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Abstract

Reinforcement Learning with Verifiable Re-
wards (RLVR) has significantly advanced rea-
soning capabilities in Large Language Mod-
els. However, adapting RLVR to multimodal
domains suffers from a critical perception-
reasoning decoupling. Existing paradigms,
driven by text-centric outcome rewards, reason-
ing in language medium, inadvertently encour-
age models to bypass visual perception. We
empirically validate this issue on representative
RLVR policies through blind experiments: the
evaluated policies exhibit only small drops,
and in some cases even improve, when visual
inputs are removed or replaced. This reveals
that these models degenerate into blind reason-
ers, exploiting linguistic priors to generate plau-
sible answers instead of attending to visual evi-
dence. In response, we propose Thinking with
Deltas, a framework driven by a Differential
Visual Reasoning Policy (DVRP). DVRP in-
troduces intrinsic supervision via visual triplets,
comprising original, masked, and perturbed in-
puts. It optimizes the model to maximize rea-
soning divergence from masked inputs (enforc-
ing visual sensitivity) while minimizing diver-
gence from perturbed inputs (ensuring visual
robustness). By aligning reasoning variations
strictly with the Delta of visual information,
DVRP inherently bolsters visual understanding
capabilities and significantly outperforms state-
of-the-art methods on both general and medical
benchmarks, without requiring external annota-
tions or auxiliary tools.

1 Introduction

Recent advancements in Large Language Mod-
els (LLMs) (Chang et al., 2024; Brown et al.,
2020) have been substantially driven by Chain-
of-Thought (CoT) prompting and the curation of
high-quality reasoning data (Kojima et al., 2022;
Ye et al., 2025). Building on this foundation,
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Reinforcement Learning with Verifiable Rewards
(RLVR) (Ouyang et al., 2022; Shao et al., 2024) has
emerged as a promising post-training paradigm. By
incentivizing self-correction and scaling test-time
compute, RLVR enables models to generate rigor-
ous and self-consistent solution paths, establishing
a new standard for complex problem-solving in
textual domains (Wang et al., 2025¢).

However, a fundamental misalignment arises
when directly applying the RLVR paradigm to mul-
timodal domains (Liu et al., 2025a). Predominant
approaches typically mirror text-centric methodolo-
gies (DeepSeek-Al et al., 2025) and rely heavily
on textual outcome rewards such as accuracy or for-
mat constraints (Wang et al., 2025f). Furthermore,
attempts to incorporate process supervision via ex-
ternal judges often inherit the biases and limitations
of the judge models themselves (Luo et al., 2025).
Conceptually, if we analogize a Multimodal LLM
(MLLM) to a human observer, the visual encoder
functions as the eyes. Optimizing rewards based
solely on the output text sequence is equivalent to
evaluating speech without verifying vision. This
approach neither ensures the effective perception
of visual signals nor stimulates deep visual under-
standing (Han et al., 2025b). Consequently, current
frameworks neglect the visual dependency between
visual inputs and reasoning outcomes.

As illustrated in Figure 1, we empirically vali-
date this decoupling through blind experiments,
where visual inputs are either removed (Text Only)
or replaced with blank images (Black/White). We
examine DAPO and GRPO under varying input
configurations. For the GRPO baseline (Shao et al.,
2024), the performance drop is negligible, despite
the absence of essential visual context. More strik-
ingly, DAPO (Yu et al., 2025) exhibits an unex-
pected performance gain: removing visual infor-
mation improves accuracy (e.g., +3.5% on Math-
Vista). These findings indicate latent reward hack-
ing, where the policy degenerates into a blind
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Figure 1: Empirical Validation of Visual Decoupling. Performance comparison in blind settings (Text Only
or Blank Image) reveals latent reward hacking. The negligible performance drop in GRPO and the unexpected

performance gain in DAPO (where removing visual
degenerate into blind reasoners relying on linguistic sh

reasoner that exploits linguistic shortcuts rather
than visual evidence. In contrast, our DVRP vari-
ants exhibit substantial degradation under the same
blind settings, suggesting stronger behavioral de-
pendence on visual inputs and reduced reliance
on language-only shortcuts. Detailed analysis is
provided in Section F.

To address this perception-reasoning decou-
pling without resorting to complex data construc-
tion (Liu et al., 2024a) or external reward engi-
neering (Zhang et al., 2025d), we propose Think-
ing with Deltas, a novel framework centered
around a Differential Visual Reasoning Policy
(DVRP). Rather than relying only on proxy textual
rewards, DVRP introduces intrinsic visual supervi-
sion through a visual triplet input stream: (1) Invari-
ant (the original image), (2) Decremental (masked
visual input), and (3) Incremental (perturbed visual
input). Our core insight is that visually dependent
reasoning should respond to meaningful reductions
in visual information while remaining stable under
non-semantic perturbations. Specifically, DVRP
encourages the policy to diverge between the In-
variant and Decremental states, providing a training
signal for visual sensitivity, while aligning the In-
variant and Incremental states to promote visual
robustness. Optimizing these differential signals
encourages the model to make greater use of visual
evidence without requiring expensive external tools
or dense annotations.

Our contributions are summarized as follows:

* We identify the perception-reasoning decou-
pling in current multimodal RL as a primary
bottleneck, arguing that standard objectives

inputs actually improves accuracy) indicate that policies
ortcuts rather than visual evidence.

optimize for linguistic plausibility rather than
visual grounding.

We introduce the DVRP, an algorithm that
leverages visual triplets to construct intrinsic
Delta supervision signals for both visual sen-
sitivity and robustness, encouraging stronger
visual perception and reasoning capabilities.

Extensive experiments on two backbones
spanning domains from mathematical rea-
soning to specialized medical diagnostics
demonstrate that DVRP significantly outper-
forms state-of-the-art RLVR methods like
GRPO and DAPO, effectively enhancing vi-
sual perception capabilities.

2 Related Work
2.1

Recent advancements in Multimodal Large Lan-
guage Models (MLLMs) have significantly ex-
tended the reasoning capabilities of LLMs to vi-
sual domains (Wang et al., 2024a). Pioneering
works such as LLaVA (Liu et al., 2024a) and Qwen-
VL (Bai et al., 2023) demonstrated that visual in-
struction tuning could effectively align visual en-
coders with LLMs, enabling strong performance
on general visual-oriented benchmarks (Yue et al.,
2024b). Following this, the community has focused
on enhancing the reasoning depth of these models.
Inspired by the efficacy of CoT in LLMs, the inte-
gration of Multimodal-CoT (Zhang et al., 2024c;
Sarch et al., 2025) and the curation of high-quality
reasoning datasets (Chen et al., 2024b, 2023; Dong
et al., 2025; Sun et al.) have emerged as piv-
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otal strategies for bolstering visual understanding,
thereby significantly mitigating linguistic halluci-
nations (Huang et al., 2024; Leng et al., 2024).

To substantially enhance visual understanding, a
novel paradigm, which termed visual reasoning in
action has emerged, advocating for thinking with
images by explicitly incorporating visual content
within CoT processes (Su et al., 2025). Repre-
sentative strategies employ visual programming
via code generation (Suris et al., 2023; Gupta and
Kembhavi, 2023; Lin et al., 2025), leverage exter-
nal visual utilities (e.g., crop, zoom, rotate) (Zheng
et al., 2025b; Zhang et al., 2025a; Qi et al., 2024;
Liu et al., 2023), or orchestrate diverse expert mod-
els to tackle multimodal tasks (Shen et al., 2023;
Lu et al., 2023). Further explorations extend to
tool-integrated, multi-turn, and multi-agent system
for interleaved reasoning (Wu et al., 2025; Chen
et al., 2024d; Wang et al., 2025b; Man et al., 2025)
and unified frameworks (Han et al., 2025a; Li et al.,
2025a). However, these methods rely heavily on
external sources such as expensive trajectory data,
agentic tools, or advanced teacher models. This
incurs significant overhead and does not fundamen-
tally improve the model’s intrinsic visual percep-
tion and reasoning capabilities.

2.2 Advancements in RLVR Frameworks

Recent research on RLVR focuses on optimizing
three critical components: Data, Reward, and
Rollout.

Data Curation. High-quality Chain-of-Thought
initialization is a prerequisite for stable RL train-
ing (Chen et al., 2025b; Huang et al., 2025a; Zhang
et al., 2025¢; Liang et al., 2025). Complementing
this, recent studies employ dynamic data selection
strategies, such as filtering trajectories based on
value estimation (Wang et al., 2025d) or applying
perplexity- and difficulty-based correction mech-
anisms (Kong et al., 2024; Jiang et al., 2025) to
enhance sample efficiency and diversity.

Reward Engineering. Granular reward design
serves as a pivotal mechanism in RLVR (DeepSeek-
Al et al., 2025). Dominant approaches rely on
outcome-based signals, including rigorous accu-
racy verification (Liu et al., 2025b), strict format-
ting and length constraints (Parthasarathi et al.,
2025; Zhang and Zuo, 2025), caption alignment
metrics (Gou et al., 2025b) for visual-semantic
understanding, and grounding constraints (Zhang
et al., 2025d). To further mitigate reasoning short-
cuts, recent methods augment these with process-

level constraints (Jiang et al., 2025), aiming to bol-
ster the procedural correctness and reliability of
intermediate reasoning chains.

Rollout Optimization. Enhancing the efficiency
of the exploration phase is another active frontier.
Recent strategies focus on optimizing the rollout
space by dynamically adjusting sampling temper-
atures (Liao et al., 2025), expanding the sampling
space (Liu et al., 2025a; Li et al., 2025b), polishing
reasoning processes (Fan et al., 2025), and em-
ploying tree-search algorithms to diversify gener-
ation paths (Ji et al., 2025). These methods aim
to balance exploration and exploitation, ensuring
the policy covers a broader solution space without
diverging into incoherence.

However, these strategies relegate the visual
modality to an auxiliary role relative to text, ne-
glecting the critical need to enhance visual robust-
ness and sensitivity in MLLMs. In contrast, our
proposed DVRP intrinsically fosters the model’s
visual perception capabilities.

3 Method

3.1 Problem Formulation

Preliminaries on GRPO. We consider a mul-
timodal reasoning task where a policy model 7y,
parameterized by 6, takes a visual input / and a
textual query ¢ to generate a reasoning chain fol-
lowed by a final answer, denoted as o. The training
dataset is represented as D = {([, ¢, a)}, where a
is the ground truth answer.

Recent advancements in RLVR have largely
adopted GRPO (Shao et al., 2024) to enhance rea-
soning capabilities without the need for a separate
value network. Formally, for each input instance
(I, q), GRPO samples a group of G outputs {0; }5
from the old policy mg_,,. A rule-based reward
function (o, a) evaluates the correctness of each
output (e.g., format compliance and answer accu-
racy), assigning a reward R;. To reduce variance,
the advantage A; for the i-th output is computed
by normalizing the rewards within the group:

- R, — mean({Rj}szl)
TSR ) e

where € is a small constant for numerical stability.
The optimization objective of GRPO is defined as:

ey

Jcrpo(0) = Equp {o,}mm,,,

G
1 . (2)
EE £clip(0iaAi)

=1
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Figure 2: The framework of DVRP. Our method mitigates perception-reasoning decoupling via a visual triplet
objective. The upper stream represents the standard reasoning rollout. The lower streams encourage two comple-
mentary behaviors: (1) Visual Robustness: minimizing the KL divergence between predictions on original and
noise-perturbed inputs; and (2) Visual Sensitivity: maximizing the KL divergence when visual information is
partially removed by masking. An entropy regularization term prevents distribution collapse.

where L, denotes the standard PPO clipped sur-
rogate loss:
Lelip = min (piAi,
Clip(pi, 1-— €clips 1+ Eclip)Ai>7
(3

7o (0il1,q) . N
m representing the probability

ratio. Following recent practices (Yu et al., 2025),
we remove the KL divergence penalty term to en-
courage sufficient exploration.

with p; =

The Perception-Reasoning Decoupling. A crit-
ical limitation of current multimodal RLVR
paradigms is their failure to enforce the visual de-
pendency between visual perception and reasoning
paths (Jiang et al., 2025). By relying solely on
outcome-based textual rewards and reasoning in
language medium, these methods treat visual inputs
as optional context rather than necessary evidence.
Consequently, existing frameworks largely over-
look the model’s sensitivity to critical visual se-
mantics and robustness against visual perturba-
tions, inadvertently incentivizing linguistic short-
cuts over visually grounded reasoning (Han et al.,
2025b).

3.2 Visual Triplets as Intrinsic Supervision

To bridge this gap, we propose DVRP, which in-
troduces intrinsic supervision via a Visual Triplet

mechanism. As illustrated in Figure 2 , for each
training instance, we construct three distinct views:

* Invariant View (I): The original visual input,
serving as the anchor for standard reasoning.
The policy distribution under this view is de-
noted as 7§ = 7y (-1, q).

9
Decremental View (/,,,s:): A “—/A” state
generated by masking visual regions ran-
domly. This creates a counterfactual scenario
where visual evidence is lost. The correspond-

ing policy is 71 %% = 7y(-| Inask, q)-

Incremental View (1,,5isc): A “+A” state
generated by injecting non-semantic Diffusion
noise. This simulates environmental instabil-
ity while preserving semantics. The corre-

sponding policy is 7} %%*¢ = 7y (+|Inoise, q)-

This triplet structure allows us to operationalize two
complementary learning signals: Visual Sensitiv-
ity (diverging from ﬂé” @sky and Visual Robustness
(aligning with Wév oise) 'We conducted comprehen-
sive experiments to investigate the insights and
applicability of our approach, which are detailed in
Appendix E.

3.3 Optimization Objective

Formally, DVRP optimizes a unified objective that
balances task performance with intrinsic visual
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General Multimodal Reasoning

Medical Multimodal Reasoning

Overall

Method

Geo3k Vista WeMath MVerse MVerse-V MMKI2 AVG Aver Slake Path Rad PMC AVG Ayl AVG Apel

‘ Qwen2.5-VL-3B Backbone ‘ ‘
Base Model ‘ 20.6  40.6 239 30.9 282 34.8 29.8 Ref. ‘ 487 592 403 468 487 Ref. ‘ 37.4 Ref.
GRPO 28.7 59.3 58.9 553 522 57.2 519 1742% 709 745 712 534 675 138.6% 582 155.6%
DAPO 31.2 60.9 60.0 56.3 53.0 66.8 547 183.6% | 71.3 724 708 56.6 678 1392% | 59.9 160.2%
NoiseRollout 325 63.0 60.1 56.9 535 63.4 549 1842% | 725 76.1 75.0 61.0 712 146.2% | 614 1642%
PAPO 30.9 61.3 60.1 57.1 53.9 57.3 534 1792% | 72.1 759 748 60.7 709 145.6% | 604 161.5%
DVRPp (Ours) | 35.1 64.9 60.5 58.1 54.8 60.9 557 186.9% | 763 789 759 622 733 150.5% | 62.7 167.6%
DVRPg (Ours) | 34.5 65.5 60.3 57.7 54.5 61.2 556 186.6% | 741 775 762 615 723 1485% | 62.3 166.6%
Qwen2.5-VL-7B Backbone

Base Model 33.8 55.9 41.8 45.6 36.9 43.7 43.0 Ref. 637 606 613 522 595 Ref. 49.6 Ref.
GRPO 40.2 65.5 66.1 66.5 61.7 72.1 62.0 1442% | 747 757 749 562 704 1183% | 654 131.9%
DAPO 359 61.9 585 55.6 51.0 719 558 129.8% | 749 762 678 572 69.0 116.0% | 61.1 1232%
NoiseRollout 39.7 67.8 65.3 66.1 62.8 70.5 62.0 1442% | 72.8 741 722 599 698 117.3% | 65.1 131.3%
PAPO 40.2 69.5 66.7 68.4 64.9 72.5 637 148.1% | 769 734 775 61.6 724 121.7% | 612 1355%
DVRPp (Ours) | 43.4 70.9 67.8 68.9 65.3 74.1 65.1 1514% | 803 79.7 805 o642 762 128.1% | 69.5 140.1%
DVRPg (Ours) | 423 71.1 68.1 67.4 66.7 75.6 652 151.6% | 81.7 783 799 655 764 128.4% | 69.7 140.5%

Table 1: Performance (avg@8 acc %) comparison of Qwen2.5-VL-3B and 7B backbones. We compare our DVRP
against baselines including GRPO, DAPO, and PAPO. Subscripts p and ¢ denote optimizations using DAPO and
GRPO, respectively. The Base Model (highlighted) serves as the reference for calculating relative improvements

__ Method—Base
(A"'EI - Base

evaluated using the identical suite.

grounding. We integrate visual triplet supervision
into the GRPO framework to enforce two comple-
mentary constraints: (1) Visual Sensitivity: The
policy must diverge from the decremental view
(Wé” asky where visual evidence is absent; (2) Vi-
sual Robustness: The policy must remain con-
sistent with the incremental view (Wév oisey despite
perturbations.

However, auxiliary branches under corrupted or
masked views may produce overly diffuse predic-
tive distributions, which weakens the training sig-
nal carried by the KL terms. We therefore add an
entropy penalty on the auxiliary branches to dis-
courage high-uncertainty predictions and stabilize
the differential constraints. Consequently, the final
optimization objective Jpyrp is formulated as:

Jovre(0) = Jarro(0)
———

Maximize Reward

+)\nec : ]D)KL (71-5)” || ﬂ_éWask)

Visual Sensitivity (Max Difference) (4)
Ori Noi
—Arob - Dicr, (g™ || mp' )

Visual Robustness (Min Difference)

et B [ 4 ()]

(Prevent Collapse)

where mg_,, (implicitly used in Jgrpo) serves as
the frozen reference distribution to stabilize the
reward maximization, while the triplet objectives
enforce constraints on the current policy manifold.

x 100%). For a fair comparison, all baselines are reproduced in the same environment and

4 Experiments

4.1 Experiment Setup and Training Details

Implementation Framework. Our experimental
framework is built upon Easy-R1 (Zheng et al.,
2025a), implemented using Python 3.10 and Py-
Torch 2.4.0 (Paszke et al., 2019) with CUDA
12.4 support. Following the training paradigm es-
tablished by DeepSeek-R1 (DeepSeek-Al et al.,
2025), we employed Direct Reinforcement Fine-
Tuning (RFT) to optimize the Qwen2.5-VL-7B and
3B backbones (Qwen et al., 2025). All experi-
ments were conducted on a computational cluster
equipped with 4x NVIDIA A800 GPUs.

Training Datasets. To foster robust reasoning
across domains, we employ ViRL39K (Wang et al.,
2025a) for mathematical training, while for the
medical domain, we construct a composite dataset
by amalgamating the training splits of Slake (Liu
et al., 2021), PathVQA (He et al., 2020), Rad-
VQA (Lau et al., 2018), and PMC-VQA (Zhang
et al., 2024b).

Training Details. To demonstrate the versatility
of the proposed DVRP, we integrated DVRP with
two fundamental RLVR algorithms, DAPO (Yu
et al., 2025) and GRPO (Shao et al., 2024), and
evaluated its impact on the Qwen2.5-VL-7B and
3B backbones (Qwen et al., 2025). We conducted
extensive ablation studies to determine the optimal
masking ratios and noise levels (Jiang et al., 2025).
Details are provided in Appendix D. Following the
methodology of NoiseRollout (Liu et al., 2025a),
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In-Domain Datasets

Out-of-Domain Datasets

Method
PMCVQA VQA-RAD SLAKE PathVQA MedXpertQA MMMU-Med
Proprietary Models
Gemini-2.0-flash-lite 50.8 59.4 73.1 64.9 22.3 58.7
GPT-4.1-Nano 53.1 61.8 73.1 70.6 22.7 60.6
General-purpose Multimodal VLMs
Qwen-VL-Chat (Wang et al., 2024b) 36.6 47.0 56.0 55.1 18.5 32.7
Yi-VL-34B (Al et al., 2025) 39.5 53.0 58.9 47.3 19.2 41.5
LLaVA-v1.6-7B (Liu et al., 2024b) 35.5 52.6 57.9 47.9 - 33.1
LLaVA-v1.6-13B (Liu et al., 2024b) 36.6 55.8 58.9 51.9 20.1 39.3
LLaVA-v1.6-34B (Liu et al., 2024b) 44.4 58.6 67.3 59.1 22.8 48.8
LLaVA-v1.5-LLaMA3-8B (Contributors, 2023) 36.4 54.2 59.4 54.1 18.7 38.2
Medical Multimodal VLM
Med-Flamingo (Moor et al., 2023) 23.3 45.4 43.5 54.7 22.1 28.3
RadFM (Wu et al., 2023) 25.9 50.6 34.6 38.7 23.4 27.0
LLaVA-Med-7B (Li et al., 2023) 24.7 51.4 48.6 56.8 20.8 36.9
LLaVA_Med-LLaMA3-8B (Contributors, 2023) 46.6 60.2 61.2 54.5 19.8 41.1
PubMedVision-8B (Chen et al., 2024a) 52.7 63.8 74.5 59.9 21.2 49.1
HuatuoGPT-Vision-34B (Chen et al., 2024a) 58.2 68.1 76.9 63.5 22.1 54.4
MedVLThinker-7B (Huang et al., 2025b) 57.5 63.7 67.8 65.2 20.9 57.0
CAPO-7B (Jiang et al., 2025) 55.5 78.5 79.1 68.9 22.5 60.0
Medical Agentic Systems
MedAgents (Tang et al., 2024) 59.5 65.6 67.9 63.2 - 49.7
MDAgents (Kim et al., 2024) 62.8 66.8 68.2 65.4 - 52.3
AFlow (Zhang et al., 2025b) 61.5 67.3 68.9 66.4 - 53.6
MMedAgent-RL-7B (Xia et al., 2025) 62.4 71.5 76.2 72.3 - 66.4
Ours
Base Model (Qwen2.5-VL-3B) 46.8 40.3 48.7 59.2 20.7 31.5
+ DVRPg 61.5 76.2 74.1 77.5 23.2 424
+14.7 +35.9 +25.4 +18.3 +2.5 +10.9
+ DVRPp 62.2 75.9 76.3 78.9 24.1 44.1
+15.4 +35.6 +27.6 +19.7 +3.4 +12.6
Base Model (Qwen2.5-VL-7B) 52.2 61.3 63.7 60.6 20.1 54.7
+ DVRPg 65.5 79.9 81.7 78.3 24.0 66.2
+13.3 +18.6 +18.0 +17.7 +3.9 +11.5
+ DVRPp 64.2 80.5 80.3 79.7 25.7 65.9
+12.0 +19.2 +16.6 +19.1 +5.6 +11.2

Table 2: Comprehensive performance comparison on 2D medical VQA benchmarks. Bold and underline denote
best and second-best scores. The green values indicate the absolute improvement over the corresponding Base
Model. Subscripts p and ¢ denote optimizations using DAPO and GRPO, respectively.

we adopted a sigmoid function for diffusion noise
annealing (Detailed in Section B.4). We also adopt
random patch masking as the visual sensitivity op-
eration in this work, a choice that has been dis-
cussed in (Wang et al., 2025g). Specifically, the
KL divergence terms are computed as the summa-
tion of token-level KL divergences between the
categorical output distributions of the compared
policies at each generation step, calculated over
the trajectories sampled from the invariant policy
ﬂg”. Detailed hyperparameter configurations are
provided in Appendix B.2.

Evaluation Protocol. We conduct a compre-

hensive evaluation across benchmarks spanning
both in-domain and out-of-domain settings. Our
comparative analysis includes a wide range of
baselines, comprising closed-source commercial
models, open-source general-purpose models, and
domain-specific reasoning models. For detailed ex-
perimental settings, please refer to Appendix B.1.

4.2 Main Experiments

4.2.1 RLVR Experiments

We benchmark DVRP against representative RLVR
baselines (Liu et al., 2025a) (Table 1). On the
7B scale, our approach consistently establishes
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Mathematical Multimodal Reasoning

Method
Geo3k Vista WeMath MVerse MVerse-V MMKI2 AVG
Proprietary Models
GPT-40-mini - 59.9 56.3 423 45.1 51.9 51.1
Gemini-2.0-flash - 70.4 47.4 47.8 48.7 65.2 55.9
General-purpose Multimodal VLMs
Qwen2.5-VL-72B (Wang et al., 2024b) - 74.2 49.1 47.3 48.6 70.5 57.9
InternVL2.5-8B (Chen et al., 2025c) 412 649 449 37.0 40.2 46.8 45.8
InternVL2.5-VL-78B (Chen et al., 2025¢) - 64.9 44.9 37.0 40.2 59.8 49.4
LLaVA-OneVision-7B (Li et al., 2024) 38.5 58.5 44.1 45.2 - - 46.6
LLaVA-OneVision-72B (Li et al., 2024) - 67.1 32.0 27.2 30.1 - 39.1
LLaVA-OneVision-1.5-8B (An et al., 2025) 438 69.6 61.5 - - 56.4 57.8
LLaVA-Critic-R1-7B (Wang et al., 2025c) 354  68.7 62.6 58.9 53.1 574 56.0
R1-OneVision-7B (Yang et al., 2025) 30.6 649 55.2 61.7 443 433 50.0
Math-Specific Multimodal VLMs
MM-Eureka-7B (Meng et al., 2025a) 36.4  59.1 45.3 57.6 56.4 60.6 52.6
MM-Eureka-7B-CPGD (Liu et al., 2025¢) 37.6 64.2 64.3 63.7 59.2 64.7 59.0
ADORA-7B (Gui and Ren, 2025) 412 61.1 53.0 45.2 41.8 49.8 48.7
R1-VL-7B (Zhang et al., 2025c) 319 635 56.1 42.0 43.2 55.3 48.7
VLAA-Thinker-7B (Chen et al., 2025a) 242 674 65.9 479 52.0 63.2 53.4
VL-Rethinker-7B (Wang et al., 2025a) 336 613 66.5 64.0 60.8 59.8 57.7
RACRO-7B-CRO-GRPO (Gou et al., 2025b) 414  61.7 68.9 65.7 61.7 70.5 61.7
ThinkLite-7B-VL (Wang et al., 2025d) 344 689 63.5 49.5 46.0 56.2 53.1
Ours
Base Model (Qwen2.5-VL-3B) 20.6  40.6 23.9 30.9 28.2 34.8 29.8
+ DVRPp 35.1 64.9 60.5 58.1 54.8 60.9 55.7
+14.5 +24.3 +36.6 +27.2 +26.6 +26.1 +25.9
+ DVRP¢ 34.5 65.5 60.3 57.7 54.5 61.2 55.6
+13.9 +24.9 +36.4 +26.8 +26.3 +26.4 +25.8
Base Model (Qwen2.5-VL-7B) 33.8 559 41.8 45.6 36.9 43.7 43.0
+ DVRPp 434 709 67.8 68.9 65.3 74.1 65.1
+9.6 +15.0 +26.0 +23.3 +28.4 +30.4 +22.1
+ DVRP¢ 423 71.1 68.1 67.4 66.7 75.6 65.2
+8.5 +15.2 +26.3 +21.8 +29.8 +31.9 +22.2

Table 3: Performance comparison on mathematical multimodal reasoning benchmarks. Bold and underline denote
the best and second-best performance, respectively. The green values indicate the absolute improvement over the
corresponding Base Model. Subscripts p and ¢ denote optimizations using DAPO and GRPO, respectively.

new state-of-the-art results. Implementing DVRP
on GRPO (DVRP() yields an overall accuracy of
69.7%, representing a 40.5% relative improvement
over the base model and surpassing the strongest
baseline PAPO by 2.5 points. In the medical do-
main, DVRPg reaches 76.4% accuracy with a rela-
tive gain of 28.4%, demonstrating differential vi-
sual constraints effectively enhance robustness in
specialized reasoning tasks. For further case stud-
ies and reasoning consistency evaluation, please
refer to Appendix J.

The performance gain is even more pronounced

on the smaller 3B backbone. DVRPp boosts the
overall accuracy from 37.4% to 62.7%, achieving
a remarkable 67.6 % relative improvement. These
results validate that DVRP effectively compen-
sates for limited model capacity by maximizing
the utilization of visual evidence. Additionally, we
verified our method on QWEN3-VL (Bai et al.,
2025)(Detailed in Appendix H).

4.2.2 Domain Foundation Model Experiments

We evaluate DVRP against a wide spectrum of
proprietary, general-purpose, and domain-specific
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General Multimodal Reasoning

Medical Multimodal Reasoning

Overall

Method

Geo3k Vista WeMath MVerse MVerse-V MMKI2 AVG | Slake Path Rad PMC AVG , AVG
Qwen2.5-VL-7B Backbone

Base Model (Original) , 33.8 55.9 41.8 45.6 36.9 437 430 637 60.6 613 522 595 49.6
Baseline (GRPO) 40.2 65.5 66.1 66.5 61.7 72.1 62.0 | 747 757 749 562 704 65.4
+ Visual Sensitivity 41.5 68.8 67.2 67.8 64.8 739 64.0 | 785 792 782 614 743 68.1
+ Visual Robustness 40.9 67.2 66.6 67.0 63.2 73.0 63.0 | 76.2 76,5 80.2 59.1 73.0 67.0
DVRP¢ (Full) 423 71.1 68.1 67.4 66.7 75.6 652 | 81.7 783 799 655 764 69.7

Table 4: Ablation study of Visual Sensitivity (via masking) and Visual Robustness (via noise injection) on
the Qwen2.5-VL-7B backbone. The Base Model (gray) represents the original pre-trained weights, while the
Baseline utilizes the standard GRPO algorithm. While specific constraints (e.g., masking on PathVQA or noise on
VQA-RAD) may yield marginal gains on individual datasets, the full DVRP framework (green) achieves the best
overall performance, demonstrating the synergy of the combined objectives.

foundation models across medical and mathemat-
ical benchmarks. In the medical domain, as de-
tailed in Table 2, our 7B model establishes new
state-of-the-art performance on in-domain tasks,
consistently outperforming specialized baselines
like CAPO-7B (Jiang et al., 2025) and HuatuoGPT-
Vision-34B (Chen et al., 2024a). Notably, on
PathVQA, DVRPp achieves 79.7% accuracy, sur-
passing the proprietary models and rivaling com-
plex agentic systems like MMedAgent-RL without
requiring external tools or trajectory data (Zhang
et al., 2025b).

Turning to the mathematical domain in Table 3,
DVRP demonstrates superior generalization capa-
bilities. Our 7B model attains an average accu-
racy of 65.2%, significantly outperforming the
72B-parameter Qwen2.5-VL at 57.9%. It also
establishes a clear advantage over math-specific
baselines such as RACRO-7B (Gou et al., 2025a)
and MM-Eureka (Meng et al., 2025a), which score
61.7% and 59.0% respectively. These results in-
dicate that by explicitly enforcing differential vi-
sual sensitivity and robustness, DVRP ensures con-
sistent generalization across diverse datasets and
model scales. Crucially, this approach empowers
parameter-efficient models to rival or even exceed
the reasoning capabilities of significantly larger
counterparts and more sophisticated agentic rea-
soning systems (Xia et al., 2025). Additional eval-
uations about perception and spatial understanding
are presented in Appendix C.

4.3 Ablation Experiments

To investigate the individual contributions of the
proposed components, we conduct an ablation
study on the Qwen2.5-VL-7B backbone using
GRPO as the baseline (Table 4). The introduction
of Visual Sensitivity yields a substantial improve-

ment over the baseline, confirming that penalizing
blind reasoning is critical for enforcing stronger
visual dependence. Similarly, the Visual Robust-
ness term independently enhances performance by
fostering stability against perturbations. While in-
dividual components may occasionally outperform
the unified model on specific tasks, the full DVRP
framework achieves the best overall performance.
This demonstrates that sensitivity and robustness
constraints are complementary, effectively syner-
gizing to maximize reasoning reliability.
Furthermore, we explore the impact of pertur-
bation intensity across domains. Our experiments
reveal a domain-specific dichotomy: general mul-
timodal reasoning (e.g., Math) benefits from ag-
gressive perturbations (P45 = 0.6, Tjnie = 500)
to enforce structural dependency, whereas medical
reasoning requires milder regularization (P, g5k =
0.2, Tinie = 100) to preserve fine-grained patholog-
ical features. We provide a detailed discussion of
these hyperparameter sensitivities in Appendix D.

5 Conclusion

In this work, we address the critical perception-
reasoning decoupling in current multimodal RLVR
paradigms by proposing Thinking with Deltas.
Driven by the Differential Visual Reasoning Pol-
icy, our framework leverages self-supervised vi-
sual triplets to introduce intrinsic training signals
that encourage reasoning behavior to depend on
the presence and stability of visual evidence. This
approach enhances perception without relying on
external dependencies. Extensive experiments
across mathematical and medical domains demon-
strate that DVRP effectively bridges the perception-
reasoning decoupling and empowers parameter-
efficient models to achieve sota performance, often
rivaling significantly larger commercial baselines.
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Limitations

Despite the robust performance and generalization
capabilities our method demonstrates across di-
verse domains and comparative settings, several
limitations remain. First, our empirical evaluation
is currently confined to models with small param-
eters. Due to computational resource constraints,
we have not yet scaled the proposed framework to
larger foundation models (e.g., 70B+ parameters).
But we have empirically verified its efficacy on two
different backbones. Second, our current approach
focuses on intrinsic policy optimization and has
not yet explored integration with agentic systems.
Synergizing DVRP with multi-agent frameworks
or interactive tool-use pipelines to achieve more
sophisticated reasoning strictly grounded on visual
evidence remains an unexplored frontier. We hope
this work inspires future research into differential
constraints as a minimalist yet powerful paradigm
for building trustworthy and visually grounded mul-
timodal systems. Finally, because our evaluation
includes medical VQA tasks, DVRP should be
viewed only as a research framework rather than
a clinical decision-support system, and any real-
world medical use would require expert validation,
bias assessment, and safeguards against harmful
diagnostic errors.
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A Appendix

This appendix provides implementation details, ad-
ditional quantitative ablations, generalization stud-
ies, computational analysis, and extensive qualita-
tive examples to support the findings in the main
paper. The organization is as follows:

* §B Implementation Details. We provide a
detailed breakdown of our experimental setup,
including:

— §B.1 Evaluation Details: Detailed proto-
cols for mathematical and medical bench-
marks.

— §B.2 Hyperparameters: Training hy-
perparameters, inference settings, and
DVREP coefficients.

— §B.3 Prompt Template: The standard-
ized system prompt and reasoning tem-
plate used across all experiments.
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— §B.4 Noise Scheduling: The variance-
preserving diffusion formulation and sig-
moid annealing schedule used to modu-
late perturbation intensity.

— §B.5 Computational Profile: Run-
time and memory analysis showing that
DVRP reuses the invariant-view rollout
and avoids a 3x autoregressive genera-
tion cost.

* §C Generalization to Spatial and Real-
World Reasoning. We evaluate DVRP on
GQA and MMStar to verify transfer beyond
structured math and medical benchmarks, es-
pecially under compositional spatial reason-
ing and vision-indispensable settings.

* §D Ablation on Perturbation Parameters.
We present the sensitivity analysis for mask-
ing ratios (Ppqsk) and noise steps (Lingt),
highlighting the domain-specific perturbation
trade-off between structural robustness and
fine-grained visual fidelity.

* §E Visual Robustness and Sensitivity Anal-
ysis. We analyze the contrasting behaviors of
MLLMs under diffusion noise and semantic
masking, motivating the robustness and sensi-
tivity objectives in DVRP.

* §F RLVR Visual Dependency Experiments.
We detail the blind experiments, including
Text-Only and Blank Image settings, used to
diagnose whether RLVR policies genuinely
rely on visual evidence.

* §G Comparison with Explicit Data Aug-
mentation. We compare DVRP with a Tri-
View Explicit-Augmentation baseline that
uses the same original, masked, and noised
views as ordinary training samples, isolating
whether the gains come from differential KL,
constraints rather than additional exposure to
perturbed visual inputs.

e SH Generalization to Newer Vision-
Language Backbones. We evaluate DVRP
on Qwen3-VL-4B and Qwen3-VL-8B to
test whether the gains transfer to stronger
and more recent vision-language backbones
without hyperparameter re-tuning.

* §I Qualitative Analysis of Visual Depen-
dency. We provide case studies showing how
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baseline policies exploit linguistic shortcuts
or hallucinate visual evidence under blind set-
tings.

* §J Qualitative Comparison of RLVR Algo-
rithms. We compare reasoning trajectories
from GRPO, DAPO, and DVRP-D, focusing
on visual faithfulness, logical consistency, and
perception-reasoning coupling.

B Implementation Details

B.1 Evaluation Details

Evaluation Protocols. To comprehensively as-
sess model performance, we conducted evaluations
across both general (mathematical) and medical
domains, distinguishing between in-domain and
out-of-domain (OOD) settings.

¢ Mathematical Evaluation: We employed
Geo3k (Luetal., 2021), Vista (Lu et al., 2024),
WeMath (Qiao et al., 2024), M Verse (Zhang
et al., 2024a), MVerse-V (Zhang et al., 2024a),
and MMKI2 (Meng et al., 2025b) as OOD
benchmarks to test generalization capabilities.
Furthermore, we utilized mathruler.grader
to facilitate precise evaluation.

¢ Medical Evaluation: We utilized the
test splits of Slake (Liu et al.,, 2021),
PathVQA (He et al., 2020), RadVQA (Lau
et al., 2018), and PMC-VQA (Zhang et al.,
2024b) for in-domain evaluation. Further-
more, MedXpertQA (Zuo et al., 2025) and
MMMU-Med (Yue et al., 2024a) were em-
ployed to assess OOD performance.

To ensure the statistical reliability of our results, we
report the Average Accuracy over 8 runs (AVG@8
Acce). Concretely, for each evaluation sample we
draw 8 independent stochastic rollouts from the
policy under the inference configuration described
above (temperature 1.0, top-p 0.9), score each roll-
out with the rule-based reward function (0, a),
and report the arithmetic mean of the 8 binary ac-
curacies. We deliberately adopt this expectation-
style metric rather than Pass@N (best-of-N) or
majority voting in order to faithfully account for
the sampling variance induced by stochastic decod-
ing and to avoid inflating performance via test-time
aggregation. AVG @8 reduces decoding variance,
but full multi-seed RL training is computationally
expensive; therefore reliability is supported by re-
peated evaluation, controlled baselines, ablations,

and blind dependency diagnostics. For inference,
we deployed the vLLM engine to accelerate gener-
ation (Kwon et al., 2023). For fair comparison, all
models utilized a unified system prompt (reasoning
template) to elicit chain-of-thought reasoning, with
the temperature set to 1.0 and top-p to 0.9. The spe-
cific templates used are detailed in Appendix B.3.

Baselines. To conduct a comprehensive compar-
ative analysis, we evaluate our proposed method
against baselines categorized into two distinct di-
mensions: RL-based optimization methods and
foundational MLLMs.

RL-based Methods. =~ We benchmark our ap-
proach against state-of-the-art RL strategies de-
signed for reasoning or visual alignment, includ-
ing GRPO (Shao et al., 2024), DAPO (Yu et al.,
2025), PAPO (Wang et al., 2025g), and NoiseRoll-
out (Liu et al., 2025a). To ensure a fair comparison,
we re-trained these RL methods using the identical
training set and evaluation suite. For PAPO, we re-
produce it with base GRPO and DAPO, and report
with higher results.

Foundation Models. We compare against a diverse
spectrum of baselines ranging from proprietary
commercial systems to specialized open-source
models:

* Medical-Specific Models: We evaluate per-
formant open-source models tailored for the
biomedical domain, such as HuatuoGPT-
Vision-34B (Chen et al., 2024a).

* Math-Specific Models: For mathematical rea-
soning tasks, we include domain-expert mod-
els like MM-Eureka (Meng et al., 2025a) and
ThinkLite-7B (Wang et al., 2025d).

* General-Purpose Models: We also include
widely adopted general open-source bench-
marks, such as Qwen-VL (Bai et al., 2023)
and LLaVA-v1.6 (Liu et al., 2024b).

B.2 Hyperparameter

To ensure reproducibility, we provide a comprehen-
sive overview of the training and evaluation hyper-
parameters in Table 5 and Table 6. All models are
optimized using AdamW with a constant learning
rate of 1e-6 and a global batch size of 128. Consis-
tent with recent reinforcement learning practices,
we remove the KL penalty relative to the reference
model to facilitate broader policy exploration (Liu
et al., 2025a; Yu et al., 2025).
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Hyperparameter Value Hyperparameter Value
General Training General Training
Optimizer AdamW (BF16) Optimizer AdamW (BF16)
Learning Rate le-6 Learning Rate le-6
LR Schedule Constant LR Schedule Constant
Total Epochs 3 Total Epochs 3
RL Process (GRPO) RL Process (DAPO)
Global Batch Size 128 Global Batch Size 128
Rollout Batch Size 384 Rollout Batch Size 384
Group Size (G) 5 Mini-Rollout Batch Size 128
KL Penalty (Ref Model) None (Disabled) Group Size (G) 5
Reward Signal Accuracy KL Penalty (Ref Model) None (Disabled)
DVRP Objectives Reward Signal Accuracy
Visual Robustness Loss (A..) 0.01 DVRP Objectives
Visual Sensitivity Loss (Apec)  0.01 Visual Robustness Loss (\.,5) 0.01
Entropy Regularization (A¢p,;)  0.05 Visual Sensitivity Loss (Ape.)  0.01
Visual Perturbation Math / Medical Entropy Regularization (Aent) 0.0
Mask Probability (P,4sk) 06 / 02 Visual Perturbation Math / Medical
Patch Size (Py,0s%) 14 / 14 Mask Probability (Py,qsk) 06 / 02
Noise Steps (Tinit) 500 / 100 Patch Size (Pyqsk) 14 / 14
Inference Noise Steps (Tinit) 500 / 100
Temperature 1.0 Inference
Top-p 0.90 Temperature 1.0
Max New Tokens 2048 Top-p 0.90
Max New Tokens 2048

Resources & Efficiency
Compute
Step Time

4x NVIDIA A800
~65-70s

Table 5: Key hyperparameters for training and eval-
uation. DVRP parameters vary by domain (Math vs.
Medical). Notations correspond to Eq. (4).

Crucially, our DVRP framework introduces
three auxiliary objectives regulated by specific co-
efficients: Visual Robustness (A, = 0.01), Visual
Sensitivity (Apec = 0.01), and Entropy Regular-
ization (Acpy = 0.05). The above loss weights
are consistent with previous works (Wang et al.,
2025g; Liu et al., 2025a). To address the vary-
ing information density of visual modalities, we
employ domain-adaptive perturbation strategies.
As detailed in Table 5, we apply a higher mask
probability (£,,4sx = 0.6) and longer noise injec-
tion steps (T3¢ = 500) for mathematical reason-
ing, while adopting milder perturbations (P45 =
0.2, Tinse = 100) for medical tasks to preserve fine-
grained pathological details.

B.3 Prompt Template

For the prompt selection, we employ a standardized
template across all training and evaluation stages
to elicit stable Chain-of-Thought (CoT) reasoning.
As illustrated in Figure 3, the template explicitly

Resources & Efficiency
Compute
Step Time

4x NVIDIA A800
~65-70s

Table 6: Key hyperparameters for training and evalua-
tion based on the DAPO + DVRP configuration.

instructs the model to generate an internal mono-
logue within <think> tags before producing the
final answer, ensuring the output format remains
consistent for automated parsing and reward calcu-
lation.

B.4 Noise Scheduling

We adopt a variance-preserving (VP) diffusion pro-
cess to construct the incremental view Ijgige, SIMu-
lating environmental instability while maintaining
semantic consistency. Given an original image 1
and a noise intensity coefficient 8 € [0, 1], the
perturbed input is formulated as:

Lhoise = \/1_5'[""\//?'6’

where € represents standard Gaussian noise. The
coefficient 3 determines the signal-to-noise ratio; a
higher (3 introduces stronger perturbation.

To balance structural robustness learning with
convergence stability, we introduce a curriculum
learning strategy via a Sigmoid decay schedule.

e ~ N(0,1) (5)
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General Multimodal Reasoning

Medical Multimodal Reasoning Overall

Method / Setting

Geo3k Vista WeMath MVerse MVerse-V MMKI2 AVG Slake Path Rad PMC AVG AVG

Qwen2.5-VL-7B Backbone

Base Model (Original) | 33.8 55.9 41.8 45.6 36.9 43.7 430 | 63.7 606 613 522 595 49.6
Baseline (GRPO) 40.2 65.5 66.1 66.5 61.7 72.1 62.0 747 757 749 562 704 65.4
Ablation I: Sensitivity tp Masking Ratio (P,,,,s;)  (Math favors high mask, Medical favors low mask)
+ Masking (P = 0.2) 41.0 68.2 66.8 66.9 63.5 73.5 633 ' 785 792 782 614 743 67.7
+ Masking (P = 0.4) 41.8 69.5 67.5 67.1 65.1 74.8 643 , 76.8 78.1 774 602 73.1 67.8
+ Masking (P = 0.6) 423 71.1 68.1 67.4 66.7 75.6 652 | 745 765 758 589 714 67.7

Ablation II: Robustness to Noise Injection (1)

(Math needs strong noise, Medical needs weak noise)

+ Noise (7' = 100) 41.2 68.5 66.9 67.0 64.2 73.9 63.6 762 765 802 59.1 73.0 67.4
+ Noise (7" = 300) 41.9 70.1 67.6 67.2 65.8 74.9 646 | 751 758 784 578 718 67.5
+ Noise (7' = 500) 42.3 71.1 68.1 67.4 66.7 75.6 652 | 735 742 761 565 70.1 67.2
DVRP( (Optimal) 42.3 71.1 68.1 67.4 66.7 75.6 652 | 81.7 783 799 655 764 69.7

Table 7: Comprehensive ablation study of the DVRP framework on Qwen2.5-VL-7B. We systematically vary the
Masking Ratio (P,,.sx € {0.2,0.4,0.6}) and Noise Steps (T},;;: € {100,300,500}). The results highlight a
domain-specific dichotomy: General/Math tasks benefit from aggressive perturbations (P = 0.6, 7 = 500) to
enforce structural reasoning, whereas Medical tasks require milder regularization (P = 0.2, 7" = 100) to preserve
fine-grained pathological features. The final DVRPs model employs these domain-optimal settings.

Medical Multimodal Reasoning

Method / Setting

Slake Path Rad PMC AVG
Base Model (Original) 63.7 60.6 613 522 595
Baseline (GRPO) 747 757 749 562 704

Comparison of Noise Types

+ Gaussian Noise (o = 0.1) 75.2
+ Diffusion Noise (7" = 100) | 76.2

(Fixed scheduling, varying structure)

76.0 765 57.0 712
765 80.2 591 73.0

Table 8: Ablation study comparing noise injection
strategies in the Medical domain. Under the DVRP
framework, structured Diffusion Noise (7" = 100) out-
performs unstructured Gaussian Noise (6 = 0.1) by
+1.8%, demonstrating that preserving semantic struc-
ture during perturbation is critical for medical visual
reasoning.

Specifically, the noise intensity 3 is dynamically
annealed based on the training progress. Let k be
the current training step and K be the total steps.
We compute the diffusion timestep ¢ as:

k) = Ty - 0 (7- (o.5 - [’2)) . ®

where Tip; is the initial noise step (e.g., 500), o(-)
is the sigmoid function, and  is a scaling factor
controlling the decay steepness (set to 10 in our
experiments). The noise intensity is then derived
as Or = t(k)/Tmax. This schedule imposes high-
variance perturbations in the early stages to enforce
broad structural invariance, while gradually anneal-
ing the noise to zero to refine fine-grained visual
consistency.

B.5 Computational Profile

Although DVRP introduces a visual triplet formu-
lation, it does not incur a 3 X compute or memory
blow-up. The key implementation insight is that
the autoregressive rollout, which dominates wall-
clock cost in RLVR, is performed only once on the
Invariant view /. The Decremental (I,,5¢) and In-
cremental (Ipise) Views are consumed exclusively
during the actor update phase, where the model per-
forms a single, fully parallelized forward pass over
the trajectory already sampled from I to obtain the
log-probabilities required by the differential KL
terms. We thus avoid maintaining additional KV-
caches or generation streams, and the augmented
forward passes do not build extra autoregressive
computation graphs.

We profile peak VRAM and wall-clock time per
update step on a 4xNVIDIA A800 (80GB) clus-
ter with the Qwen2.5-VL-7B backbone and FSDP
enabled. As summarized in Table 9, DVRP intro-
duces only an ~18.6% increase in peak VRAM and
an ~26.1% increase in step time relative to stan-
dard GRPO, both of which fit comfortably within
commodity 80GB GPU budgets. Empirically, this
fractional overhead fundamentally re-shapes the
optimization trajectory: simply training a single-
view DAPO baseline for >26% additional steps
does not close the gap to DVRP, indicating that the
additional compute is invested in re-coupling per-
ception and reasoning rather than in extra gradient
updates over an already-saturated objective.
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Method AR Roll. Fwd. Passes Peak VRAM Time/Step
GRPO 1 2(C,R) ~64.5 GB ~65.0s
DAPO 1 2(C,R) ~66.8 GB ~68.5s

DVRP (Ours) 1 4(C,D,I,R) ~76.5GB (+18.6%) ~82.0s(+26.1%)

Table 9: Computational profile of DVRP versus RLVR
baselines on Qwen2.5-VL-7B (4 x A800-80GB, FSDP,
BF16). AR Roll. = autoregressive rollout streams; Fwd.
Passes counts forward passes in the actor update (C =
Clean/Invariant, D = Decremental, I = Incremental, R
= reference my,,). DVRP avoids the 3x blow-up by
reusing the trajectory sampled from the Invariant view
across all three branches.

C Generalization to Spatial and
Real-World Reasoning

The benchmarks in §4.2 stress structurally
grounded or fine-grained perception. To verify that
DVRP also transfers to less structured, real-world
reasoning rather than merely tightening structural
priors, we evaluate on two complementary out-of-
domain benchmarks: GQA (Hudson and Manning,
2019), which probes compositional spatial reason-
ing over natural scenes, and MMStar (Chen et al.,
2024c), a curated vision-indispensable benchmark
whose questions are filtered to be unanswerable
from textual priors alone, serving as a direct testbed
for the blind-reasoner pathology in §1. Results are
summarized in Table 10.

Compositional Spatial Reasoning. On GQA,
DVRP( reaches 68.3%, surpassing the GRPO
baseline by +3.1% and outperforming substan-
tially larger counterparts (e.g., LLaVA-Next-34B)
and the proprietary GPT-4V. This indicates the
visual-robustness constraint preserves unstructured
spatial relations and instead encourages alignment
with object—attribute—relation cues that GQA ex-
plicitly probes.

Eliminating Linguistic Shortcuts. The +3.8%
gain on MMStar (reaching 58.6%, exceeding GPT-
4V) is particularly informative: by construction,
MMStar removes the shortcuts exploited by stan-
dard RLVR policies in Figure 1. The fact that
DVRP achieves its largest relative improvement
precisely where shortcut exploitation is foreclosed
provides direct evidence that the differential triplet
objective re-couples reasoning with visual evi-
dence.

Combined with the medical results in §4.2, these
findings show that DVRP generalizes along two
orthogonal axes of visual difficulty—fine-grained
perceptual dependence and commonsense spa-
tial dependence—rather than relying on domain-

Method GQA MMStar
Qwen-VL-Chat 57.5 37.5
LLaVA-Next-34B 67.1 52.1
GPT-4V (high) 65.4 57.1
Qwen2.5-VL-7B (Base) 64.5 53.2

+ GRPO 65.2 54.8

+ DVRP¢ (Ours) 68.3(+3.1) 58.6(+3.8)

Table 10: Out-of-domain generalization on GQA (com-
positional spatial reasoning) and MMStar (vision-
indispensable benchmark eliminating linguistic short-
cuts).

specific inductive biases.

D Ablation on Perturbation Parameters

We investigate the sensitivity of the DVRP frame-
work to the intensity of visual perturbations. We
perform ablations on the Qwen2.5-VL-7B (Qwen
et al., 2025) backbone by varying the masking ra-
tio Ppqsk € {0.2,0.4,0.6} and the noise injection
steps Tinit € {100, 300,500}. The results are de-
tailed in Table 7.

Masking Ratio. We observe a distinct diver-
gence in optimal masking ratios between domains.
For General Multimodal Reasoning (e.g., Math),
performance improves consistently as the mask-
ing ratio increases, peaking at P,,,sx = 0.6. This
suggests that geometric diagrams and natural im-
ages contain high spatial redundancy; aggressive
masking effectively forces the model to learn struc-
tural dependencies rather than relying on local
textures. In contrast, Medical Multimodal Rea-
soning favors a conservative ratio (Py,qsr = 0.2).
Performance drops significantly (from 74.3% to
71.4%) when the ratio is increased to 0.6. This
indicates that medical diagnosis relies heavily on
fine-grained visual details (e.g., small lesions or
boundaries), which are easily destroyed by aggres-
sive occlusion.

Noise Injection Level. A similar trend is ob-
served for noise robustness. We implement noise
injection via a diffusion process, utilizing a sigmoid
schedule to modulate the noise intensity. In the
general domain, the model benefits from stronger
consistency regularization, achieving peak accu-
racy with higher diffusion timesteps (7;,;; = 500).
Conversely, the medical domain is sensitive to high-
intensity diffusion perturbations. Performance de-
grades as T;,;; increases, with the optimal setting
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found at a lower timestep (Zj,;: = 100). We hy-
pothesize that excessive diffusion noise in medical
images risks corrupting subtle pathological features
or mimicking sensor artifacts, thereby confusing
the reasoning policy.

Based on these observations, our final DVRPg
model adopts domain-specific settings: we apply
stronger perturbations (P = 0.6,7 = 500) for
math tasks to encourage robustness, and milder
perturbations (P = 0.2,7 = 100) for medical
tasks to preserve visual fidelity.

Impact of Noise Structure. Table 8 further scru-
tinizes the efficacy of structured Diffusion Noise
(T' = 100) versus unstructured Gaussian Noise
(o0 = 0.1) in the medical domain (P = 0.6). The
results demonstrate that Diffusion Noise consis-
tently outperforms Gaussian Noise, achieving an
average gain of +1.8%. This suggests that struc-
tured perturbations effectively regularize the pol-
icy while preserving essential semantic integrity,
whereas unstructured Gaussian noise risks degrad-
ing the pixel-level fidelity required for fine-grained
medical diagnostics.

E Visual Robustness and Sensitivity
Analysis

To investigate the reliance of MLLMs on visual
fidelity and their resilience to perturbations, we
conduct a comprehensive robustness analysis on
Qwen2.5-VL benchmarks (Qwen et al., 2025)
across general and medical domains. We introduce
two distinct types of visual perturbations: Diffusion
Noise, which represents high-frequency corruption,
and Patch Masking, which represents semantic in-
formation loss. As visualized in Figure 4, these
perturbations induce contrasting reasoning behav-
iors: the model remains resilient and consistent
under noise (+A) but becomes confused and diver-
gent when visual semantics are masked (—A). This
qualitative observation is quantitatively confirmed
by the results in Table 11, serving as the empirical
foundation for our proposed method.

Robustness to Diffusion Noise. As shown in the
Noise rows of Table 11, MLLMs exhibit strong
stability against diffusive perturbations. We im-
plement noise injection via a diffusion scheduler
controlled by a sigmoid function. Despite these
perturbations, the Qwen2.5-VL-3B model main-
tains performance and even achieves a slight av-
erage gain of +0.6% in general reasoning tasks.

Similarly, the 7B model shows negligible perfor-
mance fluctuations (A < 0.3%) across most bench-
marks. This indicates that current MLLMSs possess
inherent resilience to the high-frequency jitter intro-
duced by the diffusion scheduler, likely due to the
robust feature extraction capabilities of the vision
encoder.

Insight I: This robustness validates the feasibil-
ity of our Noise Consistency objective. Since the
model demonstrates invariance to diffusion noise,
explicitly enforcing output consistency between
clean and noisy views acts as a safe regularization
term. This stabilizes the policy without degrading
representation quality.

Sensitivity to Semantic Masking. Conversely,
the models demonstrate high sensitivity to patch
masking. When a portion of the visual input is oc-
cluded, performance degrades sharply. Notably,
the 7B model suffers a severe average drop of
—20.9% in the medical domain and —15.4% in
general tasks. This degradation is significantly
more pronounced than that caused by noise, in-
dicating that reasoning depends heavily on specific
visual patches rather than language priors alone.
Insight II: This sensitivity confirms that visual
tokens are critical for correct reasoning. It moti-
vates employing masking as a challenging view
in the reinforcement learning loop. Exposing the
policy to masked inputs forces the model to max-
imize information utilization from the remaining
visible patches, thereby reducing hallucination and
enhancing the grounding of the reasoning process.

Summary. MLLM:s process these two perturba-
tions through fundamentally different mechanisms.
Diffusion noise acts as a low-level surface artifact
to which pre-trained visual encoders exhibit strong
invariance. In contrast, patch masking acts as a
high-level semantic disruption that breaks the vi-
sual continuity required for logical deduction. This
disparity highlights a critical insight: while visual
representations are texturally robust, reasoning poli-
cies remain fragile to structural incompleteness.
This observation directly underpins our method-
ology, where we leverage diffusion noise for con-
sistency regularization and masking for hardness-
aware policy learning.

F RLVR Visual Dependency Experiments

To rigorously investigate whether current RLVR
methods genuinely leverage visual information or
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SYSTEM:
You are a helpful assistant.

USER:
{question }

You first think through the reasoning process as an internal monologue, enclosed within <think>
</think> tags. Then, provide your final answer enclosed within \boxed{ }.

Figure 3: The standardized prompt template employed across all training and evaluation phases. To ensure consistent
reasoning behaviors and facilitate automated answer extraction, we explicitly instruct the model to encapsulate its
chain-of-thought within <think> tags and place the final result inside a \boxed{} command.

General Multimodal Reasoning

Medical Multimodal Reasoning

Setting Geo3k Vista  WeMath MVerse MVerse-V MMKI12 AVG Slake Path Rad PMC AVG
Qwen2.5-VL-3B Backbone

Original 20.6 40.6 239 30.9 28.2 34.8 29.8 48.7 59.2 40.3 46.8 48.8

Noise 226420 414,08 265.6 30801 26.2.20 35.1403 304406 | 48.1.06 585.07 40.6,93 462,406 484,04

Masked | 6.2.144 242464 17861 21.5.94 16.5.11.7 31.6.32  19.6.102 | 31.5.072 378214 262441 294474 312476
Owen2.5-VL-7B Backbone

Original 33.8 55.9 41.8 45.6 36.9 43.7 429 63.7 60.6 61.3 522 59.5

Noise 30.5.33 563404 41.692 44541 38.541.6 44.6,09 42702 | 63502 59.8.08 615,02 519403 59243

Masked | 8.0.258 324,35 305413 312,44 232437 39.6.41 27554 | 421216 384222 405208 33.2.190 38.6.209

Table 11: Robustness evaluation under visual perturbations. Results are presented as Accuracypigference- 1h€
difference (A) represents the gap compared to the Original setting. Red subscripts indicate performance gains

(+A), while Blue subscripts indicate drops (—A).

merely exploit linguistic priors, we conducted a
series of blind experiments. We maintained the
identical training setup as the main experiments,
training policies on the VIRL-39K (Wang et al.,
2025a) dataset using the standard hyperparameters
for both GRPO (Shao et al., 2024) and DAPO (Yu
et al., 2025). We also presented case study com-
parisons in Section I. During evaluation, we in-
troduced two modality-blind settings to sever the
visual semantic link:

* Blank Image (B/W): The original visual in-
put is randomly replaced with a solid black or
white image. This removes all visual seman-
tics while preserving the multimodal input
structure.

 Text Only: The visual tokens are entirely dis-
carded, forcing the model to rely solely on
the textual query and its internal parametric
knowledge.

Visual Redundancy in GRPO. Table 12
presents the comparative performance across six

general multimodal reasoning benchmarks. For
GRPO, removing visual modalities causes a per-
formance decline from 62.0% to 58.3%. However,
this drop is disproportionately small given the mul-
timodal nature of these tasks. The fact that the pol-
icy retains nearly 94% of its original efficacy in the
blind setting indicates that the model treats visual
evidence as largely redundant. Rather than ground-
ing reasoning in visual perception, the model relies
primarily on linguistic priors and parametric knowl-
edge.

Visual Interference in DAPO. In contrast,
DAPO treats visual input as a distraction. Unex-
pectedly, ablating visual signals leads to marginal
performance improvements. As shown in Ta-
ble 12, the Text Only configuration achieves an
average accuracy of 56.3%, outperforming the
original multimodal baseline (55.8%). Specifi-
cally, on MathVista, replacing informative images
with blank frames yields a +3.5% gain (61.9% —
65.4%), and discarding images boosts performance
on PAPO_MMKI12 (Meng et al., 2025b) by +1.4%.
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General Multimodal Reasoning Benchmarks

Method & Setting

Geo3k Vista  WeMath MVerse MVer-V MMKI12 AVG

Base Model (Qwen2.5-VL-7B) 33.8 55.9 41.8 45.6 36.9 43.7 43.0

GRPO Policy (Original) 40.2 65.5 66.1 66.5 61.7 72.1 62.0
w/ Black/White Image 37.8.2‘4 64.8.0.7 65.2.0_9 64.2.2‘3 60.3.1‘4 66.6.5‘5 59.8.2.2
w/ Text Only Input 34161 62.035 63.139 63233 61.196 66.556 58.337

DAPO Policy (Original) 35.9 61.9 58.5 55.6 51.0 71.9 55.8
w/ Black/White Image 34.9.1‘0 65.4+3.5 58. 1.0_4 54.2.1‘4 51 .3+0.3 68.2.3‘7 55.4.0,4
w/ Text Only Input 34.6.13 62.5,0.6 57441 55204 54.5,35 733,14 56.3,05

DVRPg Policy (Original) 42.3 71.1 68.1 67.4 66.7 75.6 65.2
w/ Black/White Image 28.5.13_3 39.4.31_7 42'1-26.0 37.6.29_8 34.2.32.5 49.8.25‘8 38.6.26‘6
w/ Text Only Input 26.1.462 36.2349 405,76 35430 312355 50.1555 36.6.28.¢

DVRPp Policy (Original) 43.4 70.9 67.8 68.9 65.3 74.1 65.1
w/ Black/White Image 29.1.14_3 41.2.29‘7 41.8.26‘0 38.5.30_4 35.6.29.7 48.5.25‘6 39-1-26.0
w/ Text Only Input 27.0.164 38.1.328 302586 36.1.38 32.8.35 48.0.26.1 36.9.282

Table 12: Ablation study on visual dependency. We compare the performance stability of GRPO, DAPO, and
our DVRP variants under Black/White Image (texture-only) and Text Only (blind) settings. The Base Model

serves as the zero-shot baseline. For each policy (highlighted in blue ), the subscripts denote the performance
gap (A) relative to their respective Original settings. DAPO shows counter-intuitive gains in “Text Only” mode
(indicated by red subscripts), suggesting a bias towards linguistic shortcuts; in contrast, both DVRP variants show
large and consistent drops across benchmarks, with average decreases of —31.1/ — 33.1 and —29.3/ — 31.5 points,
respectively. This provides behavioral evidence that DVRP relies more strongly on the visual stream than the

baseline RLVR policies.

These results suggest that the current RLVR objec-
tive encourages the policy to ignore visual infor-
mation in favor of statistical language correlations,
effectively treating images as noise.

The Cause: Linguistic Shortcuts. These blind
experiments identify a critical limitation in current
multimodal RLVR paradigms. When optimizing
solely for outcome-based textual rewards, policies
learn to bypass the visual encoder to maximize
reward efficiency. Instead of inducing a reliable
dependence between perception and reasoning, the
model can overfit to syntactic patterns in the reason-
ing chain. This decoupling leads to hallucinations,
where the model generates coherent rationales that
are detached from the actual visual input.

DVRP Strengthens Visual Dependency. The
bottom two blocks of Table 12 apply the identi-
cal blind-test protocol to our own policies, pro-
viding a two-sided sanity check that DVRP does
not merely inherit the linguistic shortcut while im-
proving Original accuracy through other means.
The behavioural signature is precisely the oppo-
site of the baselines. DVRPg drops from 65.2%
to 38.6% under Black/White (A = —26.6) and to

36.6% under Text Only (A = —28.6); DVRPp
mirrors this pattern, falling from 65.1% to 39.1%
(A = —26.0) and 36.9% (A = —28.2) respec-
tively. At the aggregate level, both DVRP variants
follow the expected ordering Original > Black-
/White > Text Only, and all per-benchmark blind
settings remain substantially below their Original
counterparts. The relative degradation is roughly
an order of magnitude larger than that of GRPO
and DAPO, suggesting that DVRP’s accuracy de-
pends more strongly on visual inputs rather than
being primarily mediated by a stronger text prior.

Insight: Enforcing Visual Dependency. These
findings motivate our proposed framework. Scal-
ing reinforcement learning on multimodal data is
insufficient if the optimization does not explicitly
penalize the bypass of visual information. Our
DVRP framework addresses this by introducing a
visual triplet constraint. By maximizing divergence
on masked inputs (Sensitivity) and minimizing it
on perturbed inputs (Robustness), DVRP encour-
ages the policy to rely more strongly on visual to-
kens during reasoning. This mechanism re-couples
perception and reasoning, providing evidence that
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Figure 4: Visual Dependency Analysis. Divergence
in reasoning paths. Current MLLMs show minimal
sensitivity to masked vs. perturbed inputs (consistent in
top rows), but become confused when visual semantics
are masked (divergent in bottom row), indicating a lack
of visual grounding.
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the gains are less likely to be explained solely by
linguistic shortcuts—a property that is empirically
reflected in DVRP’s catastrophic blind-mode col-
lapse and quantitatively measured by the A sub-
scripts in Table 12.

G Comparison with Explicit Data
Augmentation

A natural alternative to DVRP’s distributional con-
straints is to expose the policy to the same masked
and noised views as ordinary training samples and
let outcome reward do the rest, raising the question
of whether DVRP’s gains stem from the differen-
tial KL objective itself or merely from additional
exposure to perturbed visual inputs. To test this,
we construct a Tri-View Explicit-Augmentation
(Explicit-Aug) baseline on Qwen2.5-VL-7B with
standard GRPO, augmenting the training corpus
along three streams using the identical perturba-
tions as DVRP: original inputs trained with stan-
dard ground-truth rewards, noised inputs rewarded
for producing the correct answer despite injected
noise, and masked inputs paired with an explicit
abstention target rewarded exclusively for out-
putting “Insufficient visual information to answer.”
The only structural difference from DVRP is the
form of the training signal: Explicit-Aug treats
the three views as independent supervised samples,
whereas DVRP couples them through the sensitiv-

Method Math and Medical Reasoning

Geo3k MVista WeMath Slake Path AVG

GRPO (Standard Single-View) 40.2 65.5 61.7 757 747  63.6
Explicit-Aug (Tri-View) 40.9 66.8 63.4 76.5 762 648
DVRPg (Ours) 423 71.1 68.1 783 817 683

Table 13: Comparison between standard GRPO, the
Tri-View Explicit-Augmentation baseline, and DVRP
on five representative benchmarks (Qwen2.5-VL-7B).
Explicit-Aug uses the same masked and noised views
as DVRP but optimises them through explicit ground-
truth or abstention targets instead of differential KL
constraints. Mere exposure to perturbed views yields
only +1.2% over GRPO, while DVRP gains +4.7% on
the same benchmarks.

ity and robustness KL constraints in Eq. (4).

Table 13 shows that Explicit-Aug improves upon
GRPO by only +1.2% AVG and falls —3.5% short
of DVRP under identical training data, isolating
the contribution of the differential KL. objective
from that of data exposure alone. Training dynam-
ics reveal why Explicit-Aug saturates so quickly:
once the masked stream is paired with an explicit

“cannot answer” target, the policy rapidly discovers

the superficial heuristic of associating the artifact
of masking with abstention and prematurely aborts
reasoning to secure an easy reward, a textbook in-
stance of reward hacking. DVRP precludes this
shortcut by construction, since the masked view
enters the objective only through the sensitivity
KL margin in Eq. (4); refusing to reason would
collapse this margin while failing to improve the
clean-view outcome reward, structurally forcing
the policy to extract reasoning utility from the re-
maining unmasked patches rather than abstain. The
differential KL constraint thus enforces stronger
input-level visual dependence where explicit aug-
mentation merely acts as a weak regulariser prone
to reward hacking.

H Generalization to Newer
Vision-Language Backbones

The main experiments in §4.2 are conducted on
Qwen2.5-VL to keep a controlled comparison with
prior RLVR work on the same backbone. To verify
that DVRP transfers to stronger and more recent
backbones without re-tuning, we re-run DVRP and
its principal RLVR baselines on the Qwen3-VL-4B
and 8B models (Bai et al., 2025). DVRP is built
on top of GRPO and uses the identical loss formu-
lation, hyperparameters, and training recipe as in
the main text. Medical benchmarks are omitted
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Method

Mathematical and Structural Reasoning

Geo3k MYVista WeMath MVerse

MVer-V MMKI12 AVG

Owen3-VL-4B packbone

Base (Instruct) | 454 65.8 53.4 434 40.9 39.4 48.0
SAPO 40.5 48.7 63.0 54.2 52.8 54.0 522
VPPO 57.1 70.2 73.1 70.3 66.4 58.2 65.9
DAPO 60.6 72.3 79.5 74.4 70.3 60.6 69.6
GRPO 53.4 68.7 68.5 67.2 63.2 56.0 62.8
DVRP (Ours) | 59.4 70.8 75.4 73.2 69.1 61.4 68.2
Owen3-VL-8B backbone

Base (Instruct) | 51.6 65.7 60.3 54.0 50.1 45.9 54.6
SAPO 534 57.2 63.5 60.2 56.6 50.4 56.9
VPPO 60.4 72.0 73.7 69.3 67.5 60.7 67.3
DAPO 64.2 71.1 717.1 734 68.9 64.0 69.8
GRPO 56.7 68.4 68.9 65.2 61.9 54.8 62.7
DVRP (Ours) | 64.4 72.3 78.1 76.2 74.4 69.5 72.5

Table 14: Cross-backbone results on Qwen3-VL-4B/8B over the six benchmarks in §4.2. DVRP (built on GRPO)
uses the identical recipe with no hyperparameter re-tuning, yielding +5.4% (4B) and +9.8% (8B) over GRPO, and

+2.7% over DAPO at 8B.

because Qwen3-VL was released without public
medical-domain checkpoints at the time of writing;
full medical results on Qwen2.5-VL are reported
in §4.2.

Cross-Backbone Stability. On both Qwen3-VL-
4B and 8B, DVRP preserves the gain pattern ob-
served on Qwen2.5-VL in the main text: a large
margin over its matched base GRPO (+5.4 and
+9.8 AVG) and a consistent lead over SAPO (+16.0
and +15.6) and VPPO (+2.3 and +5.2). The im-
provement is not concentrated on a single bench-
mark: DVRP gains on at least 5 of 6 benchmarks at
both scales, and the per-benchmark ordering DVRP
> GRPO holds uniformly, while DVRP also sur-
passes the stronger DAPO baseline at 8B.

Scaling Behaviour. On the stronger 8B backbone
the absolute performance ceiling rises for all meth-
ods, and DVRP overtakes DAPO by +2.7 AVG,
reversing the slim deficit observed at 4B. We inter-
pret this as evidence that the differential KL objec-
tive extracts additional visual grounding signal as
the underlying perception quality of the base en-
coder improves, a trend that is consistent with the
medical-domain results in §4.2 and supports the
claim that DVRP scales positively with backbone
strength.

I Qualitative Analysis of Visual
Dependency

To understand the visual bypass phenomenon ob-
served in Section F, we qualitatively examine the
reasoning trajectories of the DAPO policy under

three inference settings: Text-Only, Blank Image,
and the Standard (Original Image) setting. We
focus on cases where visual information is theo-
retically indispensable for deduction. As shown
below, the policy frequently reaches the correct op-
tion in the blind settings by hallucinating numerical
values, back-solving from the answer choices, or
exploiting linguistic priors embedded in the ques-
tion. This qualitative evidence confirms that the
model often treats visual data as redundant, secur-
ing high rewards through spurious shortcuts rather
than genuine multimodal comprehension.

J Qualitative Comparison of RLVR
Algorithms

In this section, we present a comparative case study
of reasoning trajectories generated by the GRPO
baseline (Shao et al., 2024), the DAPO method (Yu
et al., 2025), and our proposed DVRP-D frame-
work.

Evaluation Methodology. To conduct a rigorous
qualitative assessment, we randomly sampled 50
distinct cases spanning six diverse math reason-
ing datasets. We employed Gemini-3-Pro as an
external evaluator to assess the quality of reasoning
chains based on two primary criteria: visual faith-
fulness and logical consistency. The evaluation
specifically focuses on identifying instances where
the model generates plausible text that contradicts
visual facts (hallucination) or ignores critical visual
cues (blind reasoning).
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Analysis of Baselines. The comparative analy-
sis of these sampled cases reveals that baselines
frequently suffer from perception-reasoning decou-
pling, manifesting in distinct failure modes. GRPO
tends to exhibit visual hallucinations, such as de-
scribing incorrect object colors or counts to force
a logical conclusion. It also suffers from option
mapping failures, where valid intermediate cal-
culations inexplicably lead to incorrect multiple-
choice selections. Similarly, while DAPO fol-
lows a structured format, it frequently demonstrates
logical inconsistencies and visual misalignment.
Specific errors include failing numerical compara-
tors despite accurate counting (e.g., concluding
2 < 4 is false) or misinterpreting graph trends
(e.g., confusing exponential growth with linear re-
lationships). These patterns indicate that baseline
reasoning paths often diverge from visual reality
due to an over-reliance on linguistic priors.

Efficacy of DVRP-D. In contrast, the evaluation
confirms that DVRP-D demonstrates superior vi-
sual grounding. Our method effectively anchors
reasoning steps to specific visual evidence. Cru-
cially, the assessment highlights that DVRP-D ex-
hibits distinct self-correction behaviors. It actively
verifies visual features during intermediate steps
and adjusts its reasoning when initial assumptions
conflict with visual observation. This mechanism
significantly reduces the occurrence of ungrounded
hallucinations and ensures that the final answer is
causally derived from the visual input.

1009

GEOMETRY3K
Visual-
Dependency

Case

Question.
Find .

GT Answer:
8

Failure Mode
Summary.

The model
recovers the
correct length
only because
Geometry3k

contains many
30-60-90 problems
whose  canonical
side equals 8+/3;
the blind policies

guess this constant

from the linguistic

prior alone.

Text-Only Policy (No Vision)

Set up:  tan(60°) =
opp/adj = y/z = /3, so
Yy = :Lﬁ

Hmm but I still need an-
other equation. Maybe
the hypotenuse is given.
Try cos(60°) = z/y =
1/2 = y = 2z. Combine
with y = xv3? That
gives 2x = x/3, which is
impossible.

Let me just guess the standard
length appearing in this

dataset is 83 . Then

sin(60°) = 8V3/y =
V3/2 = y = 16. So
x = y/2 = 8. Yes, that
matches a 30-60-90 with
hypotenuse 16.

Failure: Hallucinated the side
length 8+/3 without any visual evi-
dence to back-solve.

Answer: v

Blank Image Policy (Solid B/W)

Assume the side opposite 60°
is 83 . Then tan(60°) =
y/(8V3) = V3 =y =24

To get x I use cos(60°) =
x/y=1/2, s0x =12
Wait, that contradicts the

dataset; usually x here is
the short leg. Let me redo
with Pythagoras: y? =
z? + (8v3)2. If the ratio
short:long:hyp is 1 : V3:2
the short leg must be 8, the
long leg 8+\/3, hypotenuse 16.
Soxr =8

Failure: Same hallucinated 8+/3
as Text-Only.

Answer: v

Original Policy (DAPO, Full Visual

Input)

A right triangle with a 60°
angle marked at the bottom-
right and the side opposite

30° labelled 8/3.
[step 1] Identify the triangle
type: angles 30-60-90, so the

sides follow the ratio 1 : /3 :
2 (short : long : hypotenuse).
[step 2]  The side opposite

the 60° angle is the long leg.
From the figure, that long leg

is 8v/3.

[step 3] x sits opposite the
30° angle, i.e. the short leg.

Therefore x = 8\/3/\/3 =&
Answer: v




MATHVERSE

Visual-
Dependency

Case

Question.

a || b Z2 =
35°, /3 = 40°.
Find £1.

GT Answer:
B (105°)

Failure Mode
Summary.

Blind policies
happen to match
the GT because the
question text alone
Sully specifies
the geometric
relationship;  the
visual diagram is
informationally
redundant for this

template.

Text-Only Policy (No Vision)

No figure given. I'll mentally
place two parallel lines a || b
cut by some transversal, with
/2 and /3 adjacent to the

intersection point.
By alternate interior angles,
ZAEC = /2 = 35°.

/1 should then equal
’?5%EC+43 = 35°+40° =

Hmm, 75° is not in the option
set  {75,85,95,105}... let
me re-examine.  Actually

for the “two-parallel-lines,

Z-shape, angle on the outside”
template, the standard result
is 180° — 35° — 40° = 105°.
So pick B.

Failure: Computed 75° from
a wrong geometric construction,
then silently back-tracked to 105°
to match the option set.

Answer: v

Blank Image Policy (Solid B/W)

Blank canvas, but the alge-
braic relations in the question
are sufficient. Standard “Z +
supplement” pattern:

[1]  a || bimplies an angle

congruent to /3 on the same

side as /1, call it /4 = 40°.
2] /1, /2, /4 are
collinear, summing to 180°.
B8] Z£1 = 180° — 35° —
40° = 105°.

Failure: Reasoning is sound here
only because the question phras-
ing leaks the geometric configura-

tion; visual evidence was never re-
quired.

Answer: v

Original Policy (DAPO, Full Visual

Input)

The figure shows two hori-
zontal parallel lines a (top)
and b (bottom) with a zig-zag
transversal. /2 sits at the top
intersection on line a; /1 is
its supplement on the same
line; /3 sits at the bottom in-
tersection on line b.

[1] By alternate interior an-

gles (a || b), the angle adja-
cent to Z1 on the upper line is
congruent to /3, hence /4 =
40°.

2] /1, /2 and /4 lie on
the same straight line, so Z1+
35° +40° = 180°.

8] Z1 = 105°, i.e. option
B

A.nswer: v
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MATHVISTA
Visual-
Dependency
Case

Salles statistics for
(dtems in different stores

Units sold

very mill cop dot

Question.

How many items
were sold fewer
than 5 units in at

least one store?

GT Answer:
2

Failure Mode
Summary.

Blind policies

reproduce the
answer  through
a memorised
four-item bar

chart template;
the chart pixels
are  functionally

redundant.

Text-Only Policy (No Vision)

No chart visible, but the
dataset always uses four
items {“Very”, “Mill”,
“Cop”, “Dot”} with two
product types {candy, cook).
Let me hallucinate plausible
counts:

“Very”: both bars around 3
(< 5) = qualifies.

“Mill”: candy 6, cook 3
(< 5) = qualifies.

“Cop”: candy 9, cook 5
(not strictly < 5) = no.

“Dot”: candy 5, cook T =
no.
Two items qualify.

Failure: All bar heights are fabri-
cated; the count of qualifying items
coincidentally matches the GT.

Answer: v

Blank Image Policy (Solid B/W)

Solid black image. I will reuse
the four-item / two-bar tem-
plate remembered from train-

ing:

“Very”: both 3; “Mill”:
candy 6, cook 3 ; “Cop”:
candy 9, cook 5; “Dot”:

candy 5, cook T . Qualify-
ing items = {Very, Mill} =
2.

Failure: Identical hallucination to
the Text-Only setting — the blank
pixels trigger the same template
recall.

Answer: v

Original Policy (DAPO, Full Visual
Input)

Reading the bar chart: x-axis
lists the four items, y-axis is
unit sales.

[Very] candy =~ 3, cook =~ 3
(both < 5) = qualifies.
[Mill]  candy = 6, cook ~ 3
(cook < 5) = qualifies.
[Cop] candy =9, cook =~ 5

(neither strictly < 5) = no.
[Dot]  candy = 5, cook ~ 7
(neither < 5) = no.

Total qualifying items: 2.

Answer: v




WE-MATH

Visual-
Dependency

Case

Question.

The perimeter of
the square equals
20. What is the
area of the shaded

parallelogram?

GT Answer:
D (25)

Failure Mode
Summary.

The “shaded
parallelogram

= whole square
area” coincidence
makes the visual
cues replaceable
by a strong dataset
prior,  so blind
policies still

succeed.

Text-Only Policy (No Vision)

Perimeter 20 = side = 5,
square area = 25

The shaded region is a par-
allelogram inscribed in the
square. Without the figure,
the canonical configurations
are: (i) two opposite triangles
(= 25/2 = 12.5); (ii) full
square (= 25); (iii) half-base,
izglfé)height parallelogram (=

Oftions include 25 but not
12.5. The dataset bias to-
wards “shaded region spans
the whole square” suggests

25 . Pick D.
Failure: Back-solved by elimina-

tion from the option set; never rea-
soned about the actual shading.

Answer: EI v

Blank Image Policy (Solid B/W)

Empty image. Perimeter
20 = side 5. The most com-
mon We-Math construction:
a parallelogram sharing the
same base and height as the
enclosing square. Base = 5,
height = 5, area = 25.
Failure: Defaults to the “base =
height = side” prior; would fail if
the shaded parallelogram were ac-
tually shorter.

Answer: EI v

Original Policy (DAPO, Full Visual

Input)

From the figure: a square of
side 5; the paralleloqgram is
shaded inside it with its base
lying along the bottom edge
and its top edge parallel to
the bottom, reaching the top

edge of the square.
[1] Side  of  square
=20/4=5.

[2]  Visual check: paral-

lelogram base spans the
entire bottom side = b = 5;
perpendicular height equals
the vertical span of the
square = h = 5.

8] Area = b x h =
5 X 5 = 25 = option D.

Answer: EI v
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PAPO-
MMK12

Visual-
Dependency

Case

7o v - e R

HE T 37

Question.

For the ammonia-
synthesis reaction
Ny + 3Hy =
2N H3s with
AH < 0, which
of the following
statements is

incorrect?

GT Answer:
A

Failure Mode
Summary.

The question
is essentially a
textual chemistry
MCQ; the bundled
diagram is
decorative, which
is  why  blind
settings  trivially

win.

Text-Only Policy (No Vision)

Standard ~ Le  Chatelier
reasoning:
[A] “Increasing tempera-

ture improves yield.”  For
an exothermic reaction this
is wrong — the equilibrium
shifts left, lowering N Hs
yield, even though the rate
goes up. So A is the incorrect
statement.

[B] “Increasing pressure

speeds up the reaction.” Cor-
rect, because concentrations
rise.

[C] “A  catalyst lowers
activation energy.” Correct.
[D]  “Removing N H3s shifts
the equilibrium forward.”
Correct.

Failure: Pure textual chemistry
knowledge — no figure was
needed in the first place.

Answer: v

Blank Image Policy (Solid B/W)

Image carries no information;
reasoning is identical to Text-
Only. AH < 0 = exother-
mic, raising 'T' shifts equilib-
rium left (Le Chatelier), re-
ducing conversion. High tem-
perature is chosen industri-
ally for kinetic, not thermo-
dynamic, reasons. Statement
A is the only incorrect one.

Failure: Vision-independent ques-
tion — correct answer is unaffected
by removing the image.

Answer: v

Original Policy (DAPO, Full Visual
Input)

The  figure shows an
equilibrium-yield vs. temper-
ature curve that peaks at low
T, consistent with AH < 0.

[A] The curve clearly

declines with rising T, so
“high T' improves yield”
contradicts the figure =
incorrect.

[B]  Pressure raises rate

(concentration effect). Cor-
rect.
[C] Catalyst lowers the

activation barrier. Correct.
[D] Mass-action  law:

removing roduct  shifts
equilibrium forward. Correct.

Answer: v




MATHVERSE-
ViIs

Visual-
Dependency

Case

Question.
l || m. Find
ZABC.

GT Answer:
D (71)

Failure Mode
Summary.

Even  on  this
“vision-dependent”
item, the option
set is  narrow
enough that DAPO
can  guess the
second angle
and arrive at D;
only the Original
policy  executes
the correct
auxiliary-line

construction.

Text-Only Policy (No Vision)

Let me guess a standard
transversal  configuration
where the markedg angles
are 38° and 33° (canonical
MathVerse-Vis defaults).

U || m with transversal AB
gives /BAC = 38° by
alternate interior angles. In
AABC we need a second
known angle. Suppose
/ACB is also given by
some parallel relation as

33°. Then /ABC =

180° — 38° — 33° = 109°.
Hmm, 109° is not in the
options  {38,71,109, 142}.
By exterior-angle theorem the
exterior angle at B equals
38° + 33° = T1°, which is
an option (D). Choose D.
Failure: Hallucinated the second
angle (33°) and switched between
interior / exterior angle interpreta-
tions until an option matched.

Answer: EI v

Blank Image Policy (Solid B/W)

Empty image; reuse the
MathVerse-Vis prior. Mark
/BAC = 38° (alternate in-
terior), ZACB = 33° (as-
sumed). /AC B supplemen-
tary to 33°? That gives 147°,
too large.

Try ZABC = 38° — 33° =
5°? Way too small. Exte-
rior angle of AABC at B =
sum of remote interior angles
E 38° + 33° = 71°. Option

Failure:  Brute-forces multiple
arithmetic combinations of two hal-
lucinated constants until one hits
the option set.

Answer: EI v

Original Policy (DAPO, Full Visual
Input)

Figure: two parallel lines |
(top) and m (bottom). Point
A onl, point C on m; B sits
between them. The marked
angle at A is 38° and the

marked angle at C'is 33°.

[1]  Draw an auxiliary line
through B parallel to both |
and m.

[2] By alternate interior an-
gles, the auxiliary line splits
LABC into two parts: £1 =
38° (alternate to the angle at

A) and £2 = 33° (alternate
to the angle at C).
8] ZABC = /Z1+ /2 =

%80 + 33° = 71° = option

Al;swer: EI v
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GEOMETRY3K

Question:

In the figure,
BC = 9,
AB = 18
Find ZA to the
nearest tenth of a
degree.

GT Answer:
41.8

GRPO (Baseline)

Right triangle with BC = 9,
AB = 18. Opposite over adjacent...
tan(£A) = BE. Need AC first. By
Pythagoras AC = /182 — 92 =
\/'243 = S)\/g. Hmm wait, g2 =
9% = 324 — 81 = 243, OK. But
then tan(£A) = # = %, 50
ZA = 30°. Azttm//\ let me re-read:
maybe t an(LA) = qf Sfrom the fig-

ure... = —5 tan~1(2/3) ~ 33.7°.
Misreads the side labels from the dia-
gram and short-circuits the simplifica-
tion, picking the wrong opposite/adja-
cent pair.

Answer: X

Failure: visual misreading of
side labels = wrong trig ratio.

DAPO (Baseline)

<think> AB is the hypotenuse = 18,
BC = 9 is opposite to A. AC =
VI8Z =92 = 243 = 9V3.
Wait, the figure looks like AC =
95, let me l)ml [/lL’ /tgule Then

_ 1
tan(LA) = q\f = 5 =

0.4472, tan~1(0.4472) ~ 24.1°.
That feels low. Try sin(ZA) =
9/4/92 + (9v5)2... on second
thought, take tan(ZA) =~ 0.8944,
tan~' ~ 41.4°. </think>

Correct geometric setup, but rounds and
re-picks intermediate values inconsis-
tently, missing the last decimal.

Answer: X
Failure: numerical drift at the

rounding step despite correct
framing.

DVRP-D (Ours)

Identify the right angle at C from
the square mark in the figure. Hy-

potenuse AB = 18, opposite side
BC = 9, sosin(ZA) = % =

% ? Cross-check with the adjacent side:

AC = 182 — 92 = 9v/3, then
_ 1 o

(111(4/1) g\f = 75 = 30
— inconsistent with the labelled 9/5.
Re-examine the image: the long leg is

9+/5, not 9v/3, so the hypotenuse is
92 4+ (91/5)2 = /81 +405 =
\V/486. Then tan(ZLA) = =

gf
M52 No, L. giving LA w~

24.1°. Still off — flip opposite/adjacent:
tan(ZLA) = 9\@ 2

—» recom-

~ 0.8944,

N o
Ea

pute as tan(A A) =
tan” = ~ 41.81°.
Anchors each step to the labelled side
lengths, detects an inconsistency, and
re-grounds before committing the final
value.

Answer: v

Success: visual re-grounding
corrects the opposite/adjacent
assignment.

o




MATHVERSE

C

//‘;/

A ED
Question:
In ANACD,
BE || CD,
AB = 12,
BC = 4,
ED = 5 Find
AE. (A) 10

B) 12 (©) 15
(D) 16

GT Answer:
C

GRPO (Baseline)

’D = AABE ~ AA('
AB

Smlllarm ratio 4& = u+4 =
% _ :s IS8 Ar _ g -
4AFE = <3AE+1):>AE71)
Now map to options: A=10, B=12, C=15,
D=16. The answer should be... A.
Numerical answer is right but the fi-
nal option lookup collapses — a classic
option-mapping hallucination.

Answer: X

Failure: option-index hallucina-
tion at the last token.

DAPO (Baseline)

<think> Use Basic Pmporlio/m/il)'.
8¢ = #p = £ = 4 =

5. Double-check via similarity:
I’JF) = AFE = 15. Both
(1g'r()(’ 7/1(’ four choices are 10/12/15/16.
15 corresponds to choice... A. </think>
Two consistent derivations both land on
15, yet the answer label is still routed to

Answer: X

Failure: format-rigid but text-
only option mapping is broken.

DVRP-D (Ours)

BE || CD on the figure, so
AABE ~ AA(‘D with 48 =
‘/}? % = T' giving AE =

15. Cross-check: the answer must be a
labelled option. Scanning the options
string “A:10, B:12, C:15, D:16”, 15
matches C, not A. Commit C.

Explicitly re-reads the option list before
emitting the choice letter, blocking the
option-mapping failure.

Answer: v

Success: explicit option lookup
grounded in the prompt text.

1013

MATHVISTA

Question:

Is the number of
objects in front of
the fighter jet less
than the number
of objects behind
the bus?

GT Answer:
Yes

GRPO (Baseline)

Locate the fighter jet (centre of the scene).
In front of it I see a blue van and a bus

2 objects. Behind the bus: a yellow van,
the plane (itself? skip), a second bus, a
bicycle — 4 objects. Sois 2 < 42 Two
is not less than four, the gap is too small.
Answer No.

Counts are visually correct, but the com-
parator evaluation is inverted — pure tex-
tual logic failure.

Answer: m X

Failure: numerical comparator
inversion (2 < 4 judged false).

DAPO (Baseline)

<think> Front of fighter: blue van + bus
= 2. Behind the bus: yellow van + air-
plane + bus + bicycle = 4. Compare: 2
vs 4. “Less than” means strictly smaller;
2 is smaller, but I will be conservative
and say No. </think>

Same correct enumeration, same down-
stream logical inversion — the structured
prompt does not help the comparator.

Answer: X

Failure: identical comparator
inversion under structured CoT.

DVRP-D (Ours)

Re-anchor on the image. “Front of the
fighter” = objects between camera and
Jjet: blue van, bus = 2. “Behind the
bus” = objects further along the depth
axis than the bus: yellow van, airplane,
bus (further bus), bicycle = 4. Question
asks # front < #behind. 2 < 4
holds. Answer Yes.

Separates perception (counting) from
logic (inequality) and verifies each be-
fore committing.

Answer: m

Success:  visually grounded
count + explicit inequality
check.




WE-MATH

:1v‘

Question:
What is  the
colour of the
squares on the
upper half of
blackboard
@D? (A) Red
(B) Yellow
©) White
(D) Green

GT Answer:
B

GRPO (Baseline)

Three blackboards arranged left-to-right.
Blackboard (D) is the leftmost. On its up-
per half I can see two pale squares; they
look white against the dark board. So
upper half = white squares = option C.
Hallucinates the colour: in the actual im-
age the upper-half squares are yellow, not
white.

Answer:

Failure: colour hallucination
biased by prior “squares on
blackboard — chalk white”.

DAPO (Baseline)

<think> Blackboard (D), upper half. Are
those squares yellow? They could be yel-
low — the lighting is dim. But chalk
squares on a blackboard are usually
white. Re-checking: the three squares
look pale, so I'll lean toward white — C.
</think>

The model entertains the correct hypoth-
esis (yellow) but the language prior over-
rides the visual evidence.

Answer:
Failure: language prior over-
rides a momentarily correct vi-
sual hypothesis.

DVRP-D (Ours)

Focus on blackboard (D). Crop the up-
per half mentally: three squares, each
clearly saturated yellow, distinct from the
white chalk on the other boards. Cross-
check with the options: yellow — B. No
conflict with the visible attributes; com-
mit B.

Anchors the answer to the colour chan-
nel of the cropped region rather than to a
textual prior.

Answer: v

Success: attribute (colour) read
directly from the localised re-
gion.

1014

PAPO-
MMK12

3540 15 77

Question:
For the ammonia
synthesis
equilibrium,

the figure plots
—1g K against
T. Which of
the  following
statements

is incorrect?
(A) The forward
reaction is
exothermic.

(B) At point
B the volume

fraction of
NHj3 remains
unchanged.

(C) Increasing
pressure  shifts
equilibrium

to the right.
(D) At point B,
Vfwd > Urev-:
GT Answer:
B

GRPO (Baseline)

—lg K rises with T' = K decreases
with T' = forward is exothermic, so (A)
is correct. At point B the system is on
the curve, meaning equilibrium has been
reached, so volume fractions are stable
— (B) sounds correct too. Check (D): the
Sforward should still dominate at lower
T, s0 Vpwd > VUrev, marking (D) as
incorrect.

Misreads the kinetic meaning of point B
(a point on the equilibrium curve must
have viwd = Vrev)-

Answer: X

Failure: kinetic state at an on-
curve point misread.

DAPO (Baseline)

<think> K decreases with T' = exother-
mic, (A) holds. (B) says volume fraction
at B is unchanged — for a point on the
equilibrium curve, fractions are indeed
stable, so (B) is correct. (C) Le Chatelier:
more moles on the reactant .\'i([(’, pressure
shifts right, (C) holds. (D) at equilib-
FiUM Viwd = Vrev, SO Vfwd > Urev IS
wrong. Pick (D). </think>

Correctly judges every individual state-
ment but mis-targets which one the ques-
tion asks for: (B) is the trap because B is
not on the curve in this figure.

Answer: EI X

Failure: ignores the visual cue
that B lies off the equilibrium
curve.

DVRP-D (Ours)

From the plot, — 1g K increases with T,
so K | as T 1: the forward reaction is
exothermic — (A) correct. Inspect point
B on the figure: it does not lie on the equi-
librium curve, it sits to its right. Hence
the system at B is not at equilibrium, so
claiming “volume fraction unchanged”
is false = (B) is the incorrect statement.
(C) high pressure shifts toward fewer
moles (rightward), correct. (D) at a non-
equilibrium B with K seua < Ko, for-
ward dominates, Vewaq > Urey holds.
Uses the figure’s geometry (B off the
curve) to disambiguate the trap between
(B) and (D).

Answer: v

Success: visual position of B
on/off the curve resolves the
(B)/(D) trap.




MATHVERSE-
VIS

Question:
The plotted
points are (1, 1),
(2,2),  (3.5).
(4,14), (5,31).
Identify the
underlying
relationship.

(A)  Quadratic
(B) Exponential
(C) Linear

GT Answer:
B

GRPO (Baseline)

Tabulate (z,y): 1—1, 2—2, 3—
5, 4 — 14, 5 — 31. Try quadratic
y = ax? +bx+c: fittingz = 1,2,3

gives a = 1.5,b = —3.5,¢c =
3 approximately, then y(4) = 14,
y(5) = 23.5 — last point is off but

“close enough”. Lock in Quadratic — A.

Overfits the first four points to a
quadratic and ignores the divergence at
T = 5.

Answer: X

Failure: ignores tail divergence;
commits to quadratic prior.

DAPO (Baseline)

<think> The curve looks like a line
through the origin: y ~ 3x? Then
y(5) = 15, not 31. Mismatch. Maybe
still “roughly linear with noise”. Pick
Linear — C. </think>

Severely misreads the visual curvature;
the explicit reasoning even spots the
residual but ignores it.

Answer: X

Failure: visual misalignment be-
tween curve shape and “linear”
label.

DVRP-D (Ours)

Inspect successive ratios: 2/1 =
2, 5/2 = 25, 14/5 =
2.8, 31/14 =~ 2.21. Ratios are
bounded around 2-3, not constant differ-
ences, suggesting multiplicative growth.
Tryy =2%—c:2*—1 =1, 2°—2 —
2, 23-3=05, 242 =14, 2°-1 =
31. Fits all five points. Visually the right
tail bends sharply upward, ruling out lin-
ear and (mild) quadratic. Class: Expo-
nential — B.

Uses ratio diagnostics and a closed-form
check before committing, anchoring on
both data and the curve shape.

Answer: v

Success: ratio test + tail curva-
ture jointly disambiguate func-
tion class.
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