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ABSTRACT

Reinforcement learning has shown strong potential in improving the reasoning
abilities of large language models, and recent studies extend this paradigm to
multimodal reasoning. However, the complexity and diversity of multimodal
tasks often lead to unstable performance across domains and difficulty levels.
To address these challenges, we introduce VL-COGITO, a multimodal reasoning
model trained with a multi-stage Progressive Curriculum Reinforcement Learn-
ing (PCuRL) framework. PCuRL gradually increases task difficulty, enhancing
reasoning robustness in diverse contexts. It features two key innovations: (1) an
online difficulty–aware weighting mechanism that dynamically adjusts task dif-
ficulty across training stages, and (2) a dynamic length reward that encourages
adaptive control of reasoning path length to balance efficiency and accuracy. Ex-
periments demonstrate that VL-COGITO achieves state-of-the-art performance on
8 out of 10 benchmark tasks spanning mathematics, science, logic, and general
understanding, while matching comparable results on the remaining 2 tasks, vali-
dating the effectiveness of our approach.

1 INTRODUCTION

Recent advances of Reinforcement Learning (RL) in Large Language Models (LLMs; OpenAI
(2024b); Kimi (2025); DeepSeek-AI (2025)) highlight its promise to incentivize LLMs’ long-chain
reasoning abilities, enabling them to effectively tackle complex tasks like code, mathematics, and
sciences. In particular, RL with verifiable rewards, such as GRPO (Shao et al., 2024), has emerged
as a pivotal paradigm, which directly employs rule-based rewards and iteratively refines multiple
reasoning paths via group-based relative advantage estimations. This approach has notably im-
proved the performance of LLMs, pushing the boundaries of what LLMs can achieve in various
domains (Yeo et al., 2025; Chen et al., 2025c).

Following the success, researchers have increasingly explored its application to Multimodal LLMs
(MLLMs). Initial efforts primarily focus on adapting these techniques to specific multimodal do-
mains such as mathematics and logic (Meng et al., 2025; Huang et al., 2025; Chen et al., 2025a;b).
As MLLMs are not constrained to textual modalities, it has the opportunity to enable reasoning
across diverse domains. The spectrum ranges from straightforward chart interpretation (Huang
et al., 2024), complex geometry problems (Lu et al., 2024), to intricate scientific analysis (Lu et al.,
2022a). With this expanded scope of domains, the heterogeneity among different problem types
becomes increasingly apparent, presenting a challenge in effectively learning reasoning skills for
tasks of varying complexities and types (Wang et al., 2025e; Bi et al., 2025; Li et al., 2025).

To bridge this gap, we introduce VL-COGITO, a reasoning-oriented MLLM trained on an exten-
sive dataset comprising diverse multimodal task domains. Rather than treating all tasks uniformly,
we recognize that varying difficulty levels and domain-specific requirements necessitate a more
sophisticated training approach. Therefore, we propose a Progressive Curriculum Reinforcement
Learning framework (PCuRL). Central to PCuRL is a novel curriculum learning strategy, which
systematically guides the model through progressively complex tasks to build robust reasoning ca-
pabilities. Specifically, we introduce an online difficulty soft weighting mechanism to dynamically
adjust data selection according to difficulty distributions across successive training stages, allow-
ing the model to incrementally transition from mastering simpler questions to effectively handling
intricate problems. Another key component is the dynamic length reward mechanism. Instead of
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indiscriminately extending reasoning length, the dynamic reward explicitly incentivizes the model
to adapt its reasoning length based on the demands of individual problems. This strategy ensures the
model not only engages in thorough reasoning for complex tasks but also maintains efficiency and
succinctness when simpler problems arise, thus optimizing performance across diverse scenarios.

To thoroughly assess the performance of VL-COGITO, we perform extensive experiments on vari-
ous multimodal reasoning benchmarks spanning mathematical, scientific, and general domains. It is
worth noting that VL-COGITO bypasses the cold-start SFT phase and is instead trained directly from
the backbone model via PCuRL using GRPO. The results demonstrate that VL-COGITO achieves
state-of-the-art or highly competitive performance across all evaluation sets, underscoring the supe-
riority and effectiveness of PCuRL. Furthermore, comprehensive ablation studies are conducted to
analyze the contribution of each module, confirming their respective importance. Visualizations of
the training process and case studies validate that PCuRL ensures training stability while enhancing
both effectiveness and efficiency.

Our contributions are threefold: (1) We propose PCuRL, a novel multi-stage progressive curriculum
RL framework, incorporating an online difficulty soft weighting mechanism that progressively ex-
poses models to increasingly challenging tasks, enhancing multimodal reasoning capabilities; and a
dynamic length reward mechanism designed to encourage the model to modulate reasoning length
based on question-specific complexity, effectively balancing depth and efficiency. (2) VL-COGITO
achieves the state-of-the-art or highly competitive performance in diverse multimodal benchmarks,
underscoring its effectiveness and versatility. (3) Extensive ablation studies confirm that the progres-
sive curriculum learning mechanism consistently increases reasoning depth, leading to improved
performance on complex tasks. The dynamic length reward strategy allows the model to produce
concise answers for simple problems while promoting longer, more in-depth reasoning for more
difficult ones. Overall, PCuRL delivers substantial and balanced gains in accuracy, training stability,
and efficiency across a range of task difficulties.

2 RELATED WORK

As RL-based reasoning has proven effective in LLMs, recent research increasingly explores its adap-
tation to MLLMs (Yao et al., 2024; Xu et al., 2025; Wang et al., 2025c; Peng et al., 2025a; Xia et al.,
2025). Several studies directly enhance multimodal reasoning via RLVR-style optimization (Kimi
et al., 2025; Wang et al., 2025b; Guo et al., 2025; Team et al., 2025; Huang et al., 2025; Yang et al.,
2025; Deng et al., 2025), while others address training stability and effectiveness through data se-
lection (Wang et al., 2025a; Meng et al., 2025), reward design (Shen et al., 2025; Tan et al., 2025),
and advanced RL methods (Peng et al., 2025b; Zhang et al., 2025; Liu et al., 2025; Yao et al., 2025;
Chen et al., 2025d; Leng et al., 2025). For example, MM-Eureka (Meng et al., 2025) shows that
difficulty-based selection is crucial for RL, and ThinkLite-VL (Wang et al., 2025d) leverages Monte
Carlo Tree Search to achieve data-efficient training. R1-VL (Zhang et al., 2025) introduces Step-
GRPO with step-wise rewards. VL-Rethinker (Wang et al., 2025a) employs selective replay and
forced rethinking, and Praxis-VLM (Hu et al., 2025) adapts rewards to different skills across train-
ing stages. In this context, we propose a novel curriculum-inspired RL recipe that integrates online
difficulty weighting to progressively train on harder tasks and introduces a dynamic length reward
that adaptively determines the optimal reasoning length for each prompt.

3 PRELIMINARIES

Group Relative Policy Optimization (GRPO; Shao et al. (2024)) is a reinforcement learning algo-
rithm designed to improve the efficiency and effectiveness of training language models. It estimates
the advantages of model generations by comparing responses within a group specific to the same
input. Given an input x, the behavior policy πθold first samples a group of G candidate responses
{yi}Gi=1. At time step t, the advantage for the i-th response is calculated as:

Ai,t =
r(x, yi)− mean({r(x, y1), . . . , r(x, yG)})

std({r(x, y1), . . . , r(x, yG)})
, (1)

where the standard reward function is a combination of accuracy and format rewards (r(x, yi) =
racc(x, yi)+rformat(yi),) that evaluates the correctness and format of model outputs. The GRPO also
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Figure 1: An overview of the PCuRL framework. It consists of two key components: (1) a multi-
stage curriculum RL structure that segments training into progressive stages, with online difficulty
soft weighting dynamically adjusting prompt advantages based on task complexity; (2) a dynamic
length reward mechanism that encourages the model to adapt its reasoning chain length according
to task complexity, rather than indiscriminately increasing it.

adopts a clipped surrogate objective like PPO (Schulman et al., 2017):

1

G

G∑
i=1

1

|yi|

|yi|∑
t=1

min

[
πθ(yi,t | x, yi,<t)

πθold(yi,t | x, yi,<t)
Ai,t, clip

(
πθ(yi,t | x, yi,<t)

πθold(yi,t | x, yi,<t)
, 1− ϵ, 1 + ϵ

)
Ai,t

]
, (2)

where ϵ serves as a hyperparameter that controls the tolerance for policy deviation. The clip function
is used to prevent excessively large updates by maintaining the ratio between the current policy and
the reference policy within a specified range.

4 METHODOLOGY

4.1 DATA CURATION

To promote robust performance and strong generalization across a variety of domains, we collect
an extensive collection of open-source multimodal datasets, covering 23 datasets distributed across
six distinct task categories, i.e., Mathematical Reasoning, Logical Reasoning, Counting, Science
Reasoning, Chart Understanding, and General Image Understanding.

We curate the RL training set by selective sampling according to quality and category criteria, aim-
ing to increase task difficulty and coverage to foster deeper reasoning. To this end, we adopt two
strategies: (1) Open-ended Format: Most samples are reformulated into open-ended QA to avoid
reliance on superficial cues from fixed formats (e.g., multiple-choice); (2) Difficulty Sampling:
We filter out questions that are solvable without genuine reasoning by excluding samples that ex-
ceed 50% accuracy over 8 trials with Qwen2.5-VL-7B (Bai et al., 2025). The details of the dataset
collection and resultant distribution of the RL training data are presented in Appendix B.1.

4.2 PROGRESSIVE CURRICULUM REINFORCEMENT LEARNING FRAMEWORK

4.2.1 OVERALL FRAMEWORK

Consistent with prior work (Meng et al., 2025; Wang et al., 2025a;d), we leverage the GRPO-based
RLVR scheme and propose a Progressive Curriculum Reinforcement Learning (PCuRL) frame-
work. PCuRL progressively directs the model’s attention toward increasingly difficult tasks to ac-
quire more sophisticated reasoning skills, while maintaining concise and effective responses on
simpler tasks. PCuRL comprises two key components: (1) a multi-stage curriculum RL that uti-
lizes online difficulty soft weighting, and (2) a dynamic length reward mechanism that adapts the
reasoning length according to task complexity, rather than indiscriminately increasing it.

The overall architecture is depicted in Figure 1. The training is organized into three progressive
stages: easy, medium, and hard. At each stage, the same dataset is used but is reshuffled to encour-
age generalization. The difficulty-aware soft weighting mechanism dynamically adjusts training
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emphasis throughout the learning process. During the easy stage, it assigns higher weights to simple
training examples, while in the hard stage, it prioritizes more challenging examples. The dynamic
length reward is applied only in the hard stage, where it incentivizes longer reasoning chains for
complex questions. This design achieves two goals: (1) the early stages, without length rewards, en-
courage rapid adaptation and initial performance gains; and (2) the hard stage, driven by challenging
tasks, promotes extended reasoning at the cost of slower convergence compared to earlier stages.

4.2.2 ONLINE DIFFICULTY SOFT WEIGHTING

The difficulty soft weighting mechanism prioritizes target prompts by difficulty during RL training.
Prior work (Bae et al., 2025; Cui et al., 2025) introduces a hard-filtering approach that discards
prompts outside a predefined range. In contrast, our method retains more prompts, assigning each
a weight reflecting its relative importance. Inspired by ADORA (Gui & Ren, 2025), we propose
Online Difficulty Soft Weighting (ODSW), which adjusts prompt-level advantages according to
difficulty-based weights. Prompts with higher weights exert a stronger influence on gradient updates.
Specifically, weights are computed from rollout accuracy using a predefined function F :

Âi,t = F
( 1

G

G∑
i=1

acc(x, yi)
)
·Ai,t, (3)

where G denotes the number of rollout responses per prompt and acc indicates whether a rollout
is correct or not (i.e., 1 for correct and 0 for incorrect). The definition of F is based on the theory
of learnability (Foster & Foerster, 2025; Rutherford et al., 2024; Tzannetos et al., 2023), which
indicates that prompts with rollout accuracy near 0.5 are optimal for RL training, as they balance
challenge and learnability. Guided by this principle, we define F as a continuous piecewise function
combining sine and constant components with 0.5 as the threshold. The constant terms anchor
the model at the target difficulty, while the sine term ensures smooth transitions across difficulty
levels. This design highlights prompts with maximal learnability, directs gradient updates toward a
chosen difficulty, and prevents neglect of others. We implement three variants of F , tailored to easy,
medium, and hard stages. An illustration of ODSW is presented in Appendix B.2. For comparison,
we also evaluate a binary weighting strategy alongside our proposed soft-weighting methods. The
definitions of these weighting functions are given as follows:

FEasy(Acc) =

{
sin(π ·Acc), Acc ∈ [0, 0.5)

1, Acc ∈ [0.5, 1]
; FMedium(Acc) = sin(π ·Acc);

FHard(Acc) =

{
1, Acc ∈ [0, 0.5]

sin(π ·Acc), Acc ∈ (0.5, 1]
; FBinary(Acc) =

{
1, if Acc ∈ [Tmin, Tmax]

0, otherwise
.

(4)

For simplicity, we denote the average rollout accuracy as Acc = 1
G

∑G
i=1 acc(x, yi). The Tmin and

Tmax in the binary weighting strategy are predefined ranges of average accuracy. By integrating
explicit difficulty control with curriculum learning, we facilitate progressive model optimization.
Training on simpler tasks first enables the model to establish reliable reasoning patterns and obtain
stronger optimization signals to stabilize learning, while transitioning to more complex tasks pro-
motes deeper reasoning and exploration of diverse solution paths, further enhancing performance.

4.2.3 DYNAMIC LENGTH REWARD MECHANISM

Extending the reasoning process gives models more room to think and explore diverse strategies for
complex problems. A common approach is to apply length rewards, such as Cosine Reward (Yeo
et al., 2025). However, these rewards are typically uniform across prompts, overlooking task-specific
needs. In multimodal reasoning, optimal reasoning length varies: chart interpretation often requires
shorter explanations, while geometry problems may demand longer ones. Applying a single-length
target indiscriminately can thus cause unnecessary verbosity in some cases and insufficient reasoning
in others, ultimately reducing both efficiency and performance.

To address this issue, we introduce the Dynamic Length Reward (DyLR), which adaptively deter-
mines the optimal reasoning length for each prompt. The target length is estimated from rollout
samples as the average length of all correct responses for that prompt, guiding the model to pro-
duce reasoning paths aligned with this prompt-specific budget. As training progresses and accuracy
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improves, these targets evolve dynamically and gradually stabilize. For prompts without correct re-
sponses, DyLR encourages the model to extend reasoning up to a predefined maximum. Formally,
the dynamic length reward rlen is defined as:

rlen(yi, y) =

{
CosFn(Li, Lavg, r

min
len , r

max
len ) if Acc > 0

CosFn(Li, Lmax, r
min
len , r

max
len ) if Acc = 0

, (5)

where Li denotes the reasoning length of the i-th response yi to a prompt x, Lavg is the average
length of all correct responses to x, and Lmax is the preset maximum target length. rmin

len and rmax
len

specify the minimum and maximum length rewards, respectively. The function CosFn is defined as:

CosFn(Li, Ltgt, r
min
len , r

max
len ) = rmin

len +
1

2
(rmax

len − rmin
len )

(
1− cos

(
Li · π
Ltgt

))
, (6)

where Ltgt ∈ {Lavg, Lmax} is the target reasoning length. Through combining the standard reward
of GRPO and dynamic length rewards, the overall reward is defined as:

r(x, yi) = α · racc(x, yi) + β · rformat(yi) + γ · rlen(yi, y), (7)

where α, β, and γ are hyperparameters to control the contributions of each specific reward term.

To prevent excessive reasoning length from impairing quality, we introduce a hyperparameter w
applied to prompts with zero accuracy (i.e., Acc = 0). Incorporating this into the dynamic length
reward with difficulty soft weighting, Equation 3 becomes:

Âi,t =

F
(

1
G

∑G
i=1 acc(x, yi)

)
·Ai,t if Acc > 0

w · F
(

1
G

∑G
i=1 acc(x, yi)

)
·Ai,t if Acc = 0

. (8)

In general, DyLR allows the model to adapt its output length dynamically, avoiding fixed targets that
risk over- or under-thinking. For simple tasks, it produces concise answers through quick reasoning,
while for complex tasks, it extends the reasoning process to ensure accuracy.

5 EXPERIMENTS

5.1 EXPERIMENTAL SETTINGS

Benchmark datasets. To comprehensively assess VL-COGITO, we adopt a diverse suite of mul-
timodal benchmarks: (1) Math and Logic: For math, we choose the test set of Geometry@3k
(Geo3k; hiyouga (2025a)), MathVision (Wang et al., 2024) test set, the testmini set of MathVista (Lu
et al., 2024), and MathVerse (Zhang et al., 2024); For logic, we use LogicVista (Xiao et al., 2024);
For chart understanding, we use the test set of ChartQA (Masry et al., 2022). (2) Science: The
test sets of ScienceQA (SciQA; Lu et al. (2022b), MMMU (Yue et al., 2024), and EMMA (Hao
et al., 2025) are selected in our benchmark suite to evaluate the model’s capability in the scientific
domain. (3) General Understanding: we further use a general image understanding benchmark,
MMStar (Chen et al., 2024), to measure the model’s fundamental visual understanding ability.

Baselines. We evaluate VL-COGITO against two categories of comparable MLLMs: (1) General-
purpose models, including Qwen2.5-VL-7B-Instruct (Bai et al., 2025), InternVL2.5-8B (Chen
et al., 2025e), InternVL3-8B (Zhu et al., 2025), and LLaVA-OneVision-7B (LLaVA-OV; Li et al.
(2024a)), representing recent SoTA MLLMs; and (2) Reasoning-oriented models, such as MM-
Eureka-8B (Meng et al., 2025), R1-VL-7B (Zhang et al., 2025), MMR1-7B (Leng et al., 2025), R1-
OneVision-7B (Yang et al., 2025), OpenVLThinker-7B (Deng et al., 2025), Vision-R1-7B (Huang
et al., 2025), VL-Rethinker (Wang et al., 2025a), and ThinkLite-VL-7B (Wang et al., 2025d).

Evaluation. We adopt a unified prompt (ref. Appendix B.3) across all evaluations, requiring mod-
els to enclose the final answer within “\box{}”. Inference is performed using vLLM (Kwon et al.,
2023) for efficient generation. For benchmarks with official evaluation protocols (e.g., MathVision,
MMMU), we strictly follow their procedures. For others, mathematical questions are assessed us-
ing Math-Verify (Kydlı́ček, 2025) and MathRuler (hiyouga, 2025b), while non-mathematical ones
are evaluated by exact matching. To ensure robustness and fairness, two additional measures are
applied: (i) for multiple-choice questions where the model’s output does not match any option, the
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Table 1: Comparison of VL-COGITO with other MLLMs. All models are reevaluated under identi-
cal conditions for fairness. Results affected by benchmark contamination are excluded and marked
as “–”. The bold and underline highlight the best and second-best scores among reasoning models.

Model Size Mathematics Science General Average
Geo3K MathVerse MathVista MathVision LogicVista ChartQA SciQA MMMU EMMA MMStar

General-Purpose Models

Qwen2.5-VL 7B 61.6 50.4 69.3 28.7 44.0 82.4 85.4 50.9 24.6 62.5 56.0
InternVL2.5 8B 60.6 40.0 61.4 19.9 37.7 73.4 90.3 43.1 19.9 62.2 50.9
InternVL3 8B 63.3 49.4 68.5 30.0 41.3 81.3 89.3 50.8 14.5 67.5 55.6
LLaVA-OV 7B 48.5 33.6 56.4 15.9 30.6 65.0 80.5 41.6 18.3 53.5 44.4

Reasoning-Oriented Models

MM-Eureka 8B 67.2 52.3 73.4 29.4 47.1 82.7 86.4 52.3 27.4 64.7 58.3
R1-VL 7B 57.5 41.3 61.5 23.0 36.3 76.3 86.0 38.1 24.0 55.6 50.0
MMR1 7B 65.9 52.5 73.6 32.9 46.6 82.8 86.7 53.1 28.1 66.3 58.9
R1-OneVision 7B 57.9 44.0 60.3 22.0 40.0 72.5 85.3 43.4 22.2 56.2 50.4
OpenVLThinker 7B 60.6 48.1 70.6 22.0 41.0 81.0 85.9 50.9 24.9 62.8 54.8
VL-Rethinker 7B 67.7 54.6 73.7 30.1 45.7 83.5 86.7 52.9 28.6 64.2 58.8
Vision-R1 7B 67.0 51.9 72.1 - 44.7 82.7 - 26.4 28.3 65.4 -
ThinkLite-VL 7B 63.5 51.3 72.5 27.5 44.3 83.1 - 50.9 26.4 64.6 -

VL-COGITO 7B 69.4 55.4 74.8 30.9 49.8 83.9 88.2 52.6 28.9 67.0 60.1

most semantically similar choice is selected; (ii) for open-ended tasks where exact matching fails or
parsers cannot extract answers, GPT-4o (OpenAI, 2024a) is used as an auxiliary judge.

Implementations. We adopt Qwen2.5-VL-7B-Instruct as the backbone and train with the AdamW
optimizer (learning rate 1 × 10−6). For GRPO configuration, we set rollout batch size 512, global
batch size 128, maximum sequence length 4, 096, KL coefficient 1×10−3, and sample 16 responses
per prompt at temperature 1.0. The system prompt is provided in Appendix B.3. For PCuRL, pre-
liminary experiments show that reward and validation accuracy plateau after 100 optimiza-
tion steps in the easy and medium stages due to data simplicity, while the hard stage requires
substantially more updates. Thus, we run 100 steps in the easy/medium stages, selecting the best
checkpoint for the next stage, and train for one epoch (200 steps) in the hard stage, where the length
reward increases convergence difficulty. Reward hyperparameters are set to α = 1, β = 0.5, γ = 1,
w = 0.25. The dynamic length reward is penalized with rmin

len = −1 and rmax
len = 0. Baselines are

directly obtained from HuggingFace and run under the same environment.

5.2 RESULTS AND ANALYSES

Main results. Table 1 compares VL-COGITO with both general and reasoning MLLMs across
10 multimodal benchmarks. General-purpose models (e.g., InternVL, Qwen2.5-VL) perform well
in certain scientific domains but lag behind reasoning-focused MLLMs on math benchmarks that
require advanced analytical skills. Compared to its backbone Qwen2.5-VL-Instruct, VL-COGITO
delivers consistent gains across mathematics, science, and general tasks, achieving absolute im-
provements of 7.8%, 5.0%, and 5.8% on Geometry@3K, MathVerse, and LogicVista, and 2.8%,
4.3%, and 4.5% on ScienceQA, EMMA, and MMStar, respectively. These results highlight the
robustness and broad applicability of our approach, demonstrating benefits beyond a single domain.

Among reasoning-oriented models, VL-COGITO delivers state-of-the-art or highly competitive re-
sults without requiring a cold-start warm-up. This highlights the strength of our progressive cur-
riculum learning strategy. It achieves the best performance on 8 of 10 multimodal benchmarks,
excelling on demanding mathematics and science tasks while also leading on lighter benchmarks
such as ScienceQA and MMStar. Compared to VL-Rethinker, VL-COGITO falls slightly behind
only on MMMU, but surpasses it elsewhere. Unlike VL-Rethinker’s forced multi-step rethinking
during RL training, VL-COGITO relies purely on autonomous exploration. Moreover, while models
like R1-VL, R1-OneVision, OpenVLThinker, and Vision-R1 depend on cold-start initialization with
carefully curated SFT datasets, VL-COGITO consistently outperforms them. These results validate
the effectiveness of our RL pipeline in enhancing reasoning across diverse domains.

Component-wise performance decomposition of PCuRL. Table 2 reports the ablation results
quantifying the contribution of each PCuRL component. Relative to the vanilla GRPO baseline,
VL-COGITO improves performance on reasoning-intensive benchmarks (i.e., MathVision, Log-
icVista, MMMU, EMMA) while maintaining comparable accuracy on easier tasks (i.e., ChartQA,
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Table 2: Component-wise performance decomposition of PCuRL. “+Curriculum” and “+DyLR”
represent adding progressive curriculum strategy and dynamic length reward to GRPO, respectively.

Model Mathematics Science General Avg
Geo3K MathVerse MathVista MathVision LogicVista ChartQA SciQA MMMU EMMA MMStar

Vanilla GRPO 66.1 52.2 71.4 30.0 44.0 83.8 87.8 51.4 28.0 66.3 58.1
+Curriculum 67.4 51.9 74.0 30.4 47.5 83.9 87.6 52.7 28.3 65.2 58.9
+DyLR 66.2 52.5 73.3 29.4 48.4 83.2 87.1 52.6 28.2 64.9 58.6
VL-COGITO 69.4 55.4 74.8 30.9 49.8 83.9 88.2 52.6 28.9 67.0 60.1

Table 3: Ablation study of the online difficulty soft weighting (ODSW). “Binary” denotes the binary
weighting, where we assess three difficulty ranges of [Tmin, Tmax]; ODSW “Easy”, “Medium”, and
“Hard” represent only utilizing the three ODSW variants during the RL training, respectively.

Model Mathematics Science General Avg
Geo3K MathVerse MathVista MathVision LogicVista ChartQA ScienceQA MMMU EMMA MMStar

Binary [0.50, 1.00] 59.6 49.3 72.0 27.8 41.5 82.6 87.1 49.1 25.2 64.5 55.9
Binary [0.25, 0.75] 67.2 51.9 72.3 30.4 46.7 84.7 87.6 51.0 27.0 64.4 58.3
Binary [0.00, 0.50] 65.6 51.4 73.1 29.5 45.3 83.9 86.4 51.8 25.5 65.4 57.8

ODSW Easy only 64.2 51.8 72.4 28.6 48.2 83.4 87.3 51.3 28.2 64.1 58.0
ODSW Medium only 68.2 51.9 74.7 29.9 44.2 83.9 88.3 52.4 27.9 64.8 58.6
ODSW Hard only 68.2 52.3 74.5 29.5 46.2 84.0 88.0 52.7 27.0 64.6 58.7

VL-COGITO 69.4 55.4 74.8 30.9 49.8 83.9 88.2 52.6 28.9 67.0 60.1

ScienceQA, MMStar), demonstrating its advantage when deeper reasoning is required. Adding
progressive curriculum alone (i.e., “+Curriculum”) yields consistent gains across nearly all tasks,
validating the general benefit of an easy-to-hard schedule. Incorporating dynamic length reward
at the final stage further boosts results on the hard mathematical datasets (e.g., MathVerse, Log-
icVista), raising the overall average to 60.1%. In contrast, applying DyLR directly to GRPO (i.e.,
“+DyLR”) destabilizes training, as the model prematurely interprets ill-formed queries as “difficult”
and overextends its reasoning. This misalignment leads to inefficient learning, disrupted optimiza-
tion, and weaker convergence and generalization.
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Figure 2: Performance of different length rewards.
Dynamic-N applies a dynamic reward targeting
length N in the final stage of curriculum RL,
whereas Fix-N enforces a fixed target length N
for all responses.

Impact of online difficulty soft weighting.
To assess how difficulty weighting methods
affect VL-COGITO, we conduct an ablation
using single-stage RL training with different
weighting strategies (Table 3). ODSW con-
sistently outperforms binary weighting, with
larger gains under skewed difficulty distribu-
tions, likely because it maintains balanced op-
timization by adjusting emphasis across diffi-
culty levels, whereas over-focusing on exclu-
sively easy or hard samples impairs reason-
ing performance. Moreover, adequate expo-
sure to challenging queries is crucial: mod-
els trained solely on easy cases underperform
substantially, whereas softly prioritizing harder
problems yields consistent gains. These find-
ings inform our curriculum design: we adopt
ODSW throughout and progressively increase
the weight of challenging tasks in later stages
to maximize reasoning proficiency.

Impact of dynamic length reward. Figure 2
visualizes the effect of length-reward strategies,
where we compare the dynamic length reward (Dynamic-N , N ∈ {500, 750, 1000}) with the fixed-
length reward (Fix-N , N = 750) of Yeo et al. (2025), reporting average accuracy and response token
counts on representative multimodal benchmarks. Unlike the fixed scheme, which uniformly pushes
all outputs toward a preset length regardless of problem complexity, dynamic reward adapts to task
difficulty, yielding shorter and more concise reasoning on easy samples and selectively lengthen-
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Figure 3: Training curves of PCuRL (target length 500 tokens) and vanilla GRPO, where (a) is
average reward over sampled responses, (b) is validation accuracy on a held-out set (∼1k questions)
measured by the accuracy-based reward, and (c) denotes average response length.
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Figure 4: The performance of VL-COGITO across various training stages, evaluated on six bench-
marks: ScienceQA, ChartQA, Geometry3K, MMMU, MathVerse, MathVision. These six bench-
marks are arranged from easy to difficult, going from left to right.

ing responses on hard ones. As a result, Dynamic-N consistently delivers higher average accuracy
and a more context-appropriate length distribution, whereas Fix-N often inflates responses with un-
necessary steps without commensurate gains. Moreover, increasing the target length in Dynamic-N
(500 → 1000) primarily extends outputs on math-heavy datasets—where deeper reasoning is benefi-
cial—while lighter-reasoning benchmarks (e.g., ScienceQA, MMStar) remain compact, confirming
that dynamic rewards allocate length where it most improves performance.

Training dynamics comparison between PCuRL and GRPO. Figure 3a shows that PCuRL ini-
tially tracks the vanilla GRPO, indicating both optimize similar correctness-oriented rewards. Re-
wards rise steadily in the easy and medium stages. At the start of the hard stage, PCuRL briefly
dips below the baseline because the dynamic length term penalizes outputs shorter than the in-
creasing target; as the model adapts to produce longer responses, its reward rebounds to match the
vanilla model. Validation accuracy (Fig. 3b) shows PCuRL matches GRPO in the easy and medium
stages, rising from 0.3 to ∼ 0.7. In the hard stage, where responses lengthen (Fig. 3c), PCuRL sur-
passes the baseline—GRPO saturates near 0.7 while PCuRL continues to a new peak—indicating
that the longer reasoning chains materially improve problem solving rather than merely increasing
output length. Figure 3c displays the average response length of both methods. Vanilla GRPO re-
mains nearly flat at 250–300 tokens with a slight decline, indicating limited capacity to elicit longer
or more diverse reasoning. By contrast, PCuRL adapts length to its curriculum: in the easy and
medium phases it tracks the baseline, prioritizing correctness, while in the hard phase the dynamic
length reward steadily increases the output from ∼ 280 toward the 500-token target, demonstrating
progressive guidance toward more elaborate responses. These results show that PCuRL’s progressive
curriculum effectively trains MLLMs to produce longer, more complex reasoning while improving
validation accuracy. Unlike standard GRPO, which ignores response length, PCuRL’s hard-stage
dynamic length reward reliably reaches the target length and yields measurable accuracy gains.

Performance of different training stages of PCuRL. Figure 4 illustrates PCuRL’s performance
improvement from the base model to the final training stage. We display the performance against six
benchmarks of varying difficulty, from easier ones on the left side to harder ones on the right side.
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Figure 5: Case studies of VL-COGITO, where samples are drawn from ScienceQA and MathVision.

For a single benchmark, when the curve is skewed upward, it indicates that the model’s performance
improves rapidly in the early stages of training. Conversely, when the curve is skewed downwards,
it suggests that the model achieves improvement mostly in the later stages. We can observe that
as the difficulty of the benchmark increases, the performance curve becomes increasingly skewed
downward. This suggests that more challenging problems often require more difficult stages to
obtain improvements. This phenomenon aligns with the easy-to-hard training strategy of PCuRL,
indicating the unique role of the different training stages in our curriculum learning framework.

5.3 CASE STUDY

Figure 5 illustrates multimodal reasoning cases of VL-COGITO. For multiple-choice questions in
scientific domains, VL-COGITO systematically evaluates each option to identify the correct answer.
In contrast, when addressing mathematical problems, the model typically first derives the solution
independently and subsequently maps it to the given options. Notably, the model also exhibits
self-reflection capabilities, as evidenced in the second example (highlighted in red in the figure).
Initially, the model incorrectly applied the Pythagorean theorem when calculating the radius of the
largest circle, leading to an erroneous result. However, it promptly recognized and addressed this
error by invoking the “re-evaluate” mechanism, subsequently correcting its calculation and ensuring
the accuracy of the remaining steps. This behavior underscores the effectiveness of our RL-based
training pipeline in instilling valuable self-reflective abilities within multimodal models.

6 CONCLUSION

In this work, we introduce VL-COGITO, an advanced multimodal large language model (MLLM)
enhanced by a progressive curriculum-based reinforcement learning framework termed PCuRL, de-
signed to systematically improve multimodal reasoning capabilities. The multi-stage curriculum
embedded within PCuRL progressively guides the model on tasks of increasing complexity, en-
hancing its proficiency in addressing reasoning challenges across various domains. A key compo-
nent of our framework is an online difficulty soft weighting mechanism, which dynamically adjusts
task difficulty in response to the model’s evolving abilities, facilitating a balanced transition from
simpler to more complex tasks. Furthermore, the dynamic length reward mechanism modulates the
length of the model’s responses according to problem-specific demands, optimizing the balance be-
tween reasoning depth and efficiency. Experimental results demonstrate that VL-COGITO achieves
the state-of-the-art or highly competitive performance across various benchmarks, underscoring the
substantial potential of meticulously crafted curriculum learning strategies to broaden the applica-
bility of multimodal reasoning models.

9



486
487
488
489
490
491
492
493
494
495
496
497
498
499
500
501
502
503
504
505
506
507
508
509
510
511
512
513
514
515
516
517
518
519
520
521
522
523
524
525
526
527
528
529
530
531
532
533
534
535
536
537
538
539

Under review as a conference paper at ICLR 2026

REFERENCES

Stanislaw Antol, Aishwarya Agrawal, Jiasen Lu, Margaret Mitchell, Dhruv Batra, C. Lawrence
Zitnick, and Devi Parikh. Vqa: Visual question answering. In Proceedings of the
IEEE International Conference on Computer Vision (ICCV), December 2015. URL
https://openaccess.thecvf.com/content_iccv_2015/papers/Antol_
VQA_Visual_Question_ICCV_2015_paper.pdf.

Sanghwan Bae, Jiwoo Hong, Min Young Lee, Hanbyul Kim, JeongYeon Nam, and Donghyun Kwak.
Online difficulty filtering for reasoning oriented reinforcement learning. ArXiv, abs/2504.03380,
2025. URL https://arxiv.org/abs/2504.03380.

Shuai Bai, Keqin Chen, Xuejing Liu, Jialin Wang, Wenbin Ge, Sibo Song, Kai Dang, Peng Wang,
Shijie Wang, Jun Tang, Humen Zhong, Yuanzhi Zhu, Mingkun Yang, Zhaohai Li, Jianqiang Wan,
Pengfei Wang, Wei Ding, Zheren Fu, Yiheng Xu, Jiabo Ye, Xi Zhang, Tianbao Xie, Zesen Cheng,
Hang Zhang, Zhibo Yang, Haiyang Xu, and Junyang Lin. Qwen2.5-vl technical report. ArXiv,
abs/2502.13923, 2025. URL https://arxiv.org/abs/2502.13923.

Jing Bi, Susan Liang, Xiaofei Zhou, Pinxin Liu, Junjia Guo, Yunlong Tang, Luchuan Song,
Chao Huang, Guangyu Sun, Jinxi He, Jiarui Wu, Shu Yang, Daoan Zhang, Chen Chen, Liang-
gong Bruce Wen, Zhang Liu, Jiebo Luo, and Chenliang Xu. Why reasoning matters? a
survey of advancements in multimodal reasoning (v1). ArXiv, abs/2504.03151, 2025. URL
https://arxiv.org/abs/2504.03151.

Huanqia Cai, Yijun Yang, and Winston Hu. Mm-iq: Benchmarking human-like abstraction and
reasoning in multimodal models. ArXiv, abs/2502.00698, 2025. URL https://arxiv.org/
abs/2502.00698.

Jie Cao and Jing Xiao. An augmented benchmark dataset for geometric question answering through
dual parallel text encoding. In Proceedings of the 29th International Conference on Computa-
tional Linguistics, pp. 1511–1520, Gyeongju, Republic of Korea, October 2022. International
Committee on Computational Linguistics. URL https://aclanthology.org/2022.
coling-1.130/.

Felix Chen, Hangjie Yuan, Yunqiu Xu, Tao Feng, Jun Cen, Pengwei Liu, Zeying Huang, and
Yi Yang. Mathflow: Enhancing the perceptual flow of mllms for visual mathematical problems.
ArXiv, abs/2503.16549, 2025a. URL https://arxiv.org/abs/2503.16549.

Guizhen Chen, Weiwen Xu, Hao Zhang, Hou Pong Chan, Deli Zhao, Anh Tuan Luu, and
Yu Rong. Geopqa: Bridging the visual perception gap in mllms for geometric reasoning. ArXiv,
abs/2509.17437, 2025b. URL https://arxiv.org/abs/2509.17437.

Lin Chen, Jinsong Li, Xiaoyi Dong, Pan Zhang, Yuhang Zang, Zehui Chen, Haodong
Duan, Jiaqi Wang, Yu Qiao, Dahua Lin, and Feng Zhao. Are we on the right
way for evaluating large vision-language models? In Advances in Neural In-
formation Processing Systems, volume 37, pp. 27056–27087. Curran Associates, Inc.,
2024. URL https://proceedings.neurips.cc/paper_files/paper/2024/
file/2f8ee6a3d766b426d2618e555b5aeb39-Paper-Conference.pdf.

Qiguang Chen, Libo Qin, Jinhao Liu, Dengyun Peng, Jiannan Guan, Peng Wang, Mengkang Hu,
Yuhang Zhou, Te Gao, and Wanxiang Che. Towards reasoning era: A survey of long chain-of-
thought for reasoning large language models. ArXiv, abs/2503.09567, 2025c. URL https:
//arxiv.org/abs/2503.09567.

Yi Chen, Yuying Ge, Rui Wang, Yixiao Ge, Junhao Cheng, Ying Shan, and Xihui Liu. Grpo-care:
Consistency-aware reinforcement learning for multimodal reasoning. ArXiv, abs/2506.16141,
2025d. URL https://arxiv.org/abs/2506.16141.

Zhe Chen, Weiyun Wang, Yue Cao, Yangzhou Liu, Zhangwei Gao, Erfei Cui, Jinguo Zhu, Shen-
glong Ye, Hao Tian, Zhaoyang Liu, Lixin Gu, Xuehui Wang, Qingyun Li, Yimin Ren, Zixuan
Chen, Jiapeng Luo, Jiahao Wang, Tan Jiang, Bo Wang, Conghui He, Botian Shi, Xingcheng
Zhang, Han Lv, Yi Wang, Wenqi Shao, Pei Chu, Zhongying Tu, Tong He, Zhiyong Wu, Huipeng

10

https://openaccess.thecvf.com/content_iccv_2015/papers/Antol_VQA_Visual_Question_ICCV_2015_paper.pdf
https://openaccess.thecvf.com/content_iccv_2015/papers/Antol_VQA_Visual_Question_ICCV_2015_paper.pdf
https://arxiv.org/abs/2504.03380
https://arxiv.org/abs/2502.13923
https://arxiv.org/abs/2504.03151
https://arxiv.org/abs/2502.00698
https://arxiv.org/abs/2502.00698
https://aclanthology.org/2022.coling-1.130/
https://aclanthology.org/2022.coling-1.130/
https://arxiv.org/abs/2503.16549
https://arxiv.org/abs/2509.17437
https://proceedings.neurips.cc/paper_files/paper/2024/file/2f8ee6a3d766b426d2618e555b5aeb39-Paper-Conference.pdf
https://proceedings.neurips.cc/paper_files/paper/2024/file/2f8ee6a3d766b426d2618e555b5aeb39-Paper-Conference.pdf
https://arxiv.org/abs/2503.09567
https://arxiv.org/abs/2503.09567
https://arxiv.org/abs/2506.16141


540
541
542
543
544
545
546
547
548
549
550
551
552
553
554
555
556
557
558
559
560
561
562
563
564
565
566
567
568
569
570
571
572
573
574
575
576
577
578
579
580
581
582
583
584
585
586
587
588
589
590
591
592
593

Under review as a conference paper at ICLR 2026

Deng, Jiaye Ge, Kai Chen, Kaipeng Zhang, Limin Wang, Min Dou, Lewei Lu, Xizhou Zhu, Tong
Lu, Dahua Lin, Yu Qiao, Jifeng Dai, and Wenhai Wang. Expanding performance boundaries of
open-source multimodal models with model, data, and test-time scaling. ArXiv, abs/2412.05271,
2025e. URL https://arxiv.org/abs/2412.05271.

Ganqu Cui, Lifan Yuan, Zefan Wang, Hanbin Wang, Wendi Li, Bingxiang He, Yuchen Fan, Tianyu
Yu, Qixin Xu, Weize Chen, et al. Process reinforcement through implicit rewards. ArXiv,
abs/2502.01456, 2025. URL https://arxiv.org/abs/2502.01456.

DeepSeek-AI. Deepseek-r1: Incentivizing reasoning capability in llms via reinforcement learning.
arXiv, abs/2501.12948, 2025. URL https://arxiv.org/abs/2501.12948.

Yihe Deng, Hritik Bansal, Fan Yin, Nanyun Peng, Wei Wang, and Kai-Wei Chang. Openvlthinker:
An early exploration to complex vision-language reasoning via iterative self-improvement. ArXiv,
abs/2503.17352, 2025. URL https://arxiv.org/abs/2503.17352.

Thomas Foster and Jakob Foerster. Learning to reason at the frontier of learnability. ArXiv,
abs/2502.12272, 2025. URL https://arxiv.org/abs/2502.12272.

Lujun Gui and Qingnan Ren. Training reasoning model with dynamic advantage estimation on
reinforcement learning. https://github.com/ShadeCloak/ADORA, 2025.

Dong Guo, Faming Wu, Feida Zhu, Fuxing Leng, Guang Shi, Haobin Chen, Haoqi Fan, Jian Wang,
Jianyu Jiang, Jiawei Wang, Jingji Chen, Jingjia Huang, Kang Lei, Liping Yuan, Lishu Luo,
Pengfei Liu, Qinghao Ye, Rui Qian, Shen Yan, Shixiong Zhao, Shuai Peng, Shuangye Li, Si-
hang Yuan, Sijin Wu, Tianheng Cheng, Weiwei Liu, Wenqian Wang, Xianhan Zeng, Xiao Liu,
Xiaobo Qin, Xiaohan Ding, Xiaojun Xiao, Xiaoying Zhang, Xuanwei Zhang, Xuehan Xiong,
Yanghua Peng, Yangrui Chen, Yanwei Li, Yanxu Hu, Yi Lin, Yiyuan Hu, Yiyuan Zhang, Youbin
Wu, Yu Li, Yudong Liu, Yue Ling, Yujia Qin, Zanbo Wang, Zhiwu He, Aoxue Zhang, Bairen
Yi, Bencheng Liao, Can Huang, Can Zhang, Chaorui Deng, Chaoyi Deng, Cheng Lin, Cheng
Yuan, Chenggang Li, Chenhui Gou, Chenwei Lou, Chengzhi Wei, Chundian Liu, Chunyuan Li,
Deyao Zhu, Donghong Zhong, Feng Li, Feng Zhang, Gang Wu, Guodong Li, Guohong Xiao,
Haibin Lin, Haihua Yang, Haoming Wang, Heng Ji, Hongxiang Hao, Hui Shen, Huixia Li, Jiahao
Li, Jialong Wu, Jianhua Zhu, Jianpeng Jiao, Jiashi Feng, Jiaze Chen, Jianhui Duan, Jihao Liu,
Jin Zeng, Jingqun Tang, Jingyu Sun, Joya Chen, Jun Long, Junda Feng, Junfeng Zhan, Junjie
Fang, Junting Lu, Kai Hua, Kai Liu, Kai Shen, Kaiyuan Zhang, Ke Shen, Ke Wang, Keyu Pan,
Kun Zhang, Kunchang Li, Lanxin Li, Lei Li, Lei Shi, Li Han, Liang Xiang, Liangqiang Chen,
Lin Chen, Lin Li, Lin Yan, Liying Chi, Longxiang Liu, Mengfei Du, Mingxuan Wang, Ningxin
Pan, Peibin Chen, Pengfei Chen, Pengfei Wu, Qingqing Yuan, Qingyao Shuai, Qiuyan Tao, Ren-
jie Zheng, Renrui Zhang, Ru Zhang, Rui Wang, Rui Yang, Rui Zhao, Shaoqiang Xu, Shihao
Liang, Shipeng Yan, Shu Zhong, Shuaishuai Cao, Shuangzhi Wu, Shufan Liu, Shuhan Chang,
Songhua Cai, Tenglong Ao, Tianhao Yang, Tingting Zhang, Wanjun Zhong, Wei Jia, Wei Weng,
Weihao Yu, Wenhao Huang, Wenjia Zhu, Wenli Yang, Wenzhi Wang, Xiang Long, XiangRui
Yin, Xiao Li, Xiaolei Zhu, Xiaoying Jia, Xijin Zhang, Xin Liu, Xinchen Zhang, Xinyu Yang,
Xiongcai Luo, Xiuli Chen, Xuantong Zhong, Xuefeng Xiao, Xujing Li, Yan Wu, Yawei Wen,
Yifan Du, Yihao Zhang, Yining Ye, Yonghui Wu, Yu Liu, Yu Yue, Yufeng Zhou, Yufeng Yuan,
Yuhang Xu, Yuhong Yang, Yun Zhang, Yunhao Fang, Yuntao Li, Yurui Ren, Yuwen Xiong, Ze-
hua Hong, Zehua Wang, Zewei Sun, Zeyu Wang, Zhao Cai, Zhaoyue Zha, Zhecheng An, Zhehui
Zhao, Zhengzhuo Xu, Zhipeng Chen, Zhiyong Wu, Zhuofan Zheng, Zihao Wang, Zilong Huang,
Ziyu Zhu, and Zuquan Song. Seed1.5-vl technical report. ArXiv, abs/2505.07062, 2025. URL
https://arxiv.org/abs/2505.07062.

Yunzhuo Hao, Jiawei Gu, Huichen Will Wang, Linjie Li, Zhengyuan Yang, Lijuan Wang, and
Yu Cheng. Can mllms reason in multimodality? emma: An enhanced multimodal reasoning
benchmark. ArXiv, abs/2501.05444, 2025. URL https://arxiv.org/abs/2501.05444.

hiyouga. Geometry3k dataset. https://huggingface.co/datasets/hiyouga/
geometry3k, 2025a.

hiyouga. Mathruler. https://github.com/hiyouga/MathRuler, 2025b.

11

https://arxiv.org/abs/2412.05271
https://arxiv.org/abs/2502.01456
https://arxiv.org/abs/2501.12948
https://arxiv.org/abs/2503.17352
https://arxiv.org/abs/2502.12272
https://github.com/ShadeCloak/ADORA
https://arxiv.org/abs/2505.07062
https://arxiv.org/abs/2501.05444
https://huggingface.co/datasets/hiyouga/geometry3k
https://huggingface.co/datasets/hiyouga/geometry3k
https://github.com/hiyouga/MathRuler


594
595
596
597
598
599
600
601
602
603
604
605
606
607
608
609
610
611
612
613
614
615
616
617
618
619
620
621
622
623
624
625
626
627
628
629
630
631
632
633
634
635
636
637
638
639
640
641
642
643
644
645
646
647

Under review as a conference paper at ICLR 2026

Zhe Hu, Jing Li, Zhongzhu Pu, Hou Pong Chan, and Yu Yin. Praxis-vlm: Vision-grounded decision
making via text-driven reinforcement learning. ArXiv, abs/2503.16965, 2025. URL https:
//arxiv.org/abs/2503.16965.

Kung-Hsiang Huang, Hou Pong Chan, May Fung, Haoyi Qiu, Mingyang Zhou, Shafiq Joty, Shih-Fu
Chang, and Heng Ji. From pixels to insights: A survey on automatic chart understanding in the
era of large foundation models. IEEE Transactions on Knowledge and Data Engineering, 37(5):
2550–2568, 2024. URL https://doi.org/10.1109/TKDE.2024.3513320.

Wenxuan Huang, Bohan Jia, Zijie Zhai, Shaosheng Cao, Zheyu Ye, Fei Zhao, Zhe Xu, Yao Hu, and
Shaohui Lin. Vision-r1: Incentivizing reasoning capability in multimodal large language models.
ArXiv, abs/2503.06749, 2025. URL https://arxiv.org/abs/2503.06749.

Kushal Kafle, Brian Price, Scott Cohen, and Christopher Kanan. Dvqa: Understand-
ing data visualizations via question answering. In Proceedings of the IEEE Con-
ference on Computer Vision and Pattern Recognition (CVPR), June 2018. URL
https://openaccess.thecvf.com/content_cvpr_2018/papers/Kafle_
DVQA_Understanding_Data_CVPR_2018_paper.pdf.

Samira Ebrahimi Kahou, Vincent Michalski, Adam Atkinson, Akos Kadar, Adam Trischler,
and Yoshua Bengio. Figureqa: An annotated figure dataset for visual reasoning. ArXiv,
abs/1710.07300, 2018. URL https://arxiv.org/abs/1710.07300.

Mehran Kazemi, Hamidreza Alvari, Ankit Anand, Jialin Wu, Xi Chen, and Radu Soricut. Geom-
verse: A systematic evaluation of large models for geometric reasoning. In AI for Math Workshop
@ ICML 2024, 2024. URL https://openreview.net/forum?id=1AUbiBrOF1.

Aniruddha Kembhavi, Mike Salvato, Eric Kolve, Minjoon Seo, Hannaneh Hajishirzi, and Ali
Farhadi. A diagram is worth a dozen images. arXiv, abs/1603.07396, 2016. URL https:
//arxiv.org/abs/1603.07396.

Aniruddha Kembhavi, Minjoon Seo, Dustin Schwenk, Jonghyun Choi, Ali Farhadi, and Hannaneh
Hajishirzi. Are you smarter than a sixth grader? textbook question answering for multimodal
machine comprehension. In Proceedings of the IEEE Conference on Computer Vision and Pattern
Recognition (CVPR), July 2017. URL https://openaccess.thecvf.com/content_
cvpr_2017/papers/Kembhavi_Are_You_Smarter_CVPR_2017_paper.pdf.

Kimi. Kimi k1.5: Scaling reinforcement learning with llms. ArXiv, abs/2501.12599, 2025. URL
https://arxiv.org/abs/2501.12599.

Kimi, Angang Du, Bohong Yin, Bowei Xing, Bowen Qu, Bowen Wang, Cheng Chen, Chen-
lin Zhang, Chenzhuang Du, Chu Wei, Congcong Wang, Dehao Zhang, Dikang Du, Dongliang
Wang, Enming Yuan, Enzhe Lu, Fang Li, Flood Sung, Guangda Wei, Guokun Lai, Han Zhu,
Hao Ding, Hao Hu, Hao Yang, Hao Zhang, Haoning Wu, Haotian Yao, Haoyu Lu, Heng Wang,
Hongcheng Gao, Huabin Zheng, Jiaming Li, Jianlin Su, Jianzhou Wang, Jiaqi Deng, Jiezhong
Qiu, Jin Xie, Jinhong Wang, Jingyuan Liu, Junjie Yan, Kun Ouyang, Liang Chen, Lin Sui,
Longhui Yu, Mengfan Dong, Mengnan Dong, Nuo Xu, Pengyu Cheng, Qizheng Gu, Runjie
Zhou, Shaowei Liu, Sihan Cao, Tao Yu, Tianhui Song, Tongtong Bai, Wei Song, Weiran He,
Weixiao Huang, Weixin Xu, Xiaokun Yuan, Xingcheng Yao, Xingzhe Wu, Xinhao Li, Xinxing
Zu, Xinyu Zhou, Xinyuan Wang, Y. Charles, Yan Zhong, Yang Li, Yangyang Hu, Yanru Chen,
Yejie Wang, Yibo Liu, Yibo Miao, Yidao Qin, Yimin Chen, Yiping Bao, Yiqin Wang, Yongsheng
Kang, Yuanxin Liu, Yuhao Dong, Yulun Du, Yuxin Wu, Yuzhi Wang, Yuzi Yan, Zaida Zhou,
Zhaowei Li, Zhejun Jiang, Zheng Zhang, Zhilin Yang, Zhiqi Huang, Zihao Huang, Zijia Zhao,
Ziwei Chen, and Zongyu Lin. Kimi-vl technical report. ArXiv, abs/2504.07491, 2025. URL
https://arxiv.org/abs/2504.07491.

Woosuk Kwon, Zhuohan Li, Siyuan Zhuang, Ying Sheng, Lianmin Zheng, Cody Hao Yu, Joseph
Gonzalez, Hao Zhang, and Ion Stoica. Efficient memory management for large language model
serving with pagedattention. In Proceedings of the 29th Symposium on Operating Systems Princi-
ples, SOSP ’23, pp. 611–626, New York, NY, USA, 2023. Association for Computing Machinery.
URL https://doi.org/10.1145/3600006.3613165.

12

https://arxiv.org/abs/2503.16965
https://arxiv.org/abs/2503.16965
https://doi.org/10.1109/TKDE.2024.3513320
https://arxiv.org/abs/2503.06749
https://openaccess.thecvf.com/content_cvpr_2018/papers/Kafle_DVQA_Understanding_Data_CVPR_2018_paper.pdf
https://openaccess.thecvf.com/content_cvpr_2018/papers/Kafle_DVQA_Understanding_Data_CVPR_2018_paper.pdf
https://arxiv.org/abs/1710.07300
https://openreview.net/forum?id=1AUbiBrOF1
https://arxiv.org/abs/1603.07396
https://arxiv.org/abs/1603.07396
https://openaccess.thecvf.com/content_cvpr_2017/papers/Kembhavi_Are_You_Smarter_CVPR_2017_paper.pdf
https://openaccess.thecvf.com/content_cvpr_2017/papers/Kembhavi_Are_You_Smarter_CVPR_2017_paper.pdf
https://arxiv.org/abs/2501.12599
https://arxiv.org/abs/2504.07491
https://doi.org/10.1145/3600006.3613165


648
649
650
651
652
653
654
655
656
657
658
659
660
661
662
663
664
665
666
667
668
669
670
671
672
673
674
675
676
677
678
679
680
681
682
683
684
685
686
687
688
689
690
691
692
693
694
695
696
697
698
699
700
701

Under review as a conference paper at ICLR 2026
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A LIMITATIONS

While PCuRL demonstrates substantial gains in multimodal reasoning, several avenues remain open
for further enhancement. Our current study is built upon Qwen2.5-VL-7B, and extending the frame-
work to larger-scale MLLMs such as Qwen2.5-VL-32B would offer valuable validation of its scal-
ability. Moreover, our work emphasizes a pure RL formulation, leaving the exploration of the con-
ventional SFT-then-RL pipeline and its potential synergies with PCuRL as an interesting future di-
rection. In addition, the stage-wise training schedule in PCuRL is currently determined empirically,
whereas adaptive strategies that dynamically adjust stage transitions across models and datasets may
further improve effectiveness. Such explorations hold promise for broadening the applicability of
PCuRL to even more diverse scenarios.

B MORE TECHNICAL DETAILS

B.1 DATA CURATION

To promote robust performance and strong generalization across a variety of domains, we cu-
rated an extensive collection of open-source multimodal datasets, covering 23 datasets distributed
across six distinct task categories. (1) Mathematical Reasoning: Geometry@3K training set (hiy-
ouga, 2025a), GeoQA+ (Cao & Xiao, 2022), Geos (Seo et al., 2015), GeomVerse (Kazemi
et al., 2024), Inter-GPS (Lu et al., 2021), MultiMath (Peng et al., 2024); (2) Logical Reason-
ing: Raven (nimapourjafar, 2024), MM-IQ (Cai et al., 2025), EasyArc (Unsal & Akkus, 2025);
(3) Counting: CLEVR-Math (Lindström & Abraham, 2022), Super-CLEVR (Li et al., 2023); (4)
Science Reasoning: AI2D training set (Kembhavi et al., 2016), ScienceQA training set (Lu et al.,
2022a), TQA (Kembhavi et al., 2017)); (5) Chart Understanding: ChartQA training set (Masry
et al., 2022), TabMWP (Lu et al., 2023), DVQA (Kafle et al., 2018), FigureQA (Kahou et al., 2018),
ArXivQA (Li et al., 2024b), InfographicVQA (Mathew et al., 2022); and (6) General Image Un-
derstanding: OKVQA (Marino et al., 2019), VQA2.0 (Antol et al., 2015), LLaVA-CoT (Xu et al.,
2025).

For the data used in reinforcement learning, we selectively sample a subset of the data based on our
designed quality and category criteria to construct the training set. During data curation, our primary
objective is to enhance the overall difficulty and coverage of the training samples, encouraging the
model to perform more in-depth reasoning. To this end, two additional measures are implemented:
(1) Open-ended Format: To prevent the reasoning model from relying on superficial cues present in
specific answer formats, such as multiple-choice, we reformulate most samples into an open-ended
QA format; (2) Difficulty Sampling: To exclude questions that do not necessitate genuine reason-
ing, we employ difficulty-based sampling approach by removing samples that achieve above 50%
accuracy over 8 trials using Qwen2.5-VL-7B-Instruct (Bai et al., 2025). The resultant distribution
of RL training data following these filtering procedures is presented in Table 4.

B.2 ONLINE DIFFICULTY SOFT WEIGHTING

Figure 6 illustrates the distributions of easy, medium, and hard stages of the online difficulty soft
weighting (ODSW).
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Figure 6: Three difficulty distributions, i.e., easy, medium, and hard, for the Online Difficulty Soft
Weighting (ODSW).
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Table 4: Data statistics of the training dataset in the RL stage, where the filter rate refers to the
percentage of questions removed in the difficulty sampling, and the data size represents the number
of samples after sampling.

Category QA Type Dataset Data size Filter rate

Mathematics

Open-ended Geometry3K 2101 39%

Open-ended GeoQA+ 7886 50%

Open-ended Geos 367 22%

Open-ended GeomVerse 8179 12%

Open-ended Inter-GPS 946 26%

Open-ended MultiMath 13503 35%

Logical
Open-ended Raven 6919 65%

Open-ended MM-IQ 2492 7%

Open-ended EasyArc 600 0%

Counting Open-ended CLEVR-Math 1000 92%

Open-ended Super-CLEVR 3000 20%

Science
Open-ended AI2D 5034 35%

Multi-choice ScienceQA 1098 82%

Open-ended TQA 5959 31%

Charts

Open-ended ChartQA 5570 72%

Open-ended TabMWP 2963 70%

Open-ended DVQA 2589 45%

Open-ended FigureQA 2000 40%

Open-ended ArXivQA 2000 57%

Open-ended InfographicVQA 626 70%

General
Open-ended OKVQA 1500 12%

Open-ended VQA2.0 1500 22%

Open-ended LLaVA-CoT 1500 8%

B.3 SYSTEM PROMPT

Training Prompt: We use this system prompt in RL training to encourage the model to follow the
reasoning format and put the final answer in a “\boxed{}”.

Table 5: The system prompt used for RL training.

A conversation between User and Assistant.
The User provides an image and asks a question. The Assistant first analyzes both the image and the
question, then carefully thinks about the reasoning process step by step, and finally provides the User
with an accurate answer. The Assistant must carefully checkout the correctness and validity of each
reasoning step. If any errors or inconsistencies are found during the reasoning process, the Assistant
reflects and corrects them logically.
The reasoning process and answer are enclosed within < think >< /think > and < answer ><

/answer > tags, respectively, i.e., < think > detailed reasoning process here, with potential reflec-
tions and corrections < /think >< answer > final answer here, with the key result enclosed within
\boxed{} < /answer >
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Evaluation Prompt: To ensure fairness during the evaluation, we adopt a simple prompt that can
be generalized to most models rather than the system prompt used in the training.

Table 6: The system prompt used for evaluation.

Please solve the problem step by step and put your answer in one “\boxed{}”. If it is a multiple-choice
question, only one letter is allowed in the “\boxed{}”.

Table 7: Comparison of VL-COGITO with other MLLMs on multimodal reasoning benchmarks,
including the scores (in parentheses) that are reported in the original papers. Results affected by
benchmark contamination are excluded and marked as “–”. The bold and underline highlight the
best and second-best scores, respectively.

Model Size Mathematics Science General Average
Geo3K MathVerse MathVista MathVision LogicVista ChartQA SciQA MMMU EMMA MMStar

General-Purpose Models

Qwen2.5-VL 7B 61.6 50.4 (49.2) 69.3 (68.2) 28.7 (25.1) 44.0 82.4 85.4 50.9 24.6 62.5 (63.9) 56.0
InternVL2.5 8B 60.6 40.0 (39.5) 61.4 (64.4) 19.9 (19.7) 37.7 (36.0) 73.4 90.3 43.1 (48.9) 19.9 62.2 (62.8) 50.9
InternVL3 8B 63.3 49.4 (39.8) 68.5 (71.6) 30.0 (29.3) 41.3 (44.1) 81.3 89.3 50.8 14.5 67.5 (68.2) 55.6
LLaVA-OV 7B 48.5 33.6 (26.2) 56.4 (63.2) 15.9 30.6 65.0 80.5 41.6 18.3 53.5 (61.7) 44.4

Reasoning-Oriented Models

MM-Eureka 8B 67.2 52.3 (50.3) 73.4 (73.0) 29.4 (26.9) 47.1 82.7 86.4 52.3 27.4 64.7 58.3
R1-VL 7B 57.5 41.3 (40.0) 61.5 (63.5) 23.0 (24.7) 36.3 76.3 86.0 38.1 24.0 55.6 (60.0) 50.0
MMR1 7B 65.9 52.5 (45.1) 73.6 (71.0) 32.9 (30.2) 46.6 (50.8) 82.8 86.7 53.1 28.1 66.3 58.9
R1-OneVision 7B 57.9 44.0 (46.4) 60.3 (64.1) 22.0 (29.9) 40.0 72.5 85.3 43.4 22.2 56.2 50.4
OpenVLThinker 7B 60.6 48.1 (47.9) 70.6 (70.2) 22.0 (25.3) 41.0 81.0 85.9 50.9 24.9 62.8 54.8
VL-Rethinker 7B 67.7 54.6 (54.2) 73.7 (74.9) 30.1 (32.3) 45.7 83.5 86.7 52.9 28.6 (29.7) 64.2 58.8
Vision-R1 7B 67.0 51.9 (52.4) 72.1 (73.5) - 44.7 82.7 - 26.4 28.3 65.4 -
ThinkLite-VL 7B 63.5 51.3 (50.7) 72.5 (75.1) 27.5 44.3 83.1 - 50.9 26.4 64.6 (65.0) -

VL-COGITO 7B 69.4 55.4 74.8 30.9 49.8 83.9 88.2 52.6 28.9 67.0 60.1

C MORE RESULTS

Table 7 summarizes the results that compare VL-COGITO with both general and reasoning MLLMs
across 10 multimodal benchmarks, which are identical to Table 1. Nevertheless, Table 7 also in-
cludes the scores (in parentheses) that are reported in the original papers.

D LLM USAGE STATEMENT

In compliance with the ICLR 2026 policy on large language model (LLM) usage, we acknowledge
that an LLM (OpenAI’s ChatGPT) was employed in a strictly limited, non-substantive capacity.
Its role was confined to minor editorial support (e.g., grammar refinement and wording adjustments),
suggestions regarding figure color schemes, and basic LaTeX formatting assistance. The LLM
did not contribute to the conception of research ideas, experimental design, data analysis,
or substantive scientific writing. All intellectual content and scientific contributions are solely
attributable to the authors.
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