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Figure 1: Recent “Reasoning VLMs” studies finetune “Base VLMs” with extra reasoning training
data to improve visual reasoning. This paper presents a data-efficient self-improving method for
better training reasoning VLMs. (Left) Comparison of VLMs with different parameter sizes on
MathVista. Our model ThinkLite-VL-7B achieves the state-of-the-art (SoTA) accuracy of 75.1,
surpassing Qwen2.5-VL-72B-Instruct, GPT-4o, O1, and other 7B-level reasoning VLMs. ThinkLite-
VL-72B further pushes this boundary to 79.7. (Right) Comparison of the reasoning training data
size used by 7B-level and 72B-level reasoning models. Our model achieves SoTA performance using
only 11k data (7B) and 7.5k data (72B), and without any additional knowledge distillation.

Abstract

We introduce ThinkLite-VL, a family of visual reasoning models that achieve
state-of-the-art (SoTA) performance using an order of magnitude fewer training
samples, relying purely on reinforcement fine-tuning (RFT) self-improvement
without any knowledge distillation. Our central insight is that sample difficulty
critically influences RFT effectiveness: appropriately challenging examples can
drive substantial reasoning improvements, even in low-data regimes. However,
quantifying sample difficulty in a reliable and scalable manner remains non-trivial.
To address this, we repurpose Monte Carlo Tree Search (MCTS) to measure sample
difficulty via the number of reasoning iterations a vision-language model (VLM)
requires to solve each instance. This MCTS-based selection procedure identifies
samples that induce deeper reasoning while remaining solvable, allowing us to filter
a high-quality subset from 70k open-source examples spanning math, natural image
understanding, and chart comprehension. Using this approach, we select just 11k
challenging samples for RFT on Qwen2.5-VL-7B-Instruct and 7.5k samples for
Qwen2.5-VL-72B-Instruct. The resulting models, ThinkLite-VL-7B and ThinkLite-
VL-72B, significantly outperform their respective base models across eight visual
reasoning benchmarks. In particular, ThinkLite-VL-7B improves the average
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performance of Qwen2.5-VL-7B-Instruct by 7% and surpasses all existing 7B-level
models, as well as much larger models such as GPT-4o, O1 and Qwen2.5-VL-72B,
achieving a new SoTA score of 75.1 on MathVista. ThinkLite-VL-72B further
advances the SoTA frontier, achieving an accuracy of 79.7 on MathVista and an
average benchmark improvement of 4.42 over the open-source SOTA. These results
demonstrate that MCTS-guided difficulty filtering provides a scalable and effective
path toward data-efficient self-improvement in multimodal reasoning. Our code,
data, and model are available at https://github.com/si0wang/ThinkLite-VL.

1 Introduction

Large language models (LLMs) have demonstrated strong capabilities in solving complex reasoning
tasks—such as mathematics and coding—by leveraging chain-of-thought prompting and reflection
mechanisms [24, 36]. Recent work [16] highlights the critical role of reinforcement fine-tuning (RFT)
in further enhancing reasoning performance. Remarkably, these improvements can be achieved purely
via RFT, even without post-training supervised fine-tuning (SFT).

Figure 2: Performance comparison on 8 visual
benchmarks. Our model significantly outperforms
Qwen2.5-VL-7B and other reasoning models.

However, despite the success of RFT in LLMs,
its impact on vision-language models (VLMs)
has been less pronounced. A likely cause is the
inherent modality gap: VLMs are pretrained
on text-heavy objectives, while post-training
tasks demand multimodal reasoning. Recent
efforts [22, 12, 55, 84] have addressed this by
incorporating knowledge distillation and super-
vised format alignment before RFT. While ef-
fective, these pipelines are cumbersome, and
fundamentally limit the capacity for models to
improve via self-training alone.

In this work, we demonstrate that high-quality
and appropriately challenging training samples
alone are sufficient to enable self-improvement
in VLMs via RFT—without any knowledge dis-
tillation. When the training data matches the
base model’s capability level, RFT can explore
informative rollouts by itself and substantially
elevate multimodal reasoning ability. Based on
this insight, we introduce ThinkLite-VL, a fam-
ily of data-efficient reasoning VLMs trained via RFT on a small subset of difficulty-curated examples.

The key to ThinkLite-VL’s performance lies in effective sample selection. We propose to repurpose
Monte Carlo Tree Search (MCTS)—a classic inference-time search algorithm—to estimate the
difficulty of each training instance. Specifically, we define difficulty as the number of MCTS
reasoning iterations a VLM requires to solve a task. This search-based signal tightly correlates with
sample difficulty and naturally identifies examples that promote deeper reasoning during training.

Our pipeline begins with 70k open-source samples spanning three core domains: mathematical
reasoning, natural image understanding, and chart interpretation. For each example, we simulate an
MCTS-based inference trace using the base VLM, and rank samples by the number of reasoning
steps required to reach a correct solution. From this pool, we extract two difficulty-filtered subsets:
11k samples for Qwen2.5-VL-7B-Instruct and 7.5k samples for Qwen2.5-VL-72B-Instruct. We then
apply RFT directly on these subsets—no supervised fine-tuning or distillation required.

We evaluate our resulting models, ThinkLite-VL-7B and ThinkLite-VL-72B, on eight established
VLM benchmarks. After RFT, ThinkLite-VL-7B improves the average performance of Qwen2.5-VL-
7B-Instruct from 59.69% to 64.18%, and outperforms a comparable baseline trained on randomly
selected 11k samples (60.89%). Similarly, ThinkLite-VL-72B raises the average accuracy of Qwen2.5-
VL-72B-Instruct from 68.25% to 72.67%, exceeding the baseline trained on randomly selected 7.5k
samples 69.91%.
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Furthermore, compared with the most recent 7B-level reasoning VLMs, ThinkLite-VL-7B consis-
tently demonstrates substantial performance advantages as shown in Figure 2. ThinkLite-VL-7B also
outperforms much larger models—including GPT-4o, Qwen2.5-VL-72B, and o1—on the MathVista
benchmark, achieving a new SoTA score of 75.1% (Figure 1). ThinkLite-VL-72B further advances
the frontier, attaining a SoTA accuracy of 79.7% on MathVista.

Our key contributions are:

(1) Difficulty as a learning signal. We identify sample difficulty as a critical yet underutilized
signal for enabling effective self-improvement in VLMs via RFT, and show the importance of scaling
compute for identifying the appropriately challenging training sample.

(2) MCTS-guided filtering. We propose a novel use of Monte Carlo Tree Search to estimate sample
difficulty by measuring model reasoning iteration count. Across diverse online and offline baselines,
MCTS-guided filtering delivers superior performance, benefiting from the explicit tree search.

(3) Data-efficient RFT pipeline. We introduce ThinkLite-VL, a data-efficient visual reasoning
framework that achieves SoTA performance using only 11k (7B) and 7.5k (72B) training samples,
without any knowledge distillation.

(4) Strong empirical gains. We demonstrate that ThinkLite-VL-7B and ThinkLite-VL-72B outper-
form strong baselines and existing SoTA models across eight VLM benchmarks. Notably, ThinkLite-
VL-7B improves the average performance of its base model by 7%, and achieves a new SoTA score
of 75.1% on MathVista—surpassing larger models such as GPT-4o, O1 and Qwen2.5-VL-72B.
ThinkLite-VL-72B further advances this with a MathVista score of 79.7%.

(5) Open-source release. We will release the full ThinkLite-VL model family, including both
ThinkLite-VL-7B and ThinkLite-VL-72B, and MCTS-filtered training sets for both Qwen2.5-VL-7B
and Qwen2.5-VL-72B to support future research in multimodal reasoning.

2 Related work

Large language model reasoning. Simulating human-like thinking processes through intermediate
reasoning steps has significantly improved the performance of large language models (LLMs) on tasks
that require reasoning [24]. One family of methods focuses on explicitly controlling the structure
or format of the model’s outputs, such as by applying Chain-of-Thought (CoT) prompting [78] and
Self-Consistency [77]. Related lines of work include more elaborate reasoning strategies like Tree
of Thoughts [87] or Graph of Thoughts [4]. Additionally, some approaches involve supervised fine-
tuning (SFT) on curated datasets with reasoning annotations [52, 88]. Researchers have also explored
process reward models (PRMs) that encourage systematic thought processes [35, 66, 70, 28, 98, 47].
Others incorporate search techniques, including Monte Carlo Tree Search (MCTS) or beam search, to
refine or verify reasoning paths [80, 81, 5, 15, 19, 73]. Recently, large-scale RL with outcome-based
reward functions has been leveraged [16] to elicit powerful reasoning capabilities in LLMs. Unlike
prior uses of MCTS at inference time [80, 81, 15], we employ MCTS during training to assess sample
difficulty and curate a high-impact training subset for RFT. We focus on how to use large-scale RL to
enhance the reasoning ability of VLMs.

Vision language model reasoning. Vision language models [1, 68, 38, 23, 37, 3, 10, 64, 31, 85]
can perform vision tasks using language given visual input through vision encoders like [57, 94, 65].
These models demonstrate comprehensive multimodal capabilities across various scenarios [93, 39,
91, 49, 18, 92, 20, 32] and exhibit reasoning capabilities to some extent [43, 76, 41, 96, 69]. Inspired
by the success of reasoning in LLMs, researchers have sought to improve the reasoning capabilities
of VLMs. For instance, CoT prompting is applied to VLMs [97, 51, 46, 11, 100, 21] and some papers
create multimodal datasets [86, 83, 61, 99, 12, 22, 17, 63], using SFT for knowledge distillation to
improve reasoning abilities. Some prior works have also explored improving VLM performance
through self-improvement strategies [102, 72, 75, 13]. More recently, RL training has emerged as a
promising approach to further strengthen the reasoning capabilities of VLMs [12, 22, 50, 82]. While
recent works explore SFT and RL [12, 22] for VLM reasoning, efficiently utilizing training data and
avoiding costly knowledge distillation remains a challenge. In contrast, ThinkLite-VL eliminates
the need for SFT or distillation entirely and achieves SoTA performance using just 11k (7B) and
7.5k (72B) samples—an order of magnitude less than prior work. Specifically, we propose a novel
approach using MCTS to filter for high-quality training instances based on the difficulty level. We
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Category QA Category Data source Data size

Math Reasoning
Open-ended Geometry3K 3001
Multi-choice GeoQA 5010
Multi-choice Geos 66

Natural Image Understanding
Open-ended FigureQA 10000
Multi-choice ScienceQA 10332
Open-ended OK-VQA 9009

Chart Understanding Open-ended IconQA 10000
Open-ended TabMWP 22579

Figure 3: Data statistic of ThinkLite-VL-70k training dataset. We find that converting answers to
open-ended format is critical in reliably assessing question difficulty and effective model training.

then directly apply RL training to enhance reasoning on this curated data, demonstrating strong
performance without requiring any SFT stage.

Data filtration. Data filtration aims to identify and retain high-quality, diverse, and task-relevant
data while discarding noisy or redundant information to optimize training efficiency and generalization
performance. It is important for the pretraining phase [14, 29, 79, 58, 54, 2, 95, 67, 56] and instruction
tuning phase [34, 33, 7, 9, 38, 103, 89] of both LLMs and VLMs. In this paper, we specifically
focus on filtering training instances to curate data optimally for efficient downstream RL training to
improve the reasoning capabilities of VLMs. A concurrent work, MM-Eureka [50], also investigates
the impact of data filtration on RFT. While MM-Eureka [50] filters samples based on zero-shot
accuracy, our MCTS-based method provides a more expressive and fine-grained estimate of sample
difficulty, capturing both solved and unsolved-but-informative cases. Importantly, our findings reveal
that samples requiring extended reasoning—even when not solved by the model—can be highly
beneficial during RFT.

To our knowledge, ThinkLite-VL is the first framework to combine search-based sample difficulty
estimation with reinforcement fine-tuning—achieving data-efficient self-improvement for visual
reasoning at both 7B and 72B scale, without any SFT or distillation.

3 Training Recipe

In this section, we will introduce the complete training pipeline of ThinkLite-VL. First, in Section 3.1,
we describe how we collect our training data that we later sample hard problems from. Then, in
Section 3.2, we detail how we employ a base model combined with Monte Carlo Tree Search (MCTS)
for data filtering to select prompts that are challenging for the base model. Finally, in Section 3.3,
we explain how we use these filtered data to train ThinkLite-VL. We note that the proposed data
filtering method, introduced in Section 3.2, is the core technical contribution of ThinkLite-VL.
Specifically, ThinkLite-VL highlights the importance of difficulty-aware training sample selection in
self-improving training, and effectively repurposes MCTS for sample difficulty prediction.

3.1 Data Collection

We collect a total of 70k datas from widely used open-source training datasets as our initial training
set, covering three category: multimodel mathematical reasoning (Geometry3K [42], GeoQA [6],
Geos [60]), natural image understanding (FigureQA [25], ScienceQA [43], OK-VQA [48]), and
chart understanding (IconQA [45], TabMWP [44]). For FigureQA and IconQA, due to the large size
of their original training sets, we only randomly sample 10k data points from each as our training
set. The overall data distribution is shown in Figure 3. Each training sample is organized into the
following format: (Image, id, Prompt, Answer).

Furthermore, to prevent the VLM from obtaining correct answers by merely guessing from multiple-
choice options, we reformulated IconQA, FigureQA, Geometry3K, TabMWP, and OK-VQA from a
multiple-choice format to an open-ended format. This modification compels the VLM to derive the
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correct answer through reasoning rather than selection, thereby increasing the difficulty of the tasks
and enhancing the reliability of the data filtering process described in the subsequent section.

3.2 MCTS-based Sample Selection

Figure 4: Data difficulty distribu-
tion of our 11k training set after
7B MCTS-based data filtration. Un-
solved refers to data that VLM can-
not solve after 50 MCTS iterations.

In our work, the collected data primarily originates from com-
monly used pretraining datasets for existing VLMs, which
makes the model susceptible to overfitting on certain sam-
ples. Inspired by recent successes of data filtration in LLM
SFT [53, 88] and conventional reinforcement learning [59, 74],
we propose a MCTS-based sample selection mechanism. This
approach leverages the VLM’s own iterative reasoning process,
using the number of iterations required to reach the correct
answer as a metric to assess the difficulty of each data sample.
Consequently, we can selectively filter for those samples that
are more challenging for the model during RL training, rather
than using the entire dataset.

Specifically, we define the state at step t, denoted as st, to
represent the prefix of the reasoning chain. The introduction of
a new reasoning step, a, transitions the state to st+1, which is formed by concatenating st with a. By
leveraging VLM itself as policy model, πθ, we sample candidate steps from the probability distribution
πθ(a|x, I, st), where x denotes the task’s input prompt and I represents the input image. The MCTS
process starts from the root node, s0, representing the beginning of a sentence. It then iteratively
proceeds through three key phases—selection, expansion and simulation—which are described in
detail in the subsequent paragraphs. In contrast to previous studies, during the data filtering stage with
MCTS, we prioritize computational efficiency and comprehensive exploration of the solution space,
with our focus centered on self-rewarding setting. Consequently, throughout the MCTS process, we
do not employ any pretrained or separately trained process reward models, thereby simplifying and
accelerating the procedure. The prompt used for MCTS is shown in Appendix A Table 6.

Selection. In our MCTS procedure, the selection process is only determined by the visitation
frequency, denoted as N(st), of the current state st. At node st, the subsequent node is selected

according to the following formula: st+1 = argmaxst

[
cpuct ·

√
N(st)

1+N(st+1)

]
Expansion. Given a current step st, the VLM generates k distinct actions based on the prompt
and image through temperature decoding. Each of these actions is then combined with the current
step to form k candidates next steps. The diversity among these actions is regulated by temperature
parameter, which is set to 0.5 in our experiments, with k configured as 3.

Simulation. After selecting a node , we directly utilize the policy πθ to generate several reasoning
steps until a final answer is produced or a preset reasoning step limit is reached. Subsequently, we
employ the corresponding LLM (in our experiments, the Qwen2.5-VL-7B-Instruct and Qwen2.5-
VL-72B-Instruct are used, with Qwen2.5-7B-Instruct serving as the critic model) to compare the
generated final answer with the ground truth answer, thereby determining the correctness of the
response. If the answer is correct, the MCTS process is terminated and the current iteration number
K is recorded; if the answer is incorrect, the visit count N of the selected node is updated and the
next iteration commences. Appendix A Table 7 illustrates the prompt employed for the critic model.

Data filtration. We apply this MCTS procedure to the entire collection of 70k data samples and
record the iteration number K required to solve each problem, using Qwen2.5-VL-7B-Instruct and
Qwen2.5-VL-72B-Instruct as the policy model. In this process, K served as a metric for assessing
the difficulty of each sample: a higher K indicates that the VLM requires more extensive exploration
to arrive at the correct answer, thereby reflecting a greater level of challenge. Ultimately, we select all
samples with K greater than 5, as well as those that remained unsolved after 50 iterations, resulting
in a final training set of 11k samples with 7B model and 7.5k samples with 72B model. The data
difficulty distribution of 11k training set of 7B model is shown in Figure 4 as an example.
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Table 1: Visual reasoning training data comparison between ThinkLite-VL-7B and other 7B-level
VLM reasoning models. ALL these reasoning models have distilled knowledge from larger models or
closed-source models except for MM-Eureka-Qwen-7B. MM-Eureka-Qwen-7B performs accuracy-
based data filtering before training and uses more data (15k) than ours. Here the data size refers to the
amount of extra visual reasoning data used to boost the base model for reasoning, via SFT or RFT.

Reasoning Models Knowledge Distillation (KD) RFT Data size

LLaVA-Cot-11B [83] GPT-4o ✗ 100k
Mulberry-7B [86] GPT-4o, Qwen2-VL-72B ✗ 260k
Vision-R1-7B [22] Deepseek-R1 ✓ 200k + 10k
OpenVLThinker-7B [12] DeepSeek-R1-Distill-Qwen-14B ✓ 59.2k
MM-EUREKA-Qwen-7B [50] – ✓ 15k

ThinkLite-VL-7B – ✓ 11k

3.3 Visual Reasoning Training

Unlike previous VLM reasoning studies, which heavily depend on large-scale Chain-of-Thought
(CoT) data generated by external models and employ SFT for knowledge distillation to enhance
reasoning capabilities (as shown in Table 1), we demonstrate that directly performing reinforcement
fine-tuning (RFT) with a small amount of high-quality training data can significantly enhance the
reasoning ability of VLMs, without the need for extensive external data generation.

After conducting MCTS-based sample selection and obtaining a filtered set of high-quality training
data (11k for 7B and 7.5k for 72B), we then perform RL fine-tuning on the Qwen2.5-VL models
using these selected data. Specifically, we employ Group Relative Policy Optimization (GRPO) loss
function proposed by [62] for training, with the objective defined as follows:
JGRPO(θ) = Eq∼P (Q),{oi}G

i=1∼πold
θ (O|q)[

1

G

G∑
i=1

1

|oi|

|oi|∑
t=1

min

{
πθ(oi,t | q, oi,<t)

πold
θ (oi,t | q, oi,<t)

Âi,t, clip

(
πθ(oi,t | q, oi,<t)

πold
θ (oi,t | q, oi,<t)

, 1− ϵ, 1 + ϵ

)
Âi,t

}
− β DKL(πθ ∥πpre)

]
.

(1)
We provide the training prompt template during RFT in Appendix A Table 8.

4 Experiments

4.1 Benchmark Evaluation

We systematically evaluate ThinkLite-VL on several commonly used multimodal benchmark datasets
and perform comprehensive comparisons with existing reasoning models. Through these experiments,
we demonstrate the effectiveness and advantages of our model in multimodal reasoning tasks.

Baseline VLMs. We compare our method with both 7B level and 72B level models as follows:

• For 7b-level VLMs, we use Qwen2.5-VL-7B-Instruct as the base model and perform RFT on the
11k high-quality data obtained through MCTS-based filtration, resulting in our reasoning model,
named ThinkLite-VL-7B. We conduct training using Easy-R1 [101] code base and set GRPO rollout
number as 32. Our main baselines are as follows: (1) Qwen2.5-VL-7B-Instruct [3], serving as our
base model; (2) ThinkLite-VL-Random11k, trained using RFT on a randomly sampled subset of 11k
instances from the full 70k dataset. Besides, we report the performance of several recent general and
reasoning VLMs for comparison, including general opensourced models LLaVA-Onevision-7B [30]
and InternVL2.5-8B [10], the SFT-based reasoning models LLaVA-Cot-11B [83] and Mulberry-
7B [86], as well as the RFT-based reasoning models Vision-R1 [22], MM-Eureka-Qwen-7B [50],
and OpenVLThinker-7B [12].

• For 72B-level VLMs, we use Qwen2.5-VL-72B-Instruct as the base model. We perform RFT on the
7.5k high-quality data obtained by Qwen2.5-VL-72B-Instruct through MCTS-based filtration and
get 72B reasoning model ThinkLite-VL-72B. The 72B-level baselines include: (1) our base model
Qwen2.5-VL-72B-Instruct [3]; (2) two opensourced general VLMs LLaVA-Onevision-72B [30]
and InternVL2.5-78B [10]; (3) one opensouced reasoning model QvQ-72B [71]; (4) ThinkLite-
VL-Random7.5k, trained using RFT on 7.5k randomly selected samples from the full 70k dataset.
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Table 2: Comparison of different VLMs on 8 widely used visual benchmarks. Our model achieves
SoTA performance at both 7B level and 72B level on 6 benchmarks and reaches a SoTA performance
of 79.7 on MathVista among all VLMs. On average, our model improves performance by 7.5%
and 6.5% compared with our base models Qwen2.5-VL-7B-Instruct and Qwen2.5-VL-72B-Instruct.
We do not evaluate Mulberry-7B on MathVision because Mulberry-7B uses MathVision as training
dataset. We evaluate all models with same code using vLLM [27] inference. For reasoning models,
we use thinking templates provided in their codebase to generate thoughts and get the final answer.
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Proprietary Models

OpenAI-GPT-4o – 63.8 36.8 50.2 69.1 64.7 83.4 69.1 84.6 65.21
OpenAI-o1 – 73.9 58.2 57.0 77.6 – – – – –

7B-level General and Reasoning Vision-Language Models

LLaVA-Onevision-7B – 63.2 17.4 26.2 48.8 61.7 80.8 57.5 81.4 54.63
InternVL2.5-8B – 64.4 22.0 39.5 54.9 62.8 82.7 68.8 83.3 59.80
Qwen2.5-VL-7B-Instruct – 67.8 23.6 44.5 50.6 61.7 80.7 66.0 82.6 59.69
LLaVA-Cot-11B 100k 54.8 16.3 33.9 46.2 57.6 75.0 60.3 78.7 52.85
Mulberry-7B 260k 63.1 – 39.6 55.0 61.3 79.2 63.7 80.1 –
Vision-R1-7B 210k 73.5 30.7 51.9 50.5 60.2 78.9 65.6 80.4 61.46
OpenVLThinker-7B 59.2k 70.2 29.6 47.9 51.9 63.2 81.3 66.9 82.7 61.71
MM-EUREKA-Qwen-7B 15k 73.0 31.9 50.3 52.3 64.1 79.3 64.9 81.4 62.15

Our 7B-level Reasoning Model

ThinkLite-VL-7B-Random11k 11k 71.9 26.1 47.3 51.7 62.7 81.1 65.5 80.9 60.89
ThinkLite-VL-7B 11k 75.1 32.9 52.1 55.5 65.0 81.4 67.8 83.6 64.18
∆ (Ours - Random selection) – +3.2 +6.8 +4.8 +3.8 +2.3 +0.3 +2.3 +2.7 +3.29
∆ (Ours - Open 7B SoTA) – +1.6 +1.0 +0.2 +0.5 +0.9 -1.3 -1.0 +0.3 +2.03

72B-level General and Reasoning Vision-Language Models

LLaVA-Onevision-72B – 67.5 29.3 39.1 56.8 66.1 85.9 63.7 85.6 61.75
InterVL2.5-78B – 72.3 34.9 51.7 68.7 68.9 87.2 72.3 87.9 67.99
Qwen2.5-VL-72B-Instruct – 74.8 35.2 53.3 63.4 68.4 87.4 76.3 87.2 68.25
QvQ-72B – 71.4 32.7 48.6 70.3 67.2 86.3 75.9 86.6 67.37

Our 72B-level Reasoning Model

ThinkLite-VL-72B-Random7.5k 7.5k 76.4 37.1 57.5 65.8 71.3 87.6 76.7 86.9 69.91
ThinkLite-VL-72B 7.5k 79.7 43.8 64.3 68.3 72.0 88.2 77.3 87.7 72.67
∆ (Ours - Random selection) – +3.3 +6.7 +6.8 +2.5 +0.7 +0.6 +0.6 +0.8 +3.06
∆ (Ours - Open 72B SoTA) – +4.9 +8.6 +11.0 -2.0 +3.1 +0.8 +1.0 -0.2 +4.42

We also include proprietary models as performance references which include OpenAI-GPT-4o and
OpenAI-o1. For all models, we use 8×80G A100 GPUs for model training and evaluation.

Benchmarks. We select eight widely used VLM benchmarks for evaluation, namely MathVista [41],
MathVison [69], MathVerse [96], MMMU [93], MMStar [8], MMBench [40], MMVet [91], and
AI2D [26]. Among them, MathVista, MathVison, and MathVerse are widely used in VLM research
to evaluate mathematical reasoning capabilities, while MMVet also includes a significant number of
mathematical reasoning tasks. In contrast, MMMU, MMStar, MMBench, and AI2D are primarily
utilized to assess VLM’s visual perception reasoning and scientific reasoning abilities.

SoTA performance over both 7B and 72B models. As shown in Table 2, ThinkLite-VL-7B
and ThinkLite-VL-72B show a significant improvement in average performance across the eight
benchmarks compared to the base model Qwen2.5-VL-7B-Instruct and Qwen2.5-VL-72B-Instruct,
with the average performance increasing from 59.69 to 63.89 and 68.25 to 72.67, respectively.
ThinkLite-VL-7B also outperforms reasoning models that primarily achieve performance enhance-
ment through extensive knowledge distillation (such as LLaVA-CoT-11B, Mulberry-7B, Vision-
R1-7B, and OpenVLThinker-7B) with the closest average performance to GPT-4o. Compared to
MM-EUREKA-Qwen-7B, which does not involve SFT knowledge distillation but adopts a larger
RL training dataset, our model consistently outperforms across all benchmarks, highlighting the
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Table 3: Comparison with models trained on data sampled using different selection strategies,
ThinkLite-VL achieves significantly better performance, highlighting the effectiveness and superiority
of our proposed MCTS-based sample selection method.
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ThinkLite-VL-7B 11k 75.1 32.9 52.1 55.5 65.0 81.4 67.8 83.6 64.18
ThinkLite-VL-Unsolved 5.6k 73.6 26.9 49.4 52.1 62.7 81.1 67.0 83.5 62.04
ThinkLite-VL-Iter5Only 5.4k 73.5 27.5 50.2 52.5 64.2 80.9 66.9 83.3 62.38
ThinkLite-VL-Random11k 11k 71.9 26.1 47.3 51.7 62.7 81.1 65.5 80.9 60.89
ThinkLite-VL-SelfConsistency 23k 74.6 30.9 50.1 53.8 64.1 81.3 67.1 83.3 63.15
ThinkLite-VL-Fullset 70k 74.3 29.9 52.2 53.1 63.7 81.6 67.2 83.0 63.13

importance of high-quality data filtering before training, and the effectiveness of the proposed
MCTS-based filtering. For more discussion between offline and online data filtration, please refer to
Section 4.3. Analyzing individual benchmarks, ThinkLite-VL-7B achieves best performance among
all 7B-scale models on six out of eight benchmarks, with only marginal gaps behind InternVL2.5-7B
on MMBench and MM-Vet. In addition, ThinkLite-VL-72B outperforms all existing open-source
vision-language models across six benchmarks. Notably, ThinkLite-VL-7B attains SoTA accuracy of
75.1 on MathVista, exceeding both GPT-4o and o1. ThinkLite-VL-72B further advances the frontier,
reaching 79.7 on MathVista and 64.3 on MathVerse, establishing new SoTA on both benchmarks.

Effectiveness of MCTS-based sample selection. Compared to training on an equal number of
randomly selected samples from the full 70K dataset (ThinkLite-VL-7B-Random11k and ThinkLite-
VL-72B-Random7.5k), ThinkLite-VL-7B and ThinkLite-VL-72B demonstrate a clear advantage
across eight benchmarks, with average performance improvements of 5.4% at the 7B scale and 4.4%
at the 72B scale. These results further show the importance of MCTS-based sample selection.

4.2 Importance of MCTS-based Sample Selection

We conduct ablation studies to demonstrate the importance of MCTS-based sample selection. We
compare five different training settings of ThinkLite-VL: (1) ThinkLite-VL-Unsolved: Trained using
only the 5.6k samples that could not be solved by MCTS, representing the most difficult subset. (2)
ThinkLite-VL-Iter5Only: Trained on the subset of data that VLM is able to solve via MCTS, but
required more than 5 iterations. This set, combined with the unsolved samples, forms the full 11k
training set used in ThinkLite-VL. (3) ThinkLite-VL-Random11k: Trained on a randomly sampled
11k subset from the full 70k dataset, matching the size of the ThinkLite-VL training set. (4) ThinkLite-
VL-SelfConsistency: Trained on 23k samples selected based on a self-consistency difficulty measure.
Specifically, for each prompt, we perform 50 rollouts using Qwen2.5-VL-7B-Instruct and compute
answer accuracy using Qwen2.5-7B-Instruct. Samples with accuracy lower than 0.2 are selected for
RFT. (5) ThinkLite-VL-Fullset: Trained on the complete 70k dataset without any filtering. We report
the evaluation results of all five settings across the eight VLM benchmarks, as shown in Table 3.

We observe that ThinkLite-VL-7B, trained using 11k samples via MCTS-guided sample selection,
achieves the highest average performance among all settings. It outperforms not only the random
sampling baseline but also models trained on the full dataset and self-consistency-based filtering,
despite using significantly fewer training samples. This highlights the effectiveness of our difficulty-
aware data selection strategy. Further analysis reveals that models trained on subsets derived solely
from unsolved samples or samples requiring more than five iterations also show decent performance,
suggesting that hard and medium-difficulty samples contribute meaningfully to reasoning ability.
However, neither subset alone is sufficient. The combination of both unsolved and medium-difficulty
samples yields the strongest and most effective training signal. Additional analyses are in Appendix B.

4.3 Comparison with Online Data Selection

In this section, we compare our offline data-selection strategy with an online alternative and evaluate
their impact on model performance. We adopt an online baseline based on self-consistency filtering:
during training we keep only those samples whose rollout accuracy is greater than 0 but below 0.9,

8



Table 4: Comparison between ThinkLite-VL and model trained with offline and online self-
consistency based sample selection. Our method demonstrates significant advantages.
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7B Offline MCTS (Ours) 75.1 32.9 52.1 55.5 65.0 81.4 67.8 83.6 64.18
SelfConsistency 74.6 30.9 50.1 53.8 64.1 81.3 67.1 83.3 63.15

Online SelfConsistency 74.2 26.9 50.1 50.6 64.8 82.0 67.1 83.0 62.34

72B Offline MCTS (Ours) 79.7 43.8 64.3 68.3 72.0 88.2 77.3 87.7 72.67
SelfConsistency 77.3 39.1 62.0 66.3 71.6 87.7 77.0 87.1 71.01

Online SelfConsistency 76.9 38.5 58.2 66.0 71.7 87.5 77.1 87.4 70.12

drawing additional samples until the training batch is full. Table 4 compares this online variant with
our MCTS-based offline selector and a plain offline self-consistency baseline. Similar to the findings
in other RL studies [90], the online filter offers negligible improvement except converges faster. The
decisive factor is still the ability to identify examples that are truly challenging for the current model,
a task at which our MCTS selector excels due to its explicit tree search.

4.4 Data Difficulty Analysis between 7B and 72B Models

We analyze the 11k and 7.5k sample sets selected by 7B and 72B models, to examine how models of
different capacity agree on the sample difficulty. We find that there is an overlap of 5.4k samples,
where 3.6k of them are instances that neither model is able to solve within 50 MCTS iterations. The
real divergence lies in the mid-difficulty stratum. We observe that for this subset, the two models
often behave asymmetrically: problems easily solved by the 7B model may require many more
iterations for the 72B model, and vice versa, exposing distinct reasoning heuristics across models.

We validate this model-specific preference through cross-sample training: the 11k samples selected
by the 7B model are used to RFT the 72B model, and vice versa. Table 5 shows that the gains in both
settings were markedly smaller than when each model trains on its own curated set. These results
suggest that a sample set tailored to one model transfers poorly to another, even in a strong-to-weak
setting. Instead, it is more effective to scale extra compute to find appropriately difficult samples that
best fit the model itself, as the approach proposed in ThinkLite-VL.

Table 5: Comparison between the 7B and 72B models which trained on each other’s selected samples,
the resulting performance improvements drops significantly.
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ThinkLite-VL-7B 7.5k-72B 70.2 26.3 49.2 51.6 61.7 81.1 66.9 82.9 61.24
11k-7B 75.1 32.9 52.1 55.5 65.0 81.4 67.8 83.6 64.18

ThinkLite-VL-72B 11k-7B 76.4 38.5 58.4 67.2 70.2 87.3 76.6 87.4 70.24
7.5k-72B 79.7 43.8 64.3 68.3 72.0 88.2 77.3 87.7 72.67

5 Conclusion

We have introduced an effective self-improvement approach to enhance the reasoning capabilities
of VLMs, eliminating the need for external supervision or knowledge distillation. Our key insight
highlights the critical importance of selecting appropriately challenging examples for RFT. We
find that when training data quality is sufficiently high, even a small dataset can substantially
enhance visual reasoning performance without knowledge distillation. Building on this insight, we
propose a novel data selection technique, MCTS-based sample selection, which identifies and retains
challenging samples by quantifying the number of MCTS reasoning iterations. Starting from 70k
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initial samples, we obtain a high-quality subset comprising 11k and 7.5k challenging samples for
7B-level and 72B-level models, respectively. These curated datasets are then used to fine-tune the
Qwen2.5-VL-7B-Instruct and Qwen2.5-VL-72B-Instruct via RFT, resulting in the reasoning VLMs
named ThinkLite-VL-7B and ThinkLite-VL-72B. Our models demonstrate significant improvements
across multiple visual reasoning benchmarks, and notably achieves a new SoTA accuracy of 79.7 on
MathVista and 64.3 on MathVerse. We hope that our findings on the difficulty-based selection of
RFT training data can provide insights for training more effective reasoning VLMs.
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NeurIPS Paper Checklist

The checklist is designed to encourage best practices for responsible machine learning research,
addressing issues of reproducibility, transparency, research ethics, and societal impact. Do not remove
the checklist: The papers not including the checklist will be desk rejected. The checklist should
follow the references and follow the (optional) supplemental material. The checklist does NOT count
towards the page limit.

Please read the checklist guidelines carefully for information on how to answer these questions. For
each question in the checklist:

• You should answer [Yes] , [No] , or [NA] .
• [NA] means either that the question is Not Applicable for that particular paper or the

relevant information is Not Available.
• Please provide a short (1–2 sentence) justification right after your answer (even for NA).

The checklist answers are an integral part of your paper submission. They are visible to the
reviewers, area chairs, senior area chairs, and ethics reviewers. You will be asked to also include it
(after eventual revisions) with the final version of your paper, and its final version will be published
with the paper.

The reviewers of your paper will be asked to use the checklist as one of the factors in their evaluation.
While "[Yes] " is generally preferable to "[No] ", it is perfectly acceptable to answer "[No] " provided a
proper justification is given (e.g., "error bars are not reported because it would be too computationally
expensive" or "we were unable to find the license for the dataset we used"). In general, answering
"[No] " or "[NA] " is not grounds for rejection. While the questions are phrased in a binary way, we
acknowledge that the true answer is often more nuanced, so please just use your best judgment and
write a justification to elaborate. All supporting evidence can appear either in the main paper or the
supplemental material, provided in appendix. If you answer [Yes] to a question, in the justification
please point to the section(s) where related material for the question can be found.

IMPORTANT, please:

• Delete this instruction block, but keep the section heading “NeurIPS Paper Checklist",
• Keep the checklist subsection headings, questions/answers and guidelines below.
• Do not modify the questions and only use the provided macros for your answers.

1. Claims
Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?
Answer: [Yes] .
Justification: See Abstract and Introduction sections.
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: Section E
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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] .

Justification: [NA]

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: See contributions in introduction and Section 4.

Guidelines:

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

Answer: [Yes] .

Justification: We provide all training data and code.

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).
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• 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: Section 4

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: 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.
• 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: Section 4

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.
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• 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:
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: We discuss both potential positive societal impacts and negative societal
impacts in the conclusion section.
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.

• 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 high misuse risks.
Guidelines:
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• 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: [Yes] .
Justification: The paper properly credits the creators of existing assets (e.g., VLLM, Qwen)
with citations, explicitly stating their licenses and confirming compliance with their terms of
use.
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.

13. New assets
Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?
Answer: [Yes] .
Justification: This paper includes all training code in supplementary materials.
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)?
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Answer: [NA] .
Justification: The paper does not involve crowdsourcing or 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 research with human subjects or crowdsourcing.
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
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: [Yes] .
Justification: We used the Qwen2.5-VL series to filter and select training samples. This
LLM-based selection process is a critical step in constructing our training dataset and
constitutes an essential, non-standard component of our core methodology.
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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A Prompts used in experiments

A.1 Prompt for MCTS

The prompt used for MCTS is shown in Table 6.

Table 6: Prompt used for VLM during MCTS procedure. We provide two examples of in-context
learning to force VLM to follow the reasoning format.

MCTS Prompt Template:
Answer the question **step by step** and provide the final answer at the end, each step
should end with **<end>** and put your final answer within . Below are two examples:
Question: BoatsRUs built 7 canoes in January of this year and then each subsequent
calendar month they built twice the number of canoes they had built the previous month.
How many total canoes were built by BoatsRUs by the end of May of this year?
### Step1: To find the result of the total number of canoes built by BoatsRUs by the end
of May, I need to find the number of canoes built in each month from January to May and
then add them up. <end>
### Step2: To find the number of canoes built in each month, I need to use the formula
for the number of canoes built in a given month, which is the number of canoes built in
the previous month times 2. <end>
### Step3: So, the number of canoes built in January is 7, the number of canoes built
in February is 7 times 2, which is 14, the number of canoes built in March is 14 times
2, which is 28, the number of canoes built in April is 28 times 2, which is 56, and the
number of canoes built in May is 56 times 2, which is 112. <end>
### Step4: Now, I can add up these numbers to get the total number of canoes built by
BoatsRUs by the end of May: 7 plus 14 plus 28 plus 56 plus 112, which is 217. <end>
### Final Answer: The answer is: 217 .
Question: Find the number of blue circles in the figure.
### Step 1: To find the result of the number of blue circles, I need to interpret the figure.
The figure is a Venn diagram with two labeled sets: - One set labeled "blue" contains all
the shapes that are blue in color. - The other set labeled "circle" contains all the shapes
that are circular in shape. The overlapping region of the Venn diagram contains shapes
that are both blue and circular. <end>
### Step 2: The overlapping region contains shapes that meet both criteria: Blue color
and Circle shape. From the diagram: - There is **one blue circle** in the overlapping
region. <end>
### Final Answer: The answer is: 1 .
Remember to answer the question **step by step**! Here is your question:
Question: {QUESTION}

A.2 Prompt for Critic Model

The prompt used for critic model during MCTS is shown in Table 7.

A.3 Prompt for RFT

The prompt used for RFT is shown in Table 8.

B More experiments

B.1 Reward curves of VLM with different training data

We compare the reward curves during RFT of ThinkLite-VL-Random11k, ThinkLite-VL-Fullset,
ThinkLite-VL-Iter5Only, and ThinkLite-VL, as shown in Figure 5. Although ThinkLite-VL-
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Table 7: Critic prompt for MCTS simulation results evaluation.

Critic Prompt Template:
Please help me judge the correctness of the generated answer and the corresponding
rationale.
Question: {}
Ground truth answer: {}
Generated rationale and answer: {}
Your output should only be one sentence: the generated answer is true or false.

Table 8: Prompt template used for reinforcement learning fine-tuning.

Prompt Template:
You FIRST think about the reasoning process as an internal monologue and then provide
the final answer. The reasoning process MUST BE enclosed within <think> </think> tags.
The final answer MUST BE put in .

Random11k and ThinkLite-VL-Fullset achieve higher rewards during training, their actual benchmark
performances are inferior to ThinkLite-VL. This observation suggests that incorporating a large
number of easy samples into training rapidly improves rewards but fails to enhance the model’s
reasoning ability. Moreover, ThinkLite-VL exhibits notably lower rewards compared to ThinkLite-
VL-Iter5Only, indicating that the unsolved data identified by our MCTS-based sample selection
strategy indeed pose significant challenges to the VLM. By progressively learning to solve these chal-
lenging problems during training—even if not all are solved completely—the reasoning capabilities
of VLMs can be substantially improved.

Figure 5: Comparison of reward curves of 7B models trained with different data during RFT.
Iter5+Unsolved 11k dataset presents the most challenging learning setting for VLM, highlighting the
difficulty of the samples selected by MCTS-based sample selection.

B.2 Ablation Study of Data Difficulty

In this section, we investigate how training data difficulty affects model performance. We present the
average performance of models trained using different difficulty data in Table 9. Notably, the model
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trained with the Iter5+Unsolved subset achieves the highest average score of 63.89, outperforming all
other settings. When expanding the difficulty threshold (e.g., Iter10, Iter20, Iter30, and Iter40), the
model performance consistently declines, suggesting that medium-difficulty samples are important
for improving model reasoning ability. As the difficulty of the training data decreases, the model’s
performance also declines. This trend suggests that the inclusion of an excessive number of easy
samples may weaken the training signal during RFT and ultimately hurt the model’s reasoning ability.

Table 9: ThinkLite-VL-7B performance under different training data difficulty settings.
Iter5+Unsolved achieves the best performance.

Difficulty level Data size Avg. score

Fullset 70k 63.13
Iter1+Unsolved 18k 63.29
Iter5+Unsolved 11k 63.89
Iter10+Unsolved 8k 62.65
Iter20+Unsolved 6.8k 62.61
Iter30+Unsolved 6.1k 62.39
Iter40+Unsolved 5.8k 62.26
Unsolved 5.6k 62.04

C Case Studies

In this section, we present samples of varying difficulty levels selected by the MCTS-based sample
selection method across different datasets, as shown in Tables 15 through 14. The difficulty levels are
determined based on the number of reasoning iterations required by the VLM to arrive at the correct
answer during the MCTS process, providing reference examples for understanding how the method
distinguishes between easy and challenging samples.

D Limitations

While sample selection has effectively enhanced the reasoning capabilities of vision-language models
(VLMs), the overall training efficiency remains a key limitation, both in data filtering and rein-
forcement learning stages. Common approaches such as self-consistency-based selection and our
proposed MCTS-based strategy require substantial time for sample filtering. Additionally, the GRPO
training process incurs significant computational overhead due to the large number of rollout samples
needed for target value estimation. These efficiency challenges can potentially be mitigated through
parallelized sample generation and processing, which we leave as an avenue for future work.

E Societal impacts

ThinkLite-VL can positively impact society by enabling more data-efficient and accessible develop-
ment of advanced visual reasoning in vision-language models (VLMs). However, negative societal
risks include the potential misuse of its MCTS-based sample selection insights for crafting sophis-
ticated disinformation. Responsible development must also guard against over-reliance on these
enhanced, yet still fallible, reasoning systems.
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Example 3: Different difficulty samples from FigureQA

Iter0 Question: Is Medium Blue less than Dark Orchid?
Ground Truth Answer: Yes.

Iter29 Question: Does Dodger Blue intersect Dark Slate?
Ground Truth Answer: Yes.

Unsolved Question: Does Violet Red have the maximum area under the curve?
Ground Truth Answer: No.

Table 10: Example of samples with different difficulties decided by MCTS-based sample selection
from FigureQA.
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Example 4: Different difficulty samples from ScienceQA

Iter0 Question: Think about the magnetic force between the magnets in each pair. Which of the
following statements is true? Choices: (A) The magnitude of the magnetic force is greater in
Pair 2. (B) The magnitude of the magnetic force is greater in Pair 1. (C) The magnitude of the
magnetic force is the same in both pairs.
Ground Truth Answer: A.

Iter13 Question: Which solution has a higher concentration of purple particles? Choices: (A) neither;
their concentrations are the same (B) Solution A (C) Solution B
Ground Truth Answer: B.

Unsolved Question: What is the direction of this push? Choices: (A) away from the hockey stick (B)
toward the hockey stick
Ground Truth Answer: A.

Table 11: Example of samples with different difficulties decided by MCTS-based sample selection
from ScienceQA.
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Example 5: Different difficulty samples from OK-VQA

Iter0 Question: What food group is pictured here?
Ground Truth Answer: fruit.

Iter20 Question: What is the length of the surfboard the man in the black shorts at the back of the
line of people is holding?
Ground Truth Answer: 7 feet.

Unsolved Question: What is this guy’s profession?
Ground Truth Answer: security.

Table 12: Example of samples with different difficulties decided by MCTS-based sample selection
from OK-VQA.
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Example 6: Different difficulty samples from IconQA

Iter0 Question: How many flowers are there?
Ground Truth Answer: 56.

Iter10 Question: How many dots are there?
Ground Truth Answer: 40.

Unsolved Question: How many stars are there?
Ground Truth Answer: 19.

Table 13: Example of samples with different difficulties decided by MCTS-based sample selection
from IconQA.
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Example 7: Different difficulty samples from TabMWP

Iter0 Question: Adriana wants to buy 3 pounds of silver confetti. How much will she spend?
Ground Truth Answer: 36.

Iter22 Question: A game show viewer monitors how often a wheel numbered 1 through 5 stops at
each number. How many people are there in all?
Ground Truth Answer: 29.

Unsolved Question: The employee at the department store counted the number of ties on each tie rack.
How many racks have at least 30 ties but fewer than 70 ties?
Ground Truth Answer: 15.

Table 14: Example of samples with different difficulties decided by MCTS-based sample selection
from TabMWP.
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Example 1: Different difficulty samples from Geometry3K

Iter0 Question: Find y so that the quadrilateral is a parallelogram.
Ground Truth Answer: 9.

Iter16 Question: Use parallelogram M N P R to find y.
Ground Truth Answer: 6.45.

Unsolved Question: Find the area of the parallelogram. Round to the nearest tenth if necessary.
Ground Truth Answer: 315.

Table 15: Example of samples with different difficulties decided by MCTS-based sample selection
from GeoQA.
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Example 2: Different difficulty samples from Geos

Iter0 Question: What is the area of the following square, if the length of BD is 2 ∗
√
2? Choices:

(A) 1 (B) 2 (C) 3 (D) 4 (E) 5.
Ground Truth Answer: D.

Iter7 Question: Given the circle at the right with diameter AB, find x. Choices: (A) 30 degrees (B)
45 degrees (C) 60 degrees (D) 90 degrees (E) None
Ground Truth Answer: D.

Unsolved Question: In the diagram at the right, lines f and g are parallel, and lines a and b are parallel.
x = 75. What is the value of y + z? Choices: (A) 75 (B) 105 (C) 150 (D) 180 (E) None
Ground Truth Answer: D.

Table 16: Example of samples with different difficulties decided by MCTS-based sample selection
from Geos.
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