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Abstract

Recent vision-language models (VLMs) show strong reason-
ing capabilities through training with reinforcement learning
from verifiable rewards (RLVR). Despite their impressive ca-
pabilities, current VLMs focus on a limited range of reasoning
tasks, such as mathematical and logical reasoning, due to the
lack of readily available verifiable reward data in broader do-
mains. As a result, these models struggle to generalize their
reasoning abilities to the wide variety of challenges encoun-
tered in real-world environments. To address this limitation,
we collect and assemble a comprehensive RL-ready visual
reasoning training dataset encompassing 46 datasets across 13
dimensions of 5 domains, covering a wide range of realistic
scenarios such as infographic reasoning, mathematical reason-
ing, spatial reasoning, and general science reasoning. Based
on this dataset, we propose an influence function-based data
filtering strategy and a multi-round data curriculum method to
iteratively strengthen general visual reasoning abilities. Using
this approach, we train a general reasoning VLM, namely
Vision-G1. Our 7B model achieves state-of-the-art perfor-
mance across nine visual reasoning benchmarks, surpassing
similar-sized VLMs and even GPT-4o and Gemini-1.5 Flash.

Code — https://github.com/yuh-zha/Vision-G1

Introduction
Large language models (LLMs) trained with reinforcement
learning (RL) from verifiable rewards, such as DeepSeek
R1 (Guo et al. 2025), show strong reasoning capabilities on
diverse tasks such as math (Cobbe et al. 2021; Hendrycks
et al. 2021) and coding (Jimenez et al. 2024). Following
this paradigm, the open source community has proposed ad-
ditional reasoning LLM training methods (Yu et al. 2025;
Hu et al. 2025; Yuan et al. 2025) to advance these capabil-
ities further. It is promising to apply similar methods from
pure language models to vision language models (VLMs),
enabling VLMs to exhibit strong reasoning capabilities on
a wide range of visual reasoning tasks. While the common
practice for training vision-language models (Bai et al. 2025;
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Figure 1: Performance comparison between Vision-G1 (ours)
and other methods on ten general visual reasoning datasets.

Chen et al. 2024d; Liu et al. 2023a) involves only super-
vised fine-tuning after pre-training, there have already been
some initial attempts to post-train VLMs with reinforcement
learning from verifiable rewards to enhance their visual per-
ception (Liu et al. 2025; Shen et al. 2025) and reasoning
(Peng et al. 2025; Meng et al. 2025a; Du et al. 2025; Yang
et al. 2025; Zhan et al. 2025; Huang et al. 2025; Wang et al.
2025b,a; Team et al. 2025) capabilities. For example, by col-
lecting K12-level exam questions with verifiable answers,
MM-Eureka (Meng et al. 2025a) trains a VLM to improve
its math and science-related reasoning capabilities.

Despite their success, VLMs still struggle with general
visual reasoning tasks, which usually require multiple rea-
soning steps involving logical, commonsense, and physical
knowledge (Zhang et al. 2024b; Xu et al. 2025; Chen et al.
2024a). Unlike humans, who gain problem-solving abilities
by applying prior knowledge and interacting extensively with
diverse real-world environments, VLMs have limited access
to such experiences. In the current reinforcement training
paradigm, VLMs mainly interact with restricted data types
and lack real-world interactions, making it difficult for them
to gain general visual reasoning capabilities.

In this work, we train a general reasoning vision language
model with reinforcement learning from verifiable rewards.
To generalize the reasoning capability to broader domains,
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we build a large RL-ready training dataset covering 5 do-
mains: infographic reasoning, mathematical reasoning, cross-
image reasoning, spatial reasoning, and knowledge-specific
reasoning. It consists of 46 visual reasoning datasets and 13
sub-tasks in total. For each data source, we filter out instances
with non-verifiable answers (e.g., open-ended questions), re-
taining only those with numeric values, multiple-choice op-
tions, yes/no answers, or other single-word ground truths.

However, the collected raw datasets generally contain in-
stances of varying quality and quantity. Simply mixing them
admits low-quality instances (e.g., too easy or too hard), im-
peding effective learning of general visual reasoning knowl-
edge. Meanwhile, existing approaches (Shen et al. 2025; Peng
et al. 2025) largely rely on heuristic strategies or human-
crafted features for filtering, requiring specific manual de-
signs and limiting adaptability to the above heterogeneous
datasets. To address this, we propose a general data filtering
method based on influence function (Xia et al. 2024; Pruthi
et al. 2020), designed to remove unhelpful instances from the
RL training data of general reasoning VLMs. Concretely, we
consider both the influence on training and target tasks, and
use the estimation function to filter negative instances.

To fully learn the reasoning capability from the filtered
multi-source datasets, we further design a data curriculum
strategy for multi-round RL training. For the data curriculum,
we propose a data selection strategy that estimates instance
difficulty using the average rollout accuracy per question
from the VLM in the previous training round. Moderately
difficult instances are selected to match the current VLM’s
capability. We iteratively apply the data selection and RL
training to gradually improve our Vision-G1’s general reason-
ing capability. Our Vision-G1-7B achieves state-of-the-art
performance among competitive baselines on 17 benchmarks,
spanning comprehensive visual reasoning, math-related rea-
soning, and domain-specific reasoning tasks.

Related Work
Vision-Language Models. Large language models con-
tinue to advance, with GPT-4 (OpenAI 2024a) and Qwen-
2.5-VL (Bai et al. 2025) exhibiting emergent skills such
as in-context learning and sophisticated reasoning. Recent
work has further strengthened both perception and reason-
ing. LLaVA-NeXT, for example, supports variable-resolution
input by tiling images into adaptive grids (Liu et al. 2023a),
whereas Qwen2-VL introduces M-RoPE, a refined rotary
position encoding that unifies spatial and temporal cues for
images and video (Bai et al. 2025). Several systems treat
pictures and clips within a single architecture and merge their
instruction data during fine-tuning (Xu et al. 2024; Zhu et al.
2025). On the reasoning front, models such as QvQ (Qwen
Team 2024) and Virgo (Du et al. 2025) push performance on
complex tasks by generating long reasoning chains.

Reasoning Vision-Language Models. Building on break-
throughs in large reasoning language models such as OpenAI
o1 (OpenAI 2024b) and DeepSeek-R1 (Guo et al. 2025),
recent work has turned to strengthening the reasoning ca-
pabilities of Vision-Language Models (VLMs). Early ap-
proaches (Xu et al. 2024; Du et al. 2025) assemble multi-

modal Chain-of-Thought (CoT) datasets and employ super-
vised fine-tuning to boost the reasoning ability of VLMs.
Motivated by the success of reinforcement learning tech-
niques (Shao et al. 2024; DeepSeek-AI et al. 2025), recent
studies have used RL with task-specific, verifiable reward
schemes (e.g., answer accuracy and detection IoU) to pro-
vide supervisory signals (Chen et al. 2025b; Liu et al. 2025),
improving VLM reasoning and exhibiting remarkable per-
formance. However, existing work has found that relying
solely on RL often fails to elicit the long chain-of-thought
reasoning ability of VLMs. To address this, supervised fine-
tuning (Meng et al. 2025a; Chen et al. 2025a) and special
prompting mechanisms (Wei et al. 2023; Zhang et al. 2024b)
are proposed to encourage the long CoT generation style.

Data Selection for Language Model Training. To train
large language models (LLMs) and vision-language mod-
els (VLMs), choosing the right data is always critical. Ex-
isting data selection methods (Zhou et al. 2024; Xia et al.
2024) focus on removing the redundant or harmful instances
to reduce the training cost and improve the stability. Early
work (Zhou et al. 2024; Chen et al. 2023) mostly relies on
human experience to design heuristic rules, and shows that
a high-quality training small dataset is able to learn specific
capabilities, e.g., instruction following and human alignment.
Subsequent methods leverage the features that can be com-
puted by simple metrics or LLMs (e.g., length, complexity,
and diversity), for data value estimation and selection (Jain
et al. 2023; Liu et al. 2023c; Zhuo et al. 2024; Muennighoff
et al. 2023). However, the above features need specific de-
signs for diverse tasks, making them hard to handle a highly
heterogeneous mix of multi-task datasets. To solve it, influ-
ence function methods (Pruthi et al. 2020) have been pro-
posed, which can estimate the influence of each training
instance on other ones. Recent work has simplified the in-
fluence estimation function into a simple gradient similarity
computation formula, and exhibited remarkable performance
on text and visual instruction selection (Xia et al. 2024; Zhou
et al. 2024). In this work, we utilize the influence function
for filtering low-quality instances. Besides, we also use the
rollout accuracy to estimate the difficulty for training data
selection in the multi-round RL training process.

Preliminary
Vision-Language Models. VLM (Li et al. 2025; Liu et al.
2023b) typically consists of a pre-trained visual encoder to
process image or video input into visual tokens, and an LLM
to read the text and visual tokens for generating the text out-
put. It has undergone large-scale supervised fine-tuning on
massive image caption and visual instruction data, which
can follow visual instructions and solve simple visual reason-
ing questions. But for more complex visual reasoning tasks,
VLMs may still suffer from generating accurate reasoning
steps to reach the answer (Zhang et al. 2024b; Xu et al. 2024).

Task Definition. Given a VLM, we aim to perform RL
training on it to improve its general visual reasoning ability,
e.g., visual scene reasoning (Antol et al. 2015; Hudson and
Manning 2019), multimodal math problems solving (Lu et al.
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2024; Wang et al. 2024b), and multi-image relation reason-
ing (Zhao et al. 2024; Kazemi et al. 2024). To achieve it, it is
necessary to construct a RL-ready comprehensive visual rea-
soning dataset, and manage the learning process to fully use
it for training the VLM. Therefore, in this paper, we first col-
lect and preprocess a variety of datasets from different tasks
and domains, then devise a general influence function-based
method to filter low-quality instances. Next, we devise the
multi-round RL training method, which iterates the difficulty-
based data selection and RL training, to gradually learn the
general knowledge from the dataset.

Approach
In our approach, we first collect multi-domain multi-task
datasets to compose the training corpus. Then, we perform
multi-round RL to train our Vision-G1, with the influence
function based filtering and difficulty-based data selection
strategies. We show the details in Figure 2.

Training Corpus Construction
To build a comprehensive general RL training dataset, we
collect a mixture of visual reasoning datasets from a variety
of domains and tasks, and preprocess the contained instances
into a unified format with specific category labels.

Data Collection. To ensure the coverage of visual reason-
ing knowledge, we collect five hybrid datasets, then add
specific reasoning datasets from other domains and tasks.

• Hybrid Datasets. We collect four hybrids used for RL in
previous work: MM-R1 (Peng et al. 2025), VerMulti (Peng
et al. 2025), ThinkLite (Wang et al. 2025b), ViRL39K (Wang
et al. 2025a), and MMK12 (Meng et al. 2025a). Each mixes
visual-reasoning datasets with different focuses. ViRL39K
and MM-R1 cover broad STEM, VerMulti adds geometry/di-
agram problems, and MMK12 draws from K-12 textbooks.

• Specific Reasoning Datasets. To improve the coverage
of real-world scenarios, we further add six specific visual rea-
soning datasets from other domains. Specifically, we select
two chart understanding and reasoning datasets (i.e., Chart-
Bench (Xu et al. 2023) and UniChart (Masry et al. 2023)),
and three medical domain knowledge reasoning datasets
(i.e., SLAKE (Liu et al. 2021), Path-VQA (He et al. 2020),
and VQA-RAD (Lau et al. 2018)). Besides, we also add
a comprehensive multi-image training dataset (i.e., Mantis-
Instruct (Jiang et al. 2024)), which consists of 14 subsets cor-
responding to different multi-image skills, e.g., co-reference
and comparing understanding.

Data Preprocess. To ease the utilization in the RL training
process, we preprocess all the data to unify the format and
tag the corresponding category and fine-grained dimensions.

• Format Unification. For the format, we mainly unify the
input prompt and the answer checking rules. Concretely, we
use the prompt from ThinkLite (Wang et al. 2025b), which
clearly describes the thinking-then-reasoning process. In the
prompt, we also require the VLM to generate the answer
within a special symbol, to help with answer extraction. For
answer checking, we manually craft the rules to guarantee
that the accuracy of all the examples can be automatically
verified, to support RL training.

• Category Classification. To better monitor data propor-
tion and knowledge distribution, we define a category taxon-
omy and classify all instances from the collected datasets. We
first identify five key visual reasoning abilities, namely info-
graphic, mathematical, spatial, knowledge, and cross-image
reasoning. Then, we divide 13 fine-grained dimensions, and
obtain a hierarchical category taxonomy ( Fig. 3) that can
connect well with available datasets. Finally, we classify all
instances into the above dimensions, by feeding the question
with a guidance prompt into Qwen2.5-32B-Instruct.

Multi-round Reinforcement Learning with Data
Curriculum
Given the above dataset, we first filter the low-quality data
and then perform multi-round RL with data curriculum, for
stably boosting the general reasoning ability.

Influence Function based Data Filtering. According to
the influence function theory (Pruthi et al. 2020), the influ-
ence of an instance z on another one z′ for a model param-
eterized by θ, can be estimated by computing the similarity
between their gradients, denoted as:

I(z, z′) ∝ Sim(∇l(z, θ),∇l(z′, θ)). (1)

Using it, we can estimate the influence of each training in-
stance by computing its gradient similarity with other in-
stances, to filter the ones with negative influence. Concretely,
we devise the RL influence estimation function by consider-
ing the influence on all training and target tasks:

I(z) =
1

|DTr|
∑

z′∈DTr

I(z, z′) +
1

|DTa|
∑

z′∈DTa

I(z, z′),

(2)
where DTr and DTa denote the instances from all training
and target tasks. To prevent the large cost of computing all
parameter gradients and RL training, we use a frozen VLM
with LoRA (Hu et al. 2022) after fine-tuning on a subset of
training data, as the reference model. Then, for each instance,
we perform a rollout to generate the solution and compute
the gradients of predicting it on LoRA parameters. Next,
we perform random projection to obtain the low-dimensional
features (Xia et al. 2024), and utilize cosine similarity in Eq. 1
to estimate the influence of each instance. Finally, we filter
the low-ranked ones and ensure that the remaining instances
of each dimension are uniformly distributed.

Difficulty-based Data Selection. During RL training, too
simple or too difficult instances will lead to a large propor-
tion of correct or wrong outputs in rollout results, which
can not produce stable rewards for RL training (Wang et al.
2025a). Therefore, we propose a difficulty-based data se-
lection method to ensure a moderate difficulty level in the
training data. Concretely, for each instance, we utilize the
VLM to perform the rollout k times and compute the average
accuracy. We set the threshold that instances with > 80%
and < 20% average accuracy are too easy and too difficult,
respectively. Thus, we select the other ones as training data.

Multi-round RL Training. In the multi-round training
process, we iterate the above difficulty-based data selection
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and VLM RL training until convergence. In each round, we
utilize our well-trained VLM in the last round to estimate the
difficulty of the untrained data, and then select the samples
with a moderate difficulty level for training. Based on the
category taxonomy in Fig. 3, we guarantee that the proportion
of the different dimension data in the selected training set
should be uniform. For RL training, we adopt the Group
Relative Policy Optimization (GRPO) algorithm (Shao et al.
2024), and stop training once the results converge.

Experiments
Experimental Setup
In this part, we present the training and evaluation details of
our proposed Vision-G1.

Implementation Details. Following the dataset construc-
tion pipeline in Section , we create a comprehensive and

high-quality RL-ready training dataset with verifiable reward
to train our Vision-G1. In the training dataset, math-related
problems occupy the half, and the rest of the domains such as
chart and medical problems are uniformly distributed. After
filtering the low-quality data using the influence function,
we have 40k examples in the training data. For RL train-
ing, we use an efficient framework verl1 to implement the
GRPO algorithm. We train our model on Qwen2.5-VL-7B-
Instruct (Bai et al. 2025) for two rounds, with a batch size
of 128. For each question in a batch, we randomly sample
32 responses from the model as the rollout results, and use
the answer accuracy as the reward of each response. The
model is trained with 8× NVIDIA H200 GPUs for around
18 hours. For answer accuracy computation, we use both an
open source tool math-verify2 and string matching to
compare the ground truth with the model predicted answer.
The reward score range is [0.0, 1.0]. During evaluation, we
use greedy decoding to generate only one response for each
question in the benchmark. We use the same answer matching
rule to measure the accuracy, and report the model perfor-
mance using the Pass@1 metric unless otherwise specified.

Evaluation Benchmarks. We evaluate all the models, on a
set of comprehensive visual reasoning benchmarks, namely
MathVista (Lu et al. 2024), MMMU-Val (Yue et al. 2024a),
MMMU-Pro(Yue et al. 2024b), and MMStar (Chen et al.
2024b). The four benchmarks comprehensively evaluate the
visual reasoning abilities of VLMs from multiple dimensions,
covering visual puzzles, college problems, and science ques-
tions. Besides, we also select LogicVista (Xiao et al. 2024)
and ChartQA (Masry et al. 2022) due to their comprehen-
siveness, which test the performance on a variety of logical
reasoning and chart or plot understanding tasks, respectively.
For mathematical visual reasoning, we include 6 widely-used
benchmarks: MathVision (Wang et al. 2024b), MathVerse
(Zhang et al. 2024a), OlympiadBench (He et al. 2024), We-
Math (Qiao et al. 2024), and DynaMath (Zou et al. 2024).
All the above datasets contain the math problems requiring
to understand the paired images for solving, spanning from

1https://github.com/volcengine/verl
2https://github.com/huggingface/Math-Verify
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Models MathVista MMMU-Val MMMU-Pro MMStar LogicVista ChartQA Avg.

GPT-4o 63.8 69.1 51.9 64.7 39.6 85.7 62.5
Claude-3.5 67.7 68.3 51.5 65.1 44.4 90.8 64.6
Gemini-1.5 Flash 58.4 56.1 - - 40.0 - -
Gemini-1.5 Pro 63.9 65.8 46.9 59.1 41.8 - -

Qwen2.5-VL-72B 74.2 68.2 46.2 70.8 - - -
InternVL2.5-78B 72.3 70.0 48.6 69.5 - 88.3 -
InternVL3-78B 79.6 72.2 - 72.5 - 89.7 -
VL-Rethinker-32B 78.8 65.6 50.6 - - - -
VL-Rethinker-72B 80.4 68.8 55.9 - - - -

Qwen2-VL-7B 58.2 54.1 30.5 - - - -
Qwen2.5-VL-7B 65.0 58.6 38.3 62.8 42.6 88.3 59.3
InternVL2-8B 58.3 51.2 29.0 - - - -
InternVL2.5-8B 64.4 56.0 34.3 - - - -
Llava-OV-7B 63.2 48.8 24.1 - - - -

MiniCPM-V2.6 - 49.8 27.2 60.4 - - -
LLaVA-1.6 - 51.1 - 60.7 33.7 - -
MM-Eureka-7B (Qwen) 73.0 52.7 36.3 62.9 46.2 89.0 60.0
MM-Eureka-8B (Intern) 67.1 49.2 27.8 - - - -
Vision-R1-7B 73.5 49.4 35.2 56.0 44.0 89.9 58.0
R1-VL-7B 63.5 44.5 7.8 - - - -
OpenVLThinker-7B 70.2 52.5 37.3 - - - -
ThinkLite-VL-7B 75.1 53.6 40.1 63.0 48.0 90.5 61.7
VL-Rethinker-7B 74.9 56.7 41.7 61.9 46.6 90.5 62.1

Vision-G1 (ours) 76.1 53.4 41.2 66.0 50.2 90.8 63.0

Table 1: Benchmarking results for general reasoning tasks, where most of the baseline results are sourced from this paper (Zhu
et al. 2025) and others from official papers or leaderboards. The best and second-best ones among VLMs with similar scales are
marked in bold and underlined, respectively.

simple counting and perception reasoning to complex ge-
ometry and combinatorics reasoning tasks. To specifically
measure other specific reasoning capabilities, we select the
ChartXiv (Wang et al. 2024c) and ChartQAPro (Masry et al.
2025) benchmarks for the chart and plot reasoning ability
test, VQA-RAD (Lau et al. 2018), PathVQA (He et al. 2020),
and SLAKE (Liu et al. 2021) for measuring the reasoning
ability in the medical domain. For multi-image reasoning,
we choose MuirBench (Wang et al. 2024a) that contains 12
multi-image understanding tasks.

Baseline Methods. To comprehensively verify the effec-
tiveness of our method, we mainly compare it against VLMs
with a similar parameter scale. Specifically, we first select
four VLMs with around 7B size, including Qwen2.5-VL-
7B (Bai et al. 2025), MiniCPM-V2.6 (Yao et al. 2024) and
LLaVA-1.6 (Liu et al. 2024). Among all the above models,
Qwen2.5-VL-7B generally performs the best, and has been
widely used in existing reasoning VLM work as the back-
bone. In addition, we also considered the following set of
recently proposed reasoning-oriented VLMs that have in-
corporated Reinforcement Learning (RL) during training,
i.e., MM-Eureka-7B (Meng et al. 2025b), MM-Eureka-8B
(Meng, Chen, and Zhao 2025), Vision-R1-7B (Huang et al.
2025), R1-VL-7B (Lu, Zhong, and Liu 2025), R1-Onevision-
7B (Zhu, Li, and Wang 2025), OpenVLThinker-7B (Chen,
Kumar, and Gupta 2025), ThinkLite-VL-7B (Wang et al.
2025b), and VL-Rethinker-7B (Wang et al. 2025a). All the

four reasoning-focused models adopt RL as a core component
to improve multimodal reasoning capabilities. Concretely,
MM-Eureka-7B follows a hybrid paradigm combining super-
vised fine-tuning (SFT) with subsequent RL training to refine
reasoning behaviors. OpenVLThinker-7B and ThinkLite-VL-
7B employ iterative self-improvement pipelines, leveraging
reasoning traces from earlier model outputs. Finally, MM-
Eureka-7B and Vision-R1-7B further integrate custom reward
mechanisms or rule-based guidance, while VL-Rethinker-7B
and ThinkLite-VL-7B introduce strategies such as forced
rethinking and MCTS-guided selection to promote deeper,
data-efficient reasoning. Note that all the above baselines uti-
lize Qwen2.5-VL-7B as the backbone to perform RL training,
including our method Vision-G1. To contextualize the perfor-
mance of our method, we also report the results from state-of-
the-art large VLMs and closed-source products as a reference,
i.e., GPT-4o, Claude-3.5-Sonnet, Gemini-1.5-Flash, Gemini-
1.5-Pro, Qwen2.5-VL-72B, InternVL2.5-78B (Chen et al.
2024c), and InternVL3-78B (Zhu et al. 2025).

Main Results
We conduct experiments on 18 benchmarks and discuss the
performance on three types of visual reasoning tasks.

Evaluation on Comprehensive Visual Reasoning Tasks.
In Table 1, these 7B VLMs undergone RL training can greatly
surpass the backbone VLM, i.e., Qwen2.5-VL-7B-Instruct.
It indicates the effectiveness of RL in eliciting the visual
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Models MathVision MathVerse Olympiad-Bench WeMath DynaMath Avg.

GPT-4o 30.6 47.8 25.9 50.6 63.7 45.7
Claude-3.5 33.5 41.2 - - 64.8 -
Gemini-1.5 Pro 19.2 - - 46.0 60.5 -

Qwen2.5-VL-72B 38.1 57.6 - - - -
InternVL2.5-78B 32.2 51.7 11.6 39.8 19.2 28.4
InternVL3-78B 43.1 51.0 - 46.1 35.1 -
VL-Rethinker-32B 40.5 56.9 - - - -
VL-Rethinker-72B 44.9 63.5 - - - -

Qwen2.5-VL-7B 25.1 46.3 20.2 47.9 55.6 39.0
InternVL2.5-8B 19.7 39.5 - 23.5 - -

MM-Eureka-7B (Qwen) 26.9 50.3 20.1 34.9 56.3 37.7
MM-Eureka-8B (Intern) 22.2 40.4 - - - -
Vision-R1-7B 32.3 52.4 21.1 50.5 56.0 42.5
R1-VL-7B 24.7 40.0 12.1 - 45.8 -
R1-Onevision-7B 29.9 46.4 16.9 30.0 53.1 35.3
OpenVLThinker-7B 25.3 47.9 19.5 36.9 55.0 36.9
ThinkLite-VL-7B 28.1 50.7 22.3 41.6 55.9 39.7
VL-Rethinker-7B 32.3 54.2 24.0 41.7 57.1 41.9

Vision-G1 (ours) 31.3 51.9 23.7 45.1 58.5 42.1

Table 2: Benchmarking results for math reasoning tasks, where most of the baseline results are sourced from this paper (Zhu et al.
2025) and others from official papers or leaderboards.

Models Charxiv (R/D) ChartQA-Pro VQA-RAD PathVQA SLAKE Muir-Bench Avg.

GPT-4o 47.1/84.4 41.7 - - - 68.0 -
Claude-3.5 60.2/84.3 53.7 - - - - -
Gemini-1.5 Flash 33.9/- 46.0 - - - - -
Gemini-1.5 Pro 43.3 / 72.0 - - - - - -

Qwen2.5-VL-7B 42.7/73.5 46.7 74.5 65.2 76.3 39.8 57.5
MM-Eureka-7B 41.3/67.8 39.9 40.2 46.1 57.2 23.9 41.4
Vision-R1-7B 38.9/57.6 39.7 64.9 48.5 65.1 41.3 49.7
ThinkLite-VL-7B 43.8/65.0 46.2 70.5 68.1 78.6 59.0 61.0
VL-Rethinker-7B 42.8/69.3 41.5 56.2 66.1 59.7 58.3 54.1

Vision-G1 (ours) 44.0/65.5 47.7 72.1 66.7 78.3 61.5 61.7

Table 3: Results for domain-specific reasoning tasks, where most results are sourced from this paper (Zhu et al. 2025).

reasoning ability of VLMs. Among all the RL-trained meth-
ods, ThinkLite-VL performs better in four benchmarks (i.e.,
MathVista, MMStar, LogicVista and ChartQA). ThinkLite-
VL adopts a MCTS-guided sample selection method that
relies on multiple iterations to measure the difficulty score. It
demonstrates that proper data filtering strategy is rather use-
ful for improving the RL training of VLMs. Benefiting from
both RL training and the carefully designed data arrangement
methods, our method achieves the best performance on most
of the benchmarks, achieving 1.6% absolute improvement on
average. Besides, our approach performs relatively well on
LogicVista dataset, which contains a variety of visual logical
reasoning tasks, although we have not purposely collected
related datasets. It indicates that our model has better learned
generalizable reasoning knowledge from other datasets, lead-
ing to such improvement. Furthermore, our approach can
achieve comparable or even better performance than larger
VLMs and commercial products, e.g., InvernVL2.5-78B and

Gemini-1.5 Flash. It further shows the promising potential of
RL and well-organized data processing pipeline.

Evaluation on Math-Related Visual Reasoning Tasks.
Table 2 presents the results of math-related visual reason-
ing tasks. First, we can see that our proposed Vision-G1 and
all the RL trained baselines show significant improvement
over the base model. Among all the baselines, our model
Vision-G1 performs the best on average, showing the effec-
tiveness of the math datasets we collected during the training.
We also notice that Vision-R1 performs better on MahVision,
MathVerse and We Math benchmarks. We argure that it is
due to their focused mathematical setting, which guarantees
the performance on math reasoning tasks. However, their
model do not perform well in other domain datasets, e.g.,
MMMU and MMStar. The results show that our method not
only performs better than Vision-R1 on average, it can also
generalize well on other datasets. It indicates our model can
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Models MathVista MathVision MMStar LogicVista ChartQA-Pro VQA-RAD Muir-Bench

Qwen2.5-VL-7B 65.0 25.1 62.8 42.6 46.7 74.5 39.8

Vision-G1 (ours) 76.1 31.3 66.0 50.2 47.7 72.1 61.5
w/o Multi-round 74.9 29.6 64.8 46.0 48.4 72.1 57.7
w/o Data Selection 71.5 25.3 64.2 44.0 42.9 69.7 59.4
w/o Domain Datasets 76.3 30.3 65.3 48.0 44.5 68.1 58.5

Table 4: Ablation study results for comprehensive visual reasoning tasks.

well balance the different visual reasoning capabilities, and
serve as a better general reasoning VLM. In addition, the
performance of our model on MathVista (Lu et al. 2024) is
even better than OpenAI’s o1 (OpenAI 2024b).

Evaluation on Domain-specific Reasoning Tasks. As
shown in Table 3 containing diverse domain-specific bench-
marks, the performance of RL trained VLMs even degrades
a lot, compared with the backbone. Such performance degra-
dation is more significant in the domains that the RL training
data has not covered. In contrast, our method exhibits stronger
robustness and better performance in these benchmarks. It
further demonstrates the effectiveness of our approach as
a general reasoning VLM. In our approach, we utilize in-
fluence function based data filtering method to remove the
potentially harmful instances for either other training datasets
or the downstream tasks. Besides, we guarantee that all the
task and domain datasets should have a balanced distribu-
tion. These two strategies make our training dataset more
suitable for the VLM to learn general visual reasoning abili-
ties. Additionally, our multi-round RL training strategy with
difficulty-based data selection method also ensures the stabil-
ity of the knowledge learning process.

Further Analysis
In this part, we further analyze the effectiveness of our
method, including the ablation study and training process
analysis. More analysis experiments are in Appendix.

Ablation Study. In our method, our key designs include
the multi-round RL training, data selection, and mixing mul-
tiple domain-specific datasets. In this part, we conduct the
ablation study by removing one of the above design in our
method. Concretely, we test the following variations of our
method: (1) w/o Multi-round performs one-round RL train-
ing until convergence; (2) w/o Data Selection directly mixes
up the instances from different sources without filtering and
selection; (3) w/o Domain-specific Datasets only trains on
two high-quality datasets (i.e., ThinkLite and ViRL39k). As
the results shown in Table 4, all the variations perform not
better than our method. It indicates that all the above designs
are necessary to guarantee our good performance. Besides,
the variation w/o Domain-specific Datasets can achieve bet-
ter performance on MathVista, but degrades a lot on most
domain-specific datasets. It further proves that adding a vari-
ety of domain-specific training dataset is important for learn-
ing general reasoning ability of VLMs.

Training Process Analysis. Since our approach incorpo-
rates the multi-round RL training with proper data filtering
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Figure 4: The mean reward scores and accuracy on Math-
Vista_MINI during two-round RL training process.

and selection strategies, its training process will be more
stable and the ability can be gradually improved. To verify
the training stability and effectiveness, we collect the mean
reward scores and the MathVista-Mini test scores of each
10 steps checkpoints during the two-round training process.
As in the visualized results in Fig. 4, we can see that the
mean reward score converges fast in the first round, and the
performance on MathVista also starts to converge. Then, as
we move to the next round, our difficulty-based data selection
strategy will be used to construct a moderate difficult training
dataset. Thus, we see a drop in the reward score in the 100th
step, and then both the reward and the performance of the
test set can also improve.

Conclusion
In this paper, we presented Vision-G1, a general reasoning
VLM trained with reinforcement learning to mimic human
real-world learning via interactions with a reward model. We
first constructed a large RL-ready dataset for general reason-
ing VLMs by assembling 46 tasks across 13 dimensions in 5
domains and unifying their data format. We then proposed
an influence-function-based data filtering strategy to remove
low-quality instances. After filtering, we performed multi-
round RL training with GRPO, alternating difficulty-aware
data selection and RL optimization to gradually improve the
model’s general reasoning ability. In each round, we ensured
that the intermediate RL training dataset contains instances of
moderate difficulty and a well-balanced category distribution.
Experiments on 17 benchmarks demonstrate the effectiveness
of our method, surpassing state-of-the-art baselines of similar
scale and even outperforming GPT-4o and Gemini-1.5.

In future work, we plan to extend our method to more
real-world tasks and scenarios, e.g., video understanding and
3D perception. We will also investigate on-policy data syn-
thesis methods that automatically generate new high-value
instances to further enhance intermediate training.
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