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7. Background: DAPO

DAPO [93] is an improved variant of GRPO [19], which di-
rectly computes the advantage At using the average reward
over multiple sampled outputs, thereby eliminating the need
for a separate value function as in PPO. Specifically, given
a prompt q ∼ P (Q), we sample G rollouts {oi}Gi=1 from
the current policy πθold . At each token position t in rollout
i, the likelihood ratio is defined in Eq. 3.

ri,t(θ) =
πθ

(
oi,t | q, oi,<t

)
πθold

(
oi,t | q, oi,<t

) (3)

The group-relative advantage Âi,t is then obtained by stan-
dardizing each return Ri within the group, defined in Eq. 4.

Âi,t =
Ri − Mean

(
{Rj}Gj=1

)
Std

(
{Rj}Gj=1

) . (4)

In contrast to GRPO, DAPO introduces several method-
ological advancements. Specifically, it employs a Clip-
Higher mechanism, wherein ϵhigh is set greater than ϵlow
to enhance exploratory behavior; integrates Dynamic Sam-
pling to systematically exclude data instances lacking in-
formative learning signals; incorporates an Overlong Pun-
ishment strategy to constrain excessively verbose outputs;
and adopts a Token-level Loss formulation to mitigate the
inherent bias between responses of varying lengths. The
training then proceeds by maximizing the clipped surrogate
objective, defined for DAPO as follows:
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s.t. 0 <
∣∣{oi | is equivalent(Ri, 1)}

∣∣ < G.
(5)

8. Benchmark

This section provides a detailed description of the bench-
mark used for evaluation.

MUIR MUIRBENCH [71] is a comprehensive bench-
mark designed for robustly evaluating MLLMs’ multi-

image understanding capabilities. It comprises 11,264 im-
ages and 2,600 multiple-choice questions (average 4.3 im-
ages per instance), covering 12 diverse multi-image tasks
(e.g., action understanding, cartoon storytelling, geographic
map reasoning, 3D object multiview retrieval).

MMIU The Multimodal Multi-image Understanding
(MMIU) [58] is a comprehensive benchmark tailored for
evaluating MLLMs on multi-image comprehension tasks.
Structured around cognitive psychology, it enumerates 7
types of multi-image relationships (refined from semantic,
temporal, spatial categories) and covers 52 diverse tasks
(e.g., multi-view action recognition, 3D object detection) .
In terms of scale, MMIU includes 77,659 images (2–32 per
instance, averaging 6.64) and 11,698 meticulously curated
multiple-choice questions.

MV-MATH MV-MATH [74] is a specialized benchmark
designed to evaluate MLLMs on mathematical reasoning
in multi-visual contexts—addressing the gap in existing
benchmarks that mostly focus on single images. It com-
prises 2,009 high-quality mathematical problems derived
from real K-12 scenarios.

EMMA EMMA [20] is a benchmark designed to evaluate
Multimodal LLMs on genuine cross-modal reasoning. Its
2,788 questions across math, physics, chemistry, and coding
require integrated visual-textual understanding, preventing
solutions based on shallow cues or text alone.

Mantis-Eval Mantis-Eval [32] is a benchmark dataset de-
signed to evaluate a model’s ability to reason across multi-
ple images. It contains 217 challenging examples.

MIRB MIRB [98] is a dedicated dataset addressing the
gap in evaluating vision-language models (VLMs) on multi-
image understanding, as existing benchmarks focus pri-
marily on single-image inputs. It encompasses 925 sam-
ples across four core dimensions: perception, visual world
knowledge, reasoning, and multi-hop reasoning, with all
tasks requiring cross-comparison of multiple images (rang-
ing from 2 to 42, averaging 3.78 per question).

MVBench MVBench [41] is a multi-modal video bench-
mark addressing the lack of temporal understanding evalu-



ation in MLLMs, covering 20 multi-frame-dependent video
tasks (defined via a static-to-dynamic method). It is built
efficiently by auto-converting public video annotations into
multiple-choice QA (with ground-truth for fairness), reveals
existing MLLMs’ poor temporal understanding.

Video-MME Video-MME [18] is the first comprehensive
benchmark designed to evaluate MLLMs in video analysis.
It fills the gap in assessing the understanding of sequential
visual data by featuring 900 videos (ranging from 11 sec-
onds to 1 hour) across 6 core domains (e.g., Knowledge,
Sports Competition) and 30 subfields. Each video is paired
with three expert-annotated multiple-choice QA pairs, re-
sulting in a total of 2,700 questions. To support multi-modal
reasoning, the benchmark also provides subtitles for 744
videos and audio tracks for all 900 videos.

Video-MMMU Video-MMMU [24] is a benchmark de-
signed to evaluate the knowledge acquisition capabilities
of MLLMs from professional video content. It comprises
300 expert-level videos spanning six disciplines and 30 sub-
fields, paired with 900 human-annotated question–answer
pairs. The benchmark measures performance across three
cognitive stages: (1) Perception, assessing whether mod-
els can extract salient knowledge-related details from video
content; (2) Comprehension, evaluating the ability to grasp
and reason about the underlying concepts; and (3) Adapta-
tion, examining whether models can transfer the acquired
knowledge to novel or unfamiliar scenarios.

MMMU-Pro MMMU-Pro [94] is an enhanced version of
the MMMU benchmark, designed to more rigorously eval-
uate multimodal models’ understanding and reasoning.

M3CoT M3CoT [9] addresses gaps in existing MCoT
benchmarks (lack of visual reliance, single-step reason-
ing, limited domains) by enabling multi-domain, multi-step,
multi-modal reasoning across 3 domains (science, mathe-
matics, commonsense), 17 topics, and 263 categories. It
has 11,459 total samples (7,973 train, 1,127 dev, 2,359 test)
with diverse image types (geographic graphs, health im-
ages, etc.).

MM-MATH MM-MATH[68]consists of 5,929 open-
ended middle school math problems paired with visual con-
texts, and it adopts fine-grained classification covering three
dimensions: difficulty, grade level, and knowledge points.

MathVista MathVista [55] is proposed as a benchmark
integrating challenges from mathematical and visual tasks.

It contains 6,141 examples, sourced from 28 existing multi-
modal math datasets and 3 new ones (IQTest, FunctionQA,
PaperQA), requiring fine-grained visual understanding and
compositional reasoning—tasks that state-of-the-art foun-
dation models find challenging.

MATH-V MATH-V [73] is a curated dataset designed to
address the limited question diversity and subject breadth
of existing visual math reasoning benchmarks. It comprises
3,040 high-quality math problems with visual contexts, all
sourced from real math competitions.

9. Training Data Construction

For the construction of the training dataset, we referenced
Mantis [32], LLaVA-Interleave [38], Leopard [31], and
VideoR1 [17]. Overall, our dataset consists of multi-image
data and single-image data, with 57k samples for cold-start
training and 58k samples for RL. The detailed dataset statis-
tics are presented in Table 1. Regarding the partitioning
criteria for RL data and cold-start data, the key distinction
between our cold-start and reinforcement learning dataset
splits lies in the trajectory generation process described in
Section 3.2. Cold-start training data consists of problems
where GPT-4o successfully provides correct answers dur-
ing Step 2, and for these instances, we proceed to Step 3
(retrieval-based diverse sampling) to obtain two distinct cor-
rect reasoning trajectories per problem that serve as super-
vised learning targets for cold start training. In contrast, re-
inforcement learning data comprises problems where GPT-
4o fails to produce correct answers during Step 2, and these
challenging cases are reserved for reinforcement learning.

10. Implementation

Our SFT experiments are primarily conducted using the
LLaMA Factory framework [99], with the main hyperpa-
rameters summarized in Table 6. For the RL stage, we rely
on the EasyR1 framework [90], a multi-model large-scale
training system built upon VERL [64], and the key param-
eters are reported in Table 7. The experiments run on 32
A800 GPUs.

11. Case Study

Here we present a case study of our model in Figure 5 and 6,
covering multi-image benchmarks, video benchmarks, and
single-image benchmarks. The results demonstrate that,
across different types of tasks, our model can dynamically
invoke appropriate meta-actions to analyze the problem and
produce correct answers. In Figure 7, we present multi-
ple reasoning results for a single problem. It can be ob-
served that the model explores different reasoning paths for
the same problem, all of which lead to the correct answer.



Type Dataset Count for SFT Count for RL

Multi-Image

ChartVQA[31] 2501 -
SlideVQA[31] 3249 3000
ALFRED[65] 8357 -
Nuscenes[4] - 4946

RecipeQA[83] 8759 5069
IconQA[53] 5315 3000

nlvr2[67] 5424 1620
Spot-the-Diff[30] 2248 2589

LRV[47] - 2993
RAVEN[95] - 3200

Video

Star[78] 5490 2754
NextQA[79] 1193 3000
Clevrer[92] 3047 4478

Perception[61] 2964 2500

Single-Image

Clevr cogen a train1 1506 -
Clevr CoGenT TrainA 70K Complex2 1159 3000

M3COT[9] 1147 -
Share-GRPO[89] 1145 3000

GEOQA R1V Train 8K3 800 4816
AI2D[35] 630 -

MMK12[57] 442 3537
Geometry3k[52] 317 1406
ScienceQA[54] 259 -

PISC[39] 244 -
Geoqa+[5] 172 891
GQA[27] 119 -

CLEVR v1.0[34] 118 -
COCO[46] 78 -
LRV[47] - 3063

Table 5. Statistics of Training Data

1https : / / huggingface . co / datasets / leonardPKU /
clevr_cogen_a_train

2https://huggingface.co/datasets/MMInstruction/
Clevr_CoGenT_TrainA_70K_Complex

3https : / / huggingface . co / datasets / leonardPKU /
GEOQA_R1V_Train_8K

https://huggingface.co/datasets/leonardPKU/clevr_cogen_a_train
https://huggingface.co/datasets/leonardPKU/clevr_cogen_a_train
https://huggingface.co/datasets/MMInstruction/Clevr_CoGenT_TrainA_70K_Complex
https://huggingface.co/datasets/MMInstruction/Clevr_CoGenT_TrainA_70K_Complex
https://huggingface.co/datasets/leonardPKU/GEOQA_R1V_Train_8K
https://huggingface.co/datasets/leonardPKU/GEOQA_R1V_Train_8K


(a) Case1.

(b) Case2.

(c) Case3.

Figure 5. Case study.



(a) Case4.

(b) Case5.

Figure 6. Case study.



Figure 7. Reasoning Path Analysis.



Parameter Value

Model
model name or path Qwen2.5-VL-7B-Instruct
image max pixels 100352

Method
stage sft
do train true
finetuning type full

Dataset
template qwen2 vl
cutoff len 12000
overwrite cache true
preprocessing num workers 16
dataloader num workers 4

Train
per device train batch size 1
gradient accumulation steps 4
learning rate 1.0e-5
num train epochs 2
lr scheduler type cosine
warmup ratio 0.1

Table 6. Hyperparameters used in SFT.

Parameter Value

Data
max prompt length 4096
max response length 4096
rollout batch size 64
max pixels 100352
min pixels 50176

Algorithm
adv estimator grpo
kl coef 0.0
filter groups enable true
filter max num gen batches 20
filter metric acc

Worker.Actor
global batch size 32
max grad norm 1.0
entropy coeff 0.0
kl loss coef 0.0
clip ratio low 0.2
clip ratio high 0.28
optim.lr 1.0e-6
optim.weight decay 1.0e-2

Worker.Rollout
temperature 1.0
top p 1.0
top k -1
n 8

Table 7. Hyperparameters used in RL.
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