be y - 6 = 2(x - 1) . 
< Reflection >: This step sets up the foundation by defining the lines’ slopes and 
using the intersection point to derive the line equations.
< Step 2: Simplify the Line Equations >
< Thought >: Simplify the first line equation: y - 6 = 1(x - 1) → y = x + 5. Simplify the 
second line equation: y - 6 = 2(x - 1) → y = 2x + 4.
< Reflection >: Understanding the equation of the lines will assist in finding the 
points where these lines intersect the x-axis, crucial for calculating the base and 
height of the triangle.
< Step 3: Find the Intersection with the x-axis >
< Thought >: For the line y = x + 5 , set  y = 0 → x = -5. So, point Q is (-5, 0) . For the 
line y = 2x + 4, set y = 0→ x = -2. So, point R is (-2, 0). 
< Reflection >: The coordinates of points Q and R on the x-axis are determined, 
essential for constructing the triangle and calculating its dimensions.

< Step 4: Determine the Length of Base  QR >
< Thought >: The length of the base QR can be calculated as the distance between 
Q(-5, 0) and R(-2, 0). QR = | -2 - (-5) | = | -2 + 5 | = 3.
< Reflection >: The horizontal span or base QR of the triangle is determined, 
refining the foundation needed for finding the area. 
< Step 5: Calculate the Height from P to Base QR >
< Thought >: The height of the triangle is the vertical distance from point P(1, 6) 
to the x-axis. Since P is directly above the x-axis, the height h is simply the y-
coordinate of P, which is 6. 
< Reflection >: Establishing the height simplifies the area calculation as it directly 
uses the known y-coordinate.
< Step 6: Calculate the Area of Triangle △PQR >
< Thought >: Using the formula for the area of a triangle, Area = 1/2 × base ×
height, substitute base = 3  and height = 6. Area = 1/2 × 3 × 6 = 9.
< Reflection >: This connects all prior findings to derive the final area of △ PQR.
< Step 7: Validate the Consistency >
< Thought >: Ensure our area calculation aligns with the derived base and height: 
QR = 3, Height from  P = 6, Area = 1/2 × 3 × 6 = 9.
< Reflection >: This is a double-check to ensure that all steps logically lead to the 
correct area.

Question:
Rose the cat walks along the wall. She starts at point 
B and follows the direction of the arrows shown in 
the picture. The cat walks a total of 20 meters. 
Where does she end up?
A. A B. B C. C D. D E. E 

Answer: D

< Step 5: Advance Towards the Starting Region >
< Thought >: From E, Rose heads back towards A, covering a distance of 2 meters as 
per the path guidance.
< Reflection >: This This is confirmed by the consistent flow of arrows and distances 
in the image from  E to A.
< Step 6: Path Completion Back to the Starting Region >
< Thought >: Following the journey, Rose moves from A to B. The final leg of this 
segment covers 3 meters as shown in the diagram.
< Reflection>: Arrows indicate that A to B completes another circuit, essential for 
finishing calculations.
< Step 7: Total Distance Calculation >
< Thought >: Calculate cumulative distance: 1). B to C: 4 m. 2). C to D: 1 m. 3). D to E: 5 
m. 4). E to A: 2 m. 5). A to B: 3 m. One full cycle: 4 + 1 + 5 + 2 + 3 = 15 meters.
<Reflection>: Verification step to ensure the entire cycle is represented in the total 
calculation.
< Step 8: Determine Final Destination >
< Thought >: Starting from B, Rose completes 15 meters in a full circuit back to B. 
Walking an additional 5 meters lands her at D: B to C: 4 m. C to D: 1 m. Thus, 15 + 5 = 
20 meters ends at D.
< Reflection >: This step confirms the distance matches the problem requirement of 
20 meters by logical deduction and precise tracking.

Reasoning steps:
< Step 1: Identify the Starting Point >
< Thought >: We first note that Rose the cat starts her walk at point B. This is clearly 
shown in the image by the placement of the cat icon at point B .
< Reflection >: This is the initial condition for the problem. Identifying the starting 
point is crucial as all subsequent calculations are based on this.
< Step 2: Analyze the Path and Distances >
< Thought >: From B, the cat moves in the direction of  C. According to the image, the 
distance from B to C is 4 meters.
< Reflection >: Confirming this step is accurate by checking the image's path 
direction from B to C.
< Step 3: Continue Along the Path >
< Thought >: After reaching C, Rose moves towards D, as indicated by the arrows. 
The distance from C to D is 1 meter. 
< Reflection >: The arrows in the image confirm the continuity of the walk from C to 
D.
< Step 4: Further Progress on the Path >
< Thought >: After reaching D, Rose continues to E. The path shows a distance of 5 
meters from D to E.
< Reflection >: The direction from D to E corresponds well with the image directions 
and confirms another step of the journey.

Figure 2: Qualitative examples. We depict the reasoning process on cases that need to understand
both visual content and mathematics. Our CoS has accurate understandings of both aspects, and more
importantly, combine them to derive multimodal reasoning. Note that special tokens are omitted.

by the model, thereby enhancing its ability to perform complex reasoning. We depict two qualitative
examples in Fig. 2 and the details of special tokens can be found in Appendix A.

3.2 ShareGPT-Step-300K

Given that most VQA, multi-modal math, and reasoning datasets only provide short answer an-
notations, we design a method to leverage these short annotations to generate long, step-by-step
reasoning data. Specifically, we provide the question and its ground-truth answers as references, and
prompts GPT-4o to generate step-by-step reasoning. This can be seen as reasoning from the results.
The reference answer can greatly reduce the difficulty of the question, making it easier to generate
high-quality thinking steps.

To ensure diversity, our data is collected from various multimodal datasets, encompassing 17 tasks
that require diverse multimodal reasoning capabilities. These tasks can be categorized into four
major types including mathematical reasoning [51, 64, 3, 26, 24], scientific reasoning [18, 31, 23, 5],
chart&document analysis [35, 32, 37, 36], and world knowledge [41, 54, 22, 44]. A summary of the
dataset sources can be found in Appendix D.

After generating the data, we conducted meticulous data cleaning and filtering to remove a large
amount of data that did not meet the required formatting standards. Ultimately, we obtained 300K
high-quality step-level data instances, which we named as ShareGPT-Step-300K. We plan to release
this dataset to advance research in the community on fine-grained step-level reasoning.

3.3 Step-Level Annotation

Currently, mainstream methods for evaluating reasoning steps can be categorized into three types [67]:
i) Human, which relies on human annotators to produce high-quality data but incurs substantial
costs; ii) Monte-Carlo (MC) Estimation, which infers the correctness of steps from the outcomes of
a vast number of sampled solutions; iii) LLM-as-Judge, which leverages LLM as critic by directly
prompting the LLM to evaluate the correctness of steps. In this work, for the sake of efficiency and
scalability, we employ MC Estimation and LLM-as-Judge to annotate step-level data.

For MC Estimation, we use math-shepherd [52] to annotate steps automatically. Specifically, given a
problem with a golden answer and a step-by-step solution, to annotate the correctness of a specific
step, we utilize a fine-tuned VLM to decode N subsequent reasoning paths from this step. We further
validate whether the decoded final answer matches with the golden answer. If a reasoning step can
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deduce more correct answers than another, it would be assigned a higher correctness score. Here we
use N=16 by default.

For LLM-as-Judge, we utilize GPT-4o [16] to perform the annotations. Each step is evaluated with
one of three possible ratings: i) Good: the step is logical, directly relevant to the question, and most
importantly, correct; ii) Neutral: the step is relevant but contains minor flaws or gaps; iii) Bad: the
step is flawed, wrong, or shows a misunderstanding of the question or context. For solutions where
the final answer is correct, both Good and Neutral ratings lead to a correct label. Conversely, for
solutions with incorrect final answer, only steps annotated as Good are ultimately marked as correct.
The prompt is provided in Appendix B.

We use both math-shepherd and GPT-4o to generate 100K step-annotated data, respectively. These
step-annotated data are then utilized to train a PRM, which can provide fine-grained reward signals
for reinforcement learning and inference-time scaling.

3.4 RL with Fine-grained Rewards

As illustrated in Fig. 1, our training pipeline is designed to be straightforward and efficient. Starting
from a well-pretrained VLM, we first perform supervised fine-tuning on the ShareGPT-Step-300K
dataset to enable the model to generate step-by-step reasoning paths. Subsequently, we train a PRM to
provide fine-grained rewards. Leveraging the PRM, we efficiently select reasoning paths for iterative
Direct Preference Optimization, thereby further enhancing the model’s reasoning capabilities.

Process reward model training. In RLHF, the reward models are typically trained with binary
preferences [2]. In reasoning tasks where step-annotation of solutions is accessible, reward models
can be trained under the supervision of such ground-truth correctness. Given a question q, process
reward model (PRM) estimates the correctness of individual reasoning steps. The PRM rprocess is
trained with the following objective:

LPRM = Eq,p(k),yk∼D[Loss(yk, rprocess(q, p
(k)))] (1)

where yk is the label for the partial solution p(k) and Loss is the loss function. Here we adopt binary
cross entropy loss by default. We train a InternVL-2.5-MPO-38B [55] on the step-annotated data as
introduced in Section 3.3 to get our PRM. We ablate on the choice of PRM in Section 4.3.4.

Iterative direct preference optimization. Preference learning has gained increasing focus in
VLMs [10]. To further enhance the quality of reasoning chains, we apply RL using the iterative
DPO [7] algorithm to better align the model’s reasoning process towards high-quality reasoning paths.
We use SFT model as the policy model πθ, generating 16 reasoning paths for each question. Each
reasoning path is evaluated with the trained PRM to assess its quality. We calculate the average score
of reasoning steps and the score of final answer respectively, and take the weighted sum of them as
the final score. The score is normalized to [0, 1]. Then we select positive-negative pairs depending on
the scores. Note that the score of the positive path must exceed that of the negative path by a threshold
t to ensure sufficient distinction between them, thereby avoiding cases where the differentiation is
minimal.

Formally, we denote the dataset as DDPO = (x, y+, y−), where x is the question, y+ and y− are the
positive and negative responses. The DPO objective is defined as below:

LDPO(πθ;πref) = −E(x,y+,y−)∼D

[
log σ

(
β log

πθ(y+|x)
πref(y+|x)

− β log
πθ(y−|x)
πref(y−|x)

)]
(2)

where πθ is the policy model to be optimized and πref is the reference model and they are both
initialized with SFT model. σ is the logistic function and β is set to 0.1. After training, we use
the trained policy model πθ to generate next-round data D(2)

DPO, while keeping πref fixed (i.e., the
SFT model). We repeat this procedure for multiple rounds to progressively enhance the the model’s
reasoning.

4 Experiment

In this section, we first introduce the setting and implementation details in Section 4.1. Then
we present a comprehensive comparison with state-of-the-art VLMs across multiple reasoning
benchmarks in Section 4.2. In Section 4.3, we conduct extensive ablation studies and analyses to
validate the effectiveness of our approach and explore several interesting properties.
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Table 1: Comparison with open-source VLMs. We evaluate our method on six benchmarks covering
both general and task-specific reasoning capacities. Our CoS has consistently strong performances
across these benchmarks, surpassing different baselines and other state-of-the-art VLMs by large
margins. The items in bold and underlined respectively represent the first or second highest scores.

Method Size MathVista MMStar MMMU M3CoT AI2D ChartQA Average

LLaVA-1.5 [27] 13B 27.6 32.8 - 39.5 - - -
IXC-2.5 [63] 7B 63.7 59.9 42.9 - 81.5 82.2 -
Ovis1.5-LLaMA3 [33] 8B 63.0 57.3 48.3 - - 76.4 -
LLaVA-CoT [58] 11B 54.8 57.6 - - 78.7 - -
LlamaV-o1 [50] 11B 54.4 59.5 - - 81.2 - -
Vision-R1-LlamaV [15] 11B 62.7 61.4 - - - 83.9 -
R1-VL [62] 7B 63.5 60.0 - - - 83.9 -
R1-Onevision [59] 7B 64.1 - - - - - -
MiniCPM-V-2-6 [60] 8B 60.6 57.5 49.8 56.0 82.1 79.4 64.2
LLaVA-OneVision [21] 7B 63.2 61.7 48.8 52.3 81.4 80.0 64.6
Qwen2-VL [53] 7B 58.2 60.7 53.7 57.8 83.0 77.4 65.1
Insight-V [10] 7B 59.9 61.5 50.2 61.5 79.8 81.5 65.7
InternVL-2.5 [6] 8B 62.2 59.6 54.1 62.4 84.5 84.9 68.0

LLaVA-NeXT-LLaMA3 [28] 8B 45.9 43.1 36.9 45.6 71.5 69.4 52.1
+ SFT 8B 51.4 54.7 39.6 67.4 76.1 75.7 60.8
+ Iterative DPO (CoS-LLaVA) 8B 54.7 58.9 41.8 71.7 79.2 79.1 64.2

InternVL2.5-MPO [55] 8B 65.0 60.7 53.8 67.5 84.2 85.0 69.4
+ SFT 8B 65.9 61.0 53.7 75.7 81.6 88.3 71.0
+ Iterative DPO (CoS) 8B 67.8 63.5 55.5 81.0 84.9 87.4 73.4

4.1 Experimental Setup

Implementation details. To verify the effectiveness and generalizability of our approach, we employ
LLaVA-NeXt [28] and InternVL-2.5-MPO [55] as our base VLMs, respectively. For each base VLM,
we first conduct one epoch of supervised fine-tuning on ShareGPT-Step-300K. Then, based on the
SFT model, we apply three rounds of iterative DPO to obtain the final model. For each round, we
compile approximately 20K preference pairs as training data for DPO. The training recipes can be
found in Appendix C. For PRM, we select InternVL-2.5-MPO-38B [55] as the base model. We
trained it for two epochs on 200K process-annotated data, using a learning rate of 1e-6 and a batch
size of 128 to get the PRM. For the training time, SFT takes about 9 hours on a single A800 node,
and three rounds of iterative DPO takes about 6 hours in total on a single A800 node.

Benchmarks. We evaluate our method on several representative benchmarks, spreading a wide
range of tasks that demand the model’s complex reasoning abilities. MathVista [30] is a well-known
dataset for multi-modal reasoning, focusing on mathematics skills such as plane geometry, function
and puzzle. MMMU [61] evaluates the model’s multimodal reasoning capability across various
university-level disciplines. ChartQA [35] aims at assessing logical reasoning with charts. MMstar [4]
focuses on various multi-modal problems that must rely on visual contents. M3CoT [5] evaluates the
model’s chain-of-thought reasoning abilities. AI2D [18] is designed to test scientific knowledge and
reasoning.

4.2 Main Results

We conducted a comprehensive comparison between our method and leading open-source VLMs on
the aforementioned benchmarks. As shown in Table 1, our CoS achieves a substantial improvement
over different baselines. Specifically, our method yields an average increase of 4.9% and 3.2% when
applied to LLaVA-NeXT and InternVL-2.5-MPO, demonstrating the effectiveness and generalizability
of our framework.

For LLaVA-NeXt, both SFT and DPO lead to significant performance gains, indicating that for
relatively weaker VLMs, both SFT and reinforcement learning (RL) play crucial roles. In contrast,
for InternVL2.5-MPO, the performance improvement from SFT alone is relatively limited. However,
after applying iterative DPO, the model can achieve a notable performance boost, reaching state-
of-the-art. This indicates that for stronger VLMs, the benefits of further improvement through
SFT are marginal, while RL is more essential and effective for enhancing strong model’s reasoning
capabilities.
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4.3 Analysis and Ablation Study

4.3.1 Reasoning Step Matters

Firstly, we dive into the impact of intermediate reasoning steps and final answers on evaluating
reasoning quality. To be specific, we use LLaVA-NeXt [28] fine-tuned on the ShareGPT-Step-300K
as base model and sample 16 reasoning paths and corresponding answers for each question in M3CoT.
We then utilize a trained PRM to score these reasoning steps and answers. We use the weighted sum
of the step score and answer score as the selection criterion to report best-of-16 accuracies.
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Figure 3: Ablation on step weight. We progressively increase
the weight of step score from 0% to 100% and report the best-of-
16 accuracy on M3CoT. Considering both step’s and answer’s
quality leads to optimal performances.

As shown in Fig. 3, we progres-
sively increase the weight of step
scores from 0% (i.e., relying solely
on the final answer for evalua-
tion) to 100% (i.e., relying exclu-
sively on reasoning steps). The
model’s best-of-16 accuracy ex-
hibits a trend of initially increas-
ing and then decreasing. This indi-
cates that relying solely on either
the final answer or the intermedi-
ate reasoning steps is not optimal;
instead, a balanced evaluation that
considers both is preferable. This
conclusion also holds for reinforce-
ment learning training as shown in
Section 4.3.3. Unless mentioned,
we set the weight of step scores to
20% by default in our experiments.

4.3.2 Inference-Time Scaling

Step-level beam search. In order
to further enhance the reasoning ability during inference, we design a step-level beam search by
making full use of the structured output of CoS. The specific implementation steps are as follows:

• Sample N responses for the first step.
• Use PRM to score the N first steps.
• Continue to sample the next step based on the best step.
• Repeat the above steps until the final answer is generated.

It is worth noting that step-level beam search’s cost and sample efficiency is exactly the same as
that of Best-of-N (i.e., independently sample N responses, score with PRM, and select the best). An
illustration is shown in Fig. 4.

Next, we explore the inference-time scaling properties of CoS reasoning. We compare four methods:
Pass@N, Self-Consistency, PRM, and PRM with step-level beam search. Pass@N refers to the
probability that at least one out of N sampled solutions is correct, which can be regarded as the
upper bound of inference-time performance. Self-Consistency refers to selecting the most frequent
answer among N sampled solutions. PRM refers to selecting the Best-of-N solution based on the
scores provided by the PRM. PRM-BS refers to selecting the Best-of-N solution obtained through
step-level beam search. We incrementally increase the number of samples N from 1 to 64 to evaluate
the performance of these methods. As shown in Fig. 5, the answer selected by PRM has a significant
advantage over Self Consistency. Moreover, PRM-BS has achieved consistent improvement over
PRM. Considering that the sampling efficiency of PRM-BS and PRM is completely the same, this
further illustrates the advantages of our method in the inference-time.

4.3.3 Ablation on RL training

We proceed to investigate the impact of rewards on the RL training. Specifically, we utilize LLaVA-
NeXt-SFT as our base model and employ three methodologies to offline select training data for
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Figure 4: Illustration of inference-time scaling. Our structured and fine-grained designs enable us
to execute (b) Best-of-N with PRM and (c) Step Beam Search with PRM. Both of them outperforms
Self-Consistency by significant margins.
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Figure 5: Pass@N and Best-of-N comparison on M3CoT and MMStar. Here SC refers to Self-
Consistency, PRM-BS refers to step-level beam search. We increase N from 1 to 64, and our method
demonstrates appealing inference-time property.

iterative DPO: i) Outcome. This approach uses the ground-truth labels of the questions as the gold
criterion for judging the quality of responses. Responses with correct answers are selected as positive
samples, while those with incorrect answers are negative ones; ii) PRM scores for answers. This can
be seen as a lower bound on performance compared to the outcome method, as the accuracy of PRM’s
evaluation of answers is inherently lower than that of direct evaluation using ground-truth labels;
iii) PRM scores for both reasoning steps and answers. This method comprehensively considers the
quality of step and answer to selects positive and negative pairs.

As shown in Table 2, solely relying on answer scoring for selection underperforms the outcome-based
method, which is an anticipated result. The strategy that takes into account both the intermediate
steps and the answer quality achieves the best performances, surpassing outcome-based method with
clear gains. This underscores the significance of fine-grained rewards in assessing reasoning quality,
thereby enhancing the efficacy of RL training.

Table 2: Ablation on the rewards for RL. Taking both the steps and answer quality into account
leads to the best performances.

Method MathVista MMStar M3CoT

LLaVA-NeXt-SFT 51.4 54.7 67.4
Answer (PRM) 53.1 57.3 69.7
Outcome 53.5 58.1 70.0
Step&Answer (PRM) 54.7 58.9 71.7
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Table 3: Ablation on the PRM. Stronger PRM leads to more accurate evaluation for reasoning steps.

Base Model Question Step Acc Answer Acc

LLaVA-NeXt-8B Seen 85.1 90.5
LLaVA-NeXt-8B Unseen 83.7 84.7
InternVL-2.5-8B Unseen 85.7 91.1
InternVL-2.5-38B Unseen 87.3 88.7

4.3.4 Ablation on PRM

To evaluate the accuracy of the PRM, we reserved 10K process-annotated reasoning data for assess-
ment. Among these, 5K questions were from the PRM training dataset, while the other 5K were
unseen during PRM’s training, allowing us to evaluate PRM’s ability to assess in-domain data and
generalization capability to unseen questions. We employed three base models: LLaVA-NeXt-8B,
InternVL2.5-8B, and InternVL2.5-38B. As demonstrated in Table 3, the stronger the base model, the
more accurate its judgment of intermediate steps for the PRM. Given the critical importance of step
evaluation in our framework, we select InternVL2.5-38B as the base model for our PRM.

4.3.5 Reasoning Length
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Figure 6: Reasoning step length curve. Increasing reasoning
length is not necessarily better. For visual complex reasoning,
ensuring high-quality steps is of vital importance.

It has been observed that the length
of reasoning tends to increase pro-
gressively when LLMs are trained
with RL on mathematical prob-
lems, and their performance im-
proves accordingly [12]. However,
things become different for visual
complex reasoning. Existing vi-
sual complex reasoning problems
do not require lengthy intermedi-
ate processes as pure mathematics
does, but rather rely on the utiliza-
tion of visual information and the
connection of relevant knowledge
to trigger reasoning (e.g., geomet-
ric shapes). Therefore, we investi-
gate how the length of VLM rea-
soning steps changes with training.
We take LLaVA-NeXt-SFT as the
base model and calculate the aver-
age reasoning step after each round of outcome DPO and PRM DPO, respectively. We depict the
change curve of reason step length in Fig. 6.

For outcome DPO, we select reasoning paths solely based on the correctness of the final results.
It can be observed that as the training iteration progresses, the reasoning step length progressively
increases. This indicates that the model tends to keep extending the reasoning length if we don’t
consider the quality of intermediate steps. Interestingly, the situation is entirely the opposite for PRM
DPO. The model tends to initially reduce the length of reasoning to improve the quality of reasoning,
and only after stabilizing does it slowly increase the length of reasoning. Considering that PRM DPO
yields better results than outcome DPO as shown in Table 2, this phenomenon indicates that for visual
complex reasoning, increasing reasoning length is not necessarily better. It is more crucial to first
ensure that the model can output high-quality reasoning steps.

4.4 Ablation on Reasoning Pattern

In order to demonstrate our reasoning design’s advantages, we add a direct quantitative comparison
between the proposed method and simpler prompting strategies in Table below. Specifically, No
Reason denotes a setting where the model performs direct question answering without any explicit
reasoning; Direct Prompt means directly prompting VLMs to reason step by step (as in [19]); CoS
corresponds to our proposed method using step-level structured reasoning with fine-grained rewards.
All methods are trained using the same SFT and RL datasets to ensure a fair comparison. For No
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Table 4: Ablation on the reasoning pattern. No Reason denotes a setting where the model performs
direct question answering without any explicit reasoning; Direct Prompt means directly prompting
VLMs to reason step by step. The corresponding SFT dataset’s format has been adjusted accordingly
to make a fair comparison.

Method Reason Reward MathVista MMStar M3CoT Average

LLaVA-NeXt - - 45.9 43.1 45.6 44.9
No Reason SFT ✕ - 49.1 53.9 62.1 55.0
No Reason RL ✕ outcome 51.5 56.4 63.4 57.1 (+2.1)
Direct Prompt SFT ✓ - 51.2 54.9 66.3 57.5
Direct Prompt RL ✓ outcome 53.1 58.2 69.3 60.2 (+2.7)
CoS SFT ✓ - 51.4 54.7 67.4 57.8
CoS RL ✓ PRM 54.7 58.9 71.7 61.8 (+4.0)

Table 5: Ablation for GRPO experiments. Our Cos has consistently better performance than the
outcome-reward counterpart.

Method Reward MathVista MMStar M3CoT Average

LLaVA-NeXt-SFT - 51.4 54.7 67.4 57.8
outcome GRPO outcome 54.3 57.9 71.4 61.2
CoS GRPO PRM 56.3 59.1 73.7 63.0

Reason, we use only the question-answer pairs (without intermediate reasoning thought) from the
ShareGPT-Step-300K dataset for SFT. For Direct Prompt, we concatenate all steps of reasoning (i.e.,
"thoughts") from each instance into a single reasoning sequence. Since both No Reason and Direct
Prompt can not output strict step-level thought, we cannot assess their intermediate reasoning quality,
so we apply the outcome reward (i.e., correctness of the final answer) during RL training.

There are two key observations: i) Models trained with reasoning-augmented SFT data (i.e., Direct
Prompt and Cos) clearly outperform models trained with QA-only data (No Reason) on reasoning
benchmarks; ii) Our Cos yields much greater improvements during RL compared to outcome-only
reward settings. This ablation study directly supports our central motivation for fine-grained reasoning
and strengthens the empirical foundation of our conclusions.

4.5 GRPO-based ablation

Recently, GRPO [43] has become the mainstream algorithm in current reinforcement learning and
has demonstrated advantages across multiple tasks. Therefore, we further conducted an ablation
experiments based on the GRPO algorithm to validate the effectiveness of our proposed method. For
GRPO experiments, we deploy the 38B PRM as the reward server. We set batchsize to 128, rollout.n
to 5, lr to 1e-5 and run 100 steps starting from the SFT model. As shown in Table 5, our fine-grained
reward RL outperforms outcome reward RL consistently using GRPO, further strengthening our
method and analysis.

5 Conclusion

In this work, we introduce Chain of Step (CoS) reasoning for vision-language models, enabling
assessing reasoning step quality accurately and leading to effective reinforcement learning and
inference-time scaling with fine-grained rewards. Experimental results across multiple benchmarks
demonstrate the effectiveness of CoS. More importantly, we conduct extensive empirical analysis and
ablations to unveil CoS’s appealing properties. We hope this paper offers insights into more complex
multi-modal reasoning.
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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: Please refer to the introduction and abstract.

Guidelines:

• 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 aspirational 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 discuss the limitations in the Appendix F.

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.

• 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: [NA]
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Justification: This paper does not include theoretical results.
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: Please refer to Section 3 and Section 4.
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.

• 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?
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Answer: [Yes]
Justification: We have made the code and dataset publicly available.
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 URLs to data and code is permitted.

6. Experimental setting/details
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: Please refer to Section 4 and Appendix.
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: [Yes]
Justification: Please refer to Section 4.
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.
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• 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: Please refer to Section 4.1.

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.
• 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).

9. 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: The research is conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics.

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).

10. Broader impacts

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

Answer: [Yes]

Justification: Please refer to the Appendix G.

Guidelines:

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

11. 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: The paper poses no such risks.

Guidelines:

• The answer NA means that the paper poses no such risks.
• 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.

12. 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: The paper does not use existing assets.

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

13. New assets
Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?
Answer: [NA]
Justification: The paper currently does not release new assets.
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.

14. 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: The paper does not involve crowdsourcing nor research with human subjects.
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.

15. 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: The paper does not involve crowdsourcing nor research with human subjects.
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.

16. Declaration of LLM usage
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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: The core method development in this research does not involve LLMs as any
important, original, or non-standard components.
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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<|reasoning_start|>
<|reasoning_step_start|>
<|reasoning_step_name_start|>Name1<|reasoning_step_name_end|>
<|reasoning_step_thought_start|>Thought1<|reasoning_step_thought_end|>
<|reasoning_step_reflection_start|>Reflection1<|reasoning_step_reflection_end|>
<|reasoning_step_end|>
<|reasoning_proceed|>
<|reasoning_step_start|>
<|reasoning_step_name_start|>Name2<|reasoning_step_name_end|>
<|reasoning_step_thought_start|>Thought2<|reasoning_step_thought_end|>
<|reasoning_step_reflection_start|>Reflection2 <|reasoning_step_reflection_end|>
<|reasoning_step_end|>
<|reasoning_proceed|>
…
<|reasoning_proceed|>
…
<|reasoning_end|>
<|answer_start|>The answer is A.<|answer_end|>

Figure 7: Illustration of structured reasoning. We take reasoning step (special tokens marked in
blue) as the basic unit to conduct structured and fine-grained reasoning.

A Special Tokens

Our CoS uses special tokens to realize structured step-by-step reasoning. We list all 11 special tokens
and their corresponding definitions in Table 6. For the initialization of these special tokens, we use
the average value of the token embeddings of its corresponding definition. The reasoning structure is
illustrated in Fig. 7.

B Prompts

In this section, we provide a demonstration of the prompts used for SFT and PRM data construction.
The prompt used to create ShareGPT-Step-300K is illustrated in Fig. 8. The prompt used to utilize
GPT-4o to label process-level annotation is depicted in Fig. 9.

C Training Recipes

In this section, we provide the specific hyper-parameter settings for the three stages in Table 7. All
SFT and iterative DPO experiments are conducted on 8 × NVIDIA-A800 GPUs by default. For
PRM, it is trained on 16 × NVIDIA-A800 GPUs. Additionally, we provide important parameters
used in data construction. During the generation of positive and negative example pairs and the
Math-Shepherd [52] Sampling period, we set the temperature to 1.0, n return sequences to 16, and
top p to 0.95.

Table 6: Special tokens we utilized and their definitions.
Special token Definition
<|reasoning_start|> Start token of the reasoning process
<|reasoning_end|> End token of the reasoning process
<|reasoning_step_start|> Start token of a single reasoning step
<|reasoning_step_end|> End token of a single reasoning step
<|reasoning_step_name_start|> Start token of the reasoning step name
<|reasoning_step_name_end|> End token of the reasoning step name
<|reasoning_step_thought_start|> Start token of the reasoning thought content
<|reasoning_step_thought_end|> End token of the reasoning thought content
<|reasoning_step_reflection_start|> Start token of the reasoning reflection content
<|reasoning_step_reflection_end|> End token of the reasoning reflection content
<|reasoning_proceed|> Delimiter token between reasoning steps
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Table 7: Hyperparameter setting and training recipes.

Hyper-parameter SFT PRM Training DPO

Learning Rate 5e-6 1e-6 1e-6
Epoch 1 2 3 (iteration)
Warm-up Ratio 0.03 0.03 0.03
Weight Decay 0.05 0.05 0.05
Batch Size 128 128 256
Drop-path Rate 0.1 0.4 0.1
Update Parts Projector, LLM Projector, LLM ViT, Projector, LLM
Data Size 300K 200K 20K

D Dataset Sources

To ensure diversity, our data is collected from various multimodal datasets, encompassing 17 tasks
that require diverse multimodal reasoning capabilities. As shown in Table 8, these tasks can be
categorized into four major types including mathematical reasoning [51, 64, 3, 26, 24], scientific
reasoning [18, 31, 23, 5], chart&document analysis [35, 32, 37, 36], and world knowledge [41, 54,
22, 44].

Table 8: SFT dataset sources. To ensure diversity, we collect our dataset from a wide range of tasks
that demands diverse reasoning capabilities.

Task Type Dataset

Mathematics GeoQA+ [3], MathVision [51], SceMQA [24],
MathVerse [64], CLEVER-Math [26]

Chart ChartQA [35], TabMWP [32]

Science ArxivQA [23], M3CoT [5], ScienceQA [31],
AI2D [18]

Document DocVQA [37], InfoVQA [36]

Knowledge A-OKVQA [41], FVQA [54], TextVQA [44],
SEED [22]

E Attempt for Step-wise DPO

Due to our structured and fine-grained design, we can improve the reasoning ability of the model by
conducting fine-grained step level beam search during reasoning. Naturally, we wonder whether we
could construct similar fine-grained preference data during RL training. Specifically, we use PRM to
find the optimal step and a bad one at each step, and then build a set of pair data. Then we sample the
next step based on the optimal step, and cycle until we get the final answer. In this way, we build a
pair of preference data at each step, which can provide step-wise fine-grained preference rewards.
We term this method to be step-wise DPO. This is different from step-dpo [20], which only detect the
first error step while we build pairs of every single step.

However, this method does not work as expected, but has a significant negative impact on model
performances as shown in Table 9. We believe that the failure of this method lies in that the next
sampling based on a good step is probably also a good step. Therefore, the distinction between the
constructed chosen and reject pairs is relatively small. As a consequence, in order to avoid outputting
negative steps during training, the model will also tend not to output chosen steps. This conjecture
is validated in the rewards: the rewards of chosen and reject are both very small negative numbers.
Therefore, we mainly conduct fine-grained step-by-step sampling in the inference time.

F Discussion of Table 3

We observed a counterintuitive phenomenon that the larger InternVL-2.5-38B does not achieve a
higher Answer Accuracy compared to its smaller counterparts. Our speculation on this phenomenon
is as follows:
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Table 9: Ablation on per-step-wise DPO. The chosen and rejected steps are too similar to form
effective preference pair, so the model will refuse to output both, backfiring performances.

Method M3CoT MathVista Chosen Reject
Rewards Rewards

SFT 67.4 51.4 - -
Outcome 70.0 53.5 -0.07 -0.16
Per-step-wise 64.8 50.7 -1.39 -3.86

Notably, evaluating intermediate reasoning steps is substantially more challenging than evaluating
the final answer for three reasons: i) Higher semantic complexity: Step-level evaluation requires
a deeper and more holistic understanding of the question. The model must assess whether each
step contributes constructively toward the final answer. Similarly, annotating process data is also
more cognitively demanding for human annotators. ii) More supervision signals. As shown in
Equation 1, PRM is trained to minimize the sum of cross-entropy losses over all intermediate
steps and the final answer. A complete reasoning trace contains multiple steps but only a single
answer, thus accurately assessing all the intermediate steps is much harder than only assessing the
answer. iii) Answer memorization. As highlighted in recent studies [13, 46], LLMs often exhibit
"answer hacking"—producing correct answers via memorized question or patterns rather than genuine
understanding. In contrast, intermediate steps exhibit higher variance across instances and are less
amenable to memorization.

As we know, neural networks are inherently short-cut learners[11]. During training, smaller models
(i.e., 8B PRM) tend to prioritize optimizing for final answer accuracy, as it offers a more accessible
gradient path to loss reduction. Improving step-level predictions poses a greater optimization
challenge. The 38B PRM, with its higher capacity, is better able to model and optimize intermediate
reasoning quality. Consequently, it achieves greater improvements in step-level accuracy, which more
effectively reduces the total loss—resulting in the pattern observed in Table 3.

G Limitations

We generated process-labeled data through Monte Carlo estimation and LLM-as-Judge and verified
the effectiveness of our method through extensive experiments. But it cannot be denied that the
process data obtained by these two methods still cannot be guaranteed to be 100% correct. Even
the process data labeled by humans cannot guarantee accuracy and quality [25], and we do not use
human annotation due to the high cost and inability to scale. In the future, if there is a way to produce
higher-quality process labeled data, our method can hopefully shine further.

H Broader Impacts

This paper presents work whose goal is to advance the field of Vision-language Models and Machine
Learning. There are many potential societal consequences of our work, none of which we feel must
be specifically highlighted here.
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You are a thought assistant, i will provide you with an image, a question, and a reference answer. Your responsibility is to develop a 
sequence of intermediate thinking steps that would logically connect the question to its answer.

Each step must consist of and only consist of the following three parts:
1. Step Name: A brief title summarizing the main idea of the step.
2. Detailed Thinking: An in-depth description of the thought process in this step, explaining what is being observed, inferred, or analyzed. 
Note that the process of thinking and reasoning should be presented in as much detail as possible.
3. Reflection: A reflection on this step's connection to prior steps, pointing out any potential errors, and if possible, citing evidence in the 
image that supports or informs this step.

There are some guidelines you should follow:
1. Make sure the steps are clear, sequential, and detailed enough to make each step flows logically into the next.
2. The number of steps must be no less than 5 and no more than 10.
3. Do not state an answer at the beginning. Explain the visual clues that help to derive the answer.
4. Don't state that the reference answer is correct or consistent to your finding. You are writing your own solution.
5. The explanation can help you derive the thinking process.
6. For math problems, you must give specific operation steps and concrete intermediate solution leading to the final answer.
7. Make sure to incorporate concrete observations from the provided materials.

The output format must be strictly organized as follows:
### <Step 1: xxx>
<Detailed Thinking>: xxx
<Reflec9on>: xxx

### <Step 2: xxx>
<Detailed Thinking>: xxx
<Reflec9on>: xxx

...

### <Step x: xxx>
<Detailed Thinking>: xxx
<Reflec9on>: xxx

...

### <Answer>
xxx

Figure 8: Prompt used for generating step-by-step reasoning data.

You are a judging assistant specializing in evaluating process reward, the following is an image, a question, a reference 
answer and a step-by-step intermediate answer process for the question. The reference answer is correct while the 
intermediate answer steps are not necessarily correct.

Your task is to review and critique each step of the intermediate answer process based on its correctness. Assign one of 
the following ratings to each step:

- Good: The step is logical, directly relevant to the question, and most importantly, correct. This step provides substantive 
progress to solve the question.
- Neutral: The step is somewhat relevant but contains minor flaws or gaps in reasoning. Or this step only includes some 
abstract practices rather than concrete solutions, which is not helpful for solving the question in effect.
- Bad: The step is flawed, wrong, or shows a misunderstanding of the question or context. This step has a negative effect 
on solving the question.

For each step, provide a brief explanation of your evaluation, identifying areas for improvement if Neutral or Bad.
Finally, return your output in the form of a step label list. 1 stands for Good; 0 stands for Neutral; -1 stands for Bad.

The final step label list format must be strictly organized as follows:
### Step Label: [1,1,0,-1,-1,-1]

Figure 9: Prompt used for generating process-level annotation.
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