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Abstract

Reinforcement learning with verifiable rewards
(RLVR) has significantly advanced the reason-
ing ability of vision-language models (VLMs).
However, the inherent text-dominated nature of
VLMs often leads to insufficient visual faith-
fulness, characterized by sparse attention ac-
tivation to visual tokens. More importantly,
our empirical analysis reveals that temporal
visual forgetting along reasoning steps exacer-
bates this deficiency. To bridge this gap, we
propose Visually-Guided Policy Optimization
(VGPO), a novel framework to reinforce visual
focus during policy optimization. Specifically,
VGPO initially introduces a Visual Attention
Compensation mechanism that leverages visual
similarity to localize and amplify visual cues,
while progressively elevating visual expecta-
tions in later steps to counteract visual forget-
ting. Building on this mechanism, we imple-
ment a dual-grained advantage re-weighting
strategy: the intra-trajectory level highlights
tokens exhibiting relatively high visual acti-
vation, while the inter-trajectory level priori-
tizes trajectories demonstrating superior visual
accumulation. Extensive experiments demon-
strate that VGPO achieves better visual activa-
tion and superior performance in mathemati-
cal multimodal reasoning and visual-dependent
tasks. The code has been released at https:
//github.com/wzb-bupt/VGPO.

1 Introduction

Vision-Language Models (VLMs) (Hurst et al.,
2024; Bai et al., 2025b; Comanici et al., 2025),
renowned for their multimodal reasoning over
both image and text, have achieved remarkable
progress across multimodal tasks (Lu et al., 2024;
Zhang et al., 2024b; Yue et al., 2025; Zhou et al.;
Qiao et al., 2025). Recently, the emerging Re-
inforcement Learning with Verifiable Rewards
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<think>To determine the total cost for Arianna to buy one of each type of quartz,
we need need to sum add the prices of all the items listed. The prices are :

- yellow tiger's eye: $0.36; - pumice stone: $0.27; 4= Visual-Dependent
- quartz crystal: $0.28; <--->; - piece of green slate: $0.59.

Now, let's add these prices together:

$0.36+50.27 + 50.28 + $0.26 + 50.99 + 50.59. <---> ™ Text-Dependent
So, the total cost for Arianna to buy one of each type of quartz is $2.75. <\think>
\boxed{2.75}.

. /)
5 IVGPO (Visually-Guided Policy Optimization, Ours) ——

<think>To determine how much it will cost Arianna to buy one of each type of
quartz, we need to add up the prices of each type of quartz listed in the table:
yellow tiger's eye: $0.36; <:-->; - quartz crystal: $0.28; 4= Visual-Dependent
plece of rose quartz: $0.26; <--->; plece of green slate: $0.59.
Howﬁver the question specifies that Ahanna wants to buy one of each type of
quarlﬁz The types of quartz in the table are 4= Text-Dependent
quanz crystal $0.28; - piece of rose quanz $0.26; - plece of smoky quartz $0.99.
We WIIl add the prices of these three types of quartz: | == Visual-Dependent
$0. 28 +$0.26 + $0.99 = $1.53 4= Text-Dependent
There\‘cre the cost for Arianna to buy one of each type ot quart7 is $1.53. <\thmk>
\boxed{l 53},

Query Extractlon Vision Extraction (early) Continuous Vision Focus (late)

Figure 1: A multimodal reasoning example with visual
input. Our VGPO not only attends to the query and
visual elements in the early reasoning steps, like the
base model (Bai et al., 2025b), but also exhibits better
visual activation and sustains visual focus in the later
steps to ensure consistent visual faithfulness.

(RLVR) (Shao et al., 2024; Yu et al., 2025; Zheng
et al., 2025; Chu et al., 2025; Dai et al., 2026) has
further advanced into complex step-by-step rea-
soning, yielding enhanced logical coherence and
superior performance (Huang et al., 2025b; Meng
etal.,2025; Wang et al., 2025a; Huang et al., 2025a;
Yang et al., 2025¢; Wang et al., 2025e).

Despite exhibiting better logical reasoning, the
inherent text-dominated inference nature of VLMs
often leads to insufficient visual faithfulness (Wang
et al., 2024; Fu et al., 2024; Liu et al., 2025¢,b).
As discussed in recent literature (Jian et al., 2025;
Yang et al., 2025b; Favero et al., 2024) and evi-
denced by Figures 1 and 2, models often assign
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lower attention to input image tokens compared to
query tokens and generated text tokens, resulting
in sparse activation of input image. More criti-
cally, this deficit will be exacerbated by temporal
visual forgetting: as reasoning chains extend, at-
tention to visual inputs progressively decays. This
over-reliance on textual priors rather than visual
facts often leads to hallucinations or reasoning er-
rors (Sun et al., 2025b; Wang et al., 2025¢e; Tian
et al., 2025). Therefore, a natural question arises:

Q1: How can we effectively amplify visual
activation and mitigate temporal visual for-
getting to ensure visual faithfulness?

Recent works primarily focused on the former
aspect “amplify visual response” through external
interventions. For example, (1) Look-Back (Yang
et al., 2025b) and latent reasoning methods (Li
et al., 2025a; Sun et al., 2025a; Yang et al., 2025d)
aimed to introduce external learnable special tokens
(e.g., <back>, <latent_strat>, <latent_end>) that act
as explicit triggers to revisit or reconstruct visual
input through initial supervised fine-tuning and sub-
sequent autonomous generation. (2) VAPO (Tian
et al., 2025) explored an additional GPT-5 model
to verify the visual faithfulness during intermedi-
ate steps and re-activate visual responses through
probing visual-related questions. (3) PAPO (Wang
et al., 2025e) and VPPO (Huang et al., 2025a) iden-
tified and highlighted visual tokens by contrasting
the KL divergence between original versus noisy
images through two forward processes. While ef-
fective, these methods inevitably introduce extra
training tokens, auxiliary models, or additional for-
ward passes. In this case, another question arises:

Q2: How can we leverage the model’s own
internal states to localize visual activation,
without any external dependencies?

To comprehensively answer these two questions,
the key solution lies in (i) precisely localizing vi-
sual activations; (ii) amplifying visual activations;
and (iii) sustaining visual expectation in the later
reasoning steps. For the first part, our empirical
experiment in Figure 2 reveals that the inherent
hidden states similarity between generated tokens
and input image tokens serves as a precise Visual
Focus Score, enabling spontaneous localization of
visually grounded tokens without external super-
vision. For the second and third parts, visual fo-
cus score serves as the basis for further designing
a Visual Attention Compensation mechanism that

re-weights visually grounded tokens and progres-
sively improves visual expectations in later reason-
ing steps to combat temporal visual forgetting.

Building on the above two insights, we propose
Visually-Guided Policy Optimization (VGPO).
Relying solely on the model’s self-generated hid-
den states to localize visual tokens, VGPO inte-
grates the Visual Attention Compensation mech-
anism into policy optimization through a dual-
grained advantage re-weighting strategy. At intra-
trajectory level, it dynamically re-weights token
advantages to amplify specific visual cues, while
applying progressive incentives to compensate for
temporal visual decay in later steps. At inter-
trajectory level, it globally prioritizes superior vi-
sual accumulation, effectively compensating for
holistic visual negligence by favoring trajecto-
ries that sustain consistent grounding. Exten-
sive experiments across mathematical and vision-
dependent multimodal reasoning tasks demonstrate
that VGPO achieves better visual activation and
less visual forgetting.

In summary, our contributions are four-fold.

* We reveal that the inherent hidden states similar-
ity between generated tokens and image tokens
serves as a reliable Visual Focus Score to localize
visual tokens, thereby facilitating targeted atten-
tion modulation without external supervision.

* We design a Visual Attention Compensation
mechanism that leverages visual focus score to
amplify visual cues, while progressively elevat-
ing visual expectations in the latter reasoning
step to counteract temporal visual forgetting.

* We propose VGPO, which integrates the visual
attention compensation mechanism into policy
optimization using a Dual-Grained Advantage
Re-Weighting strategy to amplify visual activa-
tion and mitigate visual forgetting across intra-
trajectory and inter-trajectory levels.

» Extensive experiments demonstrate that VGPO
achieves better visual activation and state-of-
the-art performance on mathematical and visual-
dependent multimodal reasoning tasks.

2 Preliminary

2.1 Group Relative Policy Optimization

Group Relative Policy Optimization (GRPO) (Shao
et al., 2024) is a resource-efficient variant of re-
inforcement learning, which eliminates the value
model (Schulman et al., 2017) by estimating advan-
tages through group-based computation. Formally,
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Figure 2: Analysis of the inference nature of multimodal reasoning trajectory (based on Qwen2.5-VL-7B (Bai et al.,
2025b)). (a) An example of attention allocation across image, query, and generated text tokens (normalized to 1 at
each step). (b) Average attention statistics on four visual-dependent benchmarks (Xiao et al., 2024; Li et al., 2023;
Yue et al., 2025; Zhang et al., 2024b). (c¢) Distribution of late/early visual accumulation ratios for incorrect (left) vs.
correct (right) samples of these four benchmarks. Incorrect samples often exhibit higher visual forgetting.

we consider visual input (/, ¢, a), comprising a
visual input I, a textual query ¢, and the corre-
sponding ground truth answer a, the algorithm be-
gins by sampling a group of G candidate responses
{0:}9_, from the current policy mg,,,. For each re-
sponse 0;, a binary reward r; € {0, 1} is assigned
based on the exact match with the ground truth a.
Subsequently, the advantage A; for each response
is computed by normalizing the assigned rewards
ri—mean({rk}gzl)
std({rk}gzl)
The policy my is then updated to maximize the

following surrogate objective:
79 (0i,t]9:1,0i,<t)

where r; +(6) Ty (oel0 0 <0) represents prob-
ability ratio. Following DAPO Yu et al. (2025),
we adopt clip-higher setting, asymmetric clipping
hyper-parameters, and exclude the KL penalty.

within the sampled group: A; =

g
1 1

Jarro(0) :E{oi}ig:1~7reum('|17® |:g Z m
= ()]

)

2.2 Key Findings in Multimodal Reasoning

To investigate the underlying flaw in multimodal
reasoning, we conduct an empirical analysis of
how internal attentions are allocated and evolved
throughout VLMs’ generation in Figure 2. This
reveals three key findings that inspire our method.
(1) Text-dominated Inference and Sparse Visual
Activation. First, we analyze the attention allo-
cation among three types of tokens: input image
1, input query ¢, and current generated text 0.
As illustrated in Figure 2(a)(b), we observe a sig-
nificant dominance of textual priors: the model

heavily attends to both generated text history (blue
line) and input text query (gray line), leaving visual
attention (red line) lower than the sum of these text
attentions. Furthermore, visual activation is often
sparsely activated in the early stage, manifesting
as a brief “glance” the image and followed by long
periods of neglect in the later stage.

(2) Temporal Visual Forgetting. Second, we iden-
tify a critical correlation between reasoning length
and visual activation, which we term temporal vi-
sual forgetting. The intensity of visual attention
(red line) in Figure 2(b) across four benchmarks
shows a similar trend: visual activation initially
improves and progressively decays as the genera-
tion step increases. To further validate the impact
of this decay, we statistically compared the atten-
tion allocation of correct versus incorrect reasoning
samples. Figure 2(c) reveals that correct samples
often exhibit higher late/early visual accumulation
ratios (Average, 0.680 vs. 0.532), indicating better
temporal visual forgetting mitigation.

(3) Inherent Visual Similarity as a Precise Visual
Focus Score. Finally, despite the sparsity of visual
activation, we observe a promising phenomenon in
the bottom of Figure 2(a): when visual tokens are
activated (i.e., the peaks in the red line), their atten-
tion maps on the original image are highly accurate
and semantically grounded based on current base
models. This indicates the model can locate rele-
vant information but lacks sustained focus in the
following reasoning steps. Therefore, this visual
similarity can serve as a precise, intrinsic visual
focus score to detect and re-weight critical visual
tokens, eliminating the need for auxiliary models.
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Figure 3: Overview of Visually-Guided Policy Optimization framework. Given query and image, (a) VGPO firstly
utilizes the intrinsic hidden state similarity between generated tokens and visual prototype to derive a Visual Focus
Score for visual token localization. (b) Then, Visual Attention Compensation (VAC) mechanism leverages this
score to re-focus visual tokens, while progressively elevating visual expectations along decoding steps to counteract
temporal visual forgetting. (¢) Finally, Dual-grained Advantage Re-weighting strategy integrates VAC mechanism
into intra- and inter-trajectory levels to explicitly incentivize sustained visual faithfulness during policy updates.

3 Methodology

In this section, we present Visually-Guided Policy
Optimization (VGPO) framework. As in Figure 3,
VGPO is structured into three key components,
including Visual Focus Score (Section 3.1), Visual
Attention Compensation mechanism (Section 3.2),
and Dual-grained Advantage Re-weighting strategy
(Section 3.3) to transform intrinsic visual attention
into explicit signals to incentivize sustained visual
focus throughout the reasoning process.

3.1 Visual Focus Score

To quantify the visual engagement of each gen-
erated token without external supervision, we in-
troduce an intrinsic metric based on hidden state
similarity, as we discussed in Section 2.2. Let
H, = {hy}"*, C R? denote the hidden states of
the NV, input image tokens. To capture the global
visual semantics, we derive a visual prototype ft,:

Ny
My = Zakh}é, s.t. Zak =1, (2
k=1

where o, represents the weight of the k-th image
token. For the ¢-th trajectory 7; at decoding step ¢,

we measure the cosine semantic similarity S(-, -)
between the current token hidden state h; ; and the
established visual prototype pt,:

(hit)TNw
S(h; y == ’ 5
(i i) = Ll <

3)

where € is a smoothing term. Finally, the visual

focus score p; ; for the ¢-th token in trajectory 7;
is obtained via a scaling function to normalize the
values to the range [0, 1]:

1

pit =5 (S(hys, o) +1).

3.2 Visual Attention Compensation

“)

However, directly employing the raw visual focus
score p; ¢ is suboptimal due to the temporal visual
forgetting phenomenon observed in Section 2.2. As
the reasoning chain extends, intrinsic visual atten-
tion naturally decays, causing visually grounded
tokens in later steps to often exhibit suppressed
focus scores and lead to insufficient optimization
signals. To mitigate this, we introduce a Visual At-
tention Compensation mechanism that counteracts
this decay by linearly elevating the expectations
in the later reasoning step. Specifically, for i-th
trajectory 7; with token length 7;:

t
wig = pig- |1+ Gilpig) - B-=1|, )

T;

where the ratio T% indicates a linear strategy to pro-
gressively amplify the visual optimization signal as
the reasoning step extends. /3 is a hyper-parameter
controlling visual compensation intensity. G;(-)
acts as a visual gate to selectively identify tokens
with higher visual similarity (filtering out noisy text
tokens) in the later reasoning step. Formally,

Gi(Pi,t):{l’ if > (1—~) T} and p; ;> QO (Praits) |

0, otherwise
(0)
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where Pit; = {pi x| k> (1—)T;} represents the
set of score in the tail of trajectory 7;, and Q,(-)
returns threshold for the top x-percent of this set.

3.3 Dual-grained Advantage Re-weighting

To effectively integrate visual attention compensa-
tion into the policy optimization, we introduce a
Dual-grained Advantage Re-weighting mechanism.
This approach modulates the standard advantage
function by assessing visual relevance at both the
Intra-trajectory and Inter-trajectory levels.
Intra-trajectory Re-weighting. This component
aims to capture the distinctions of individual to-
kens based on their local visual saliency. To high-
light visual significance within a specific reasoning
path, we derive an intra-trajectory scaling factor
;. Specifically, we first normalize the raw visual
focus scores w; ; via Min-Max scaling to ensure
numerical stability. Subsequently, we zero-center
these scores relative to the trajectory’s mean, en-
suring that only tokens with above-average visual
activation are positively incentivized, while effec-
tively suppressing non-visual tokens. Formally,
. Wi, — Ming w;

Wiy = (N

maxy, w; ; — Ming w;  + €’

T.
. 1 <
Vg = Wiy — T ; Wi .- 3

Inter-trajectory Re-weighting. While the intra-
trajectory adjustment addresses local granularity,
it is equally crucial to evaluate the global visual
focus of generated sequences. Correspondingly,
we design the inter-trajectory re-weighting strategy
to incentivize the model to prioritize entire gener-
ations that exhibit superior aggregate visual score.
For each trajectory 7;, we compute a cumulative
visual score s;, which aggregates the compensated
weights over all timesteps. As shown in Eq. 9,
this score explicitly accounts for both the base rele-
vance and the time-dependent compensation:

T; T; T;
k3 K3 (2 t
SFE Wi, = E it +§ Pi,t’Gz‘(Pi,t)'(ﬁ'i) )
t=1 t=1 t=1

———
Visual Relevance Late-stage Compensation

Finally, to derive the final inter-trajectory scaling
factor ¢;, we apply group-wise normalization and
zero-centering across the rollout group G:

S; — mlnTjeg Sj

-~

S; =

(10)

. Y
MaXr;eg Sj — My eg Sj + €

g
b =5i— 2> (1
j=1
Overall Integration. By synergizing the intra-
trajectory re-weighting with the inter-trajectory re-
weighting, we formulate the final visual-focus ad-
vantage fli,t. This mechanism essentially mod-
ulates the standard outcome-based advantage A;
(Eq. 1) to explicitly incorporate visual focus sig-
nals into the policy update. The final advantage
is computed as a multiplicative integration of the
base advantage and the dual-grained visual factors:

AV =4 (L+ i) - (L+ 7). (12)

Here, the modulation terms (1 + ;) and (1 + ¢;)
serve as fine-grained and coarse-grained scaling
factors, respectively. This composite advantage
function reshapes the optimization landscape, en-
suring that the policy is driven not merely by the
correctness of the final answer, but also by the faith-
ful utilization of visual focus.

4 Experiments

In this section, we present the experimental method-
ology and the analysis of the results. Further details
and results are provided in the Appendix A.

4.1 Experimental Settings

Models and Datasets. Consistent with prior stud-
ies (Wang et al., 2025¢), we adopt Qwen2.5-VL-
series (3B, 7B, and 32B) (Bai et al., 2025b) as
our backbone models. We train these models in
ViRL39K (Wang et al., 2025a), Geo3K (Lu et al.,
2021), and MMK12 (Meng et al., 2025), while
validating in MMK12-val (Meng et al., 2025).

Baselines and Evaluations. We conduct a com-
prehensive evaluation of our approach against a
diverse set of leading VLMs at 7B scale. Our
baselines include ThinkLite-VL-7B (Wang et al.,
2025d), VL-Rethinker-7B (Wang et al., 2025a),
MMEureka-7B (Meng et al., 2025), NoisyRollout-
7B (Liu et al., 2025a), PAPOp-7B (Wang et al.,
2025e), and VPPO-RL-7B (Huang et al., 2025a).
To assess our VGPO, we employ a suite of bench-
marks categorized as follows: (1) General Math-
ematical & Geometric Reasoning. We utilize
MathVista (Lu et al., 2024), MathVerse (Zhang
et al., 2024b), We-Math (Qiao et al., 2025),
MMKI12 (Meng et al., 2025), GeoMath (Zhou
et al.), and Geometry3K (Lu et al., 2021). (2)
Vision-dependent Multimodal Reasoning. We adopt
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Models

General Mathematical & Geometric Reasoning

AVE-Math

MathVista MathVerse WeMath MMK12 GeoMath Geo3k

Vision-dependent Multimodal Reasoning

LogicVista Counting MMMU-Pro MathVersey

AVg-vision

Open-Source General MLLMs (32B-72B)

Qwen2.5-VL-72B  74.8 65.21 69.4t 659" 5357 540t 63.8 57.9% 80.5% 51.1 57.6 61.8
Qwen3-VL-32B 83.8 71.5% 75.2 63.11 457t 65.4F 67.5 62.2 95.5t 65.3 76.8 75.0
Open-Source Multimodal R g Models (~7B)
ThinkLite-VL-7Bf  73.6 33.7 437 50.5 446 453 48.6 443 88.5 323 30.9 49.0
VL-Rethinker-7Bf  65.2 68.8 67.5 66.0 50.1 444 60.3 47.0 76.5 37.6 64.8 56.5
MM-Eureka-7B' 66.3 66.7 66.6 61.7 49.6  41.1 58.7 47.9 79.0 40.6 63.6 57.8
NoisyRollout-7BT ~ 72.9 58.8 64.4 51.2 516 552 59.0 47.0 88.5 382 51.7 56.3
PAPOp-7Bf 723 69.5 69.4 80.8 523 488 65.5 459 89.0 40.2 66.6 60.4
VPPO-RL-7Bf 70.5 71.1 70.6 81.8 532 469 65.7 48.8 88.5 40.2 67.6 61.3
Qwen2.5-VL-7B 68.5 40.2 47.8 49.4 512 429 50.0 452 76.5 36.4 36.6 48.7
+ GRPO 70.1 66.7 69.8 72.9 528 434 62650500 494 85.5 38.6 61.8 58.8 020.7%
+DAPO 68.7 69.6 70.8 77.0 513 456 63.8x076y 474 85.5 39.0 66.6 59.6 9.4
+VGPO (Ours)  74.1 71.6 72.5 81.5 543 458 66.6555.0  49.4 95.5 40.5 67.6 633,509

Table 1: Performance comparisons across mathematical and vision-dependent multimodal reasoning benchmarks.

(X2 34

indicates NoisyRollout is trained on Geo3K. “7” indicates our reproduction with official checkpoints. Other

values are sourced from the official technical report. Bold and underlined indicate best and second-best results.

0.8 VGPO (Ours) GRPO DAPO 0.9 VGPO (Ours) GRPO DAPO
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(a) Training rewards. (b) Validation accuracy.

Figure 4: Training dynamics based on Qwen2.5-VL-
7B: (a) training rewards and (b) validation accuracy on
MMKI12 (Meng et al., 2025) across GRPO (Shao et al.,
2024), DAPO (Yu et al., 2025), and our VGPO.

LogicVista (Xiao et al., 2024), SuperClevr Count-
ing (Li et al., 2023), MMMU-Pro (Yue et al.,
2025), and MathVerse-V (Zhang et al., 2024b).
Specifically, we adopt these datasets from PAPO-
Eval (Wang et al., 2025¢), which provide filtered
subsets enabling robust verification without re-
liance on LLM-as-a-judge (Chen et al., 2024a).
Implementation Details. Following most settings
in current methods (Wang et al., 2025¢e), we set the
training epoch to 2, with learning rate of 1 x 1076,
rollout batch size of 512, and maximum response
length of 2,048. During the evaluation phase, we
set temperature to 0.0 for all experiments. Regard-
ing the specific hyper-parameters of our VGPO, we
employ mean-pooling strategy for visual prototype
and set compensation intensity S = 0.3, position
v = 0.5, and k-percent k = 0.2.

4.2 Main Results

Superior Performance on Multimodal Reason-
ing. As shown in Table 1, our proposed VGPO

achieves significant improvements over the base
Qwen2.5-VL-7B model, delivering substantial rel-
ative gains of 33.2% on general mathematical rea-
soning and 30.0% on vision-dependent multimodal
reasoning tasks. Furthermore, when compared to
other advanced reasoning models initialized from
the same backbone, VGPO consistently secures
the top performance, surpassing previous state-of-
the-art results with superior average accuracies of
66.6% in general mathematical benchmarks and
63.3% in vision-dependent tasks. Notably, despite
the significant disparity in model scale, our 7B
model exhibits highly competitive performance
comparable to the much larger Qwen2.5-VL-72B,
highlighting the efficiency of our approach in max-
imizing the potential of smaller-scale models.

Training Dynamics and Generalization. We fur-
ther analyze the training stability and generaliza-
tion capabilities in Figure 4. VGPO demonstrates a
more stable and efficient learning trajectory, achiev-
ing consistently higher training rewards compared
to baselines like GRPO and DAPO. This supe-
riority can also extend to generalization, where
VGPO maintains a clear lead in validation accuracy
throughout the training steps. Unlike competitive
methods that may suffer from instability or slower
convergence, VGPO establishes a robust optimiza-
tion path, ensuring steady performance gains.

Scalability across Model Scales and Training
Data. To validate the scalability, as summarized
in Table 2, experiments ranging from 3B to 32B
parameters (Qwen2.5-VL-based) demonstrate that
VGPO consistently outperforms baselines, achiev-
ing significant relative gains (e.g., 13.8% on math-
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General Mathematical & Geometric Reasoning

Vision-dependent Multimodal Reasoning

Models AVE-Math Avg-vision
MathVista MathVerse WeMath MMK12 GeoMath Geo3k LogicVista Counting MMMU-Pro MathVersey
Exploring More Scalable Models (7B — 3B, 32B)

Qwen2.5-VL-3B 54.0 4.1 502 441 443 276 441 39.2 58.5 28.6 375 41.0
+DAPO 63.9 57.1 629 641 476 363 553,554y 430 65.5 315 531 483,175%
+VGPO 65.0 61.4 621 7.6 502 361 577x50sy 459 78.0 325 581  53.6,4079

Qwen2.5-VL-32B 76.8 62.4 688  60.0 537 508 621 55.7 80.5 46.0 58.4 60.2
+DAPO 69.7 73.0 787 820 552 516 684ai054  59.1 85.5 473 674 648576
+VGPO 753 738 787 873 565 523 707,55, 593 90.0 473 701 667,105

Exploring More Training DataSets (39K — 2.1K, 6.4K)

Qwen2.5-VL-7B 68.5 40.2 47.8 494 512 429 50.0 45.2 76.5 36.4 36.6 48.7
+DAPO w/ Geo3K 2 1 ¢ 71.6 56.3 636 511 494 523 S574p1.5 465 85.5 36.8 503 5485105y
+VGPO w/ Geo3K 5 1 ¢ 722 62.5 66.6  53.0 52,6 556 604,005, 477 80.5 37.0 578 558,110
+DAPO w/ MMKI2 4 726 66.2 675 649 512 423 60.8a0160 474 89.5 37.1 612 58.8,507%
+ VGPO w/ MMKI12 ¢ 4 74.1 68.5 68.9 66.0 53.2 434 624,557 48.8 90.0 38.6 63.6 60.3 53 57

Table 2: Performance comparisons across different model scales and training datasets.
—o. (mmp=0.0 mmpE=05]

Method AvVg-\ath AVE-vision Overall . ’; g.g i g: S-03 mmp-038

- S 68—

DAPO Bascline 63.8 596 622 g2 £

+ Intra-trajectory 66.1 62.5 64.6 §1 . ges

+ Inter-trajectory 65.3 62.0 64.0 g 62

+ Intra- & Inter-trajectory  66.6 63.3 65.3 3 0.8 g
) 50 100 150 <60

Table 3: Ablation study on the impact of Intra- and Inter-
trajectory re-weighting strategies.

Method AvVg-Math AVE-vision Overall

Qwen2.5-VL-7B 50.0 48.7 49.5
+ DAPO 63.8 59.6 62.2
+ DAPO w/ Entropy 65.6 61.9 64.1
+ DAPO W/ KLyerception  65.7 61.3 63.9
+ VGPO (Ours) 66.6 63.3 65.3

Table 4: Comparisons with other advantage shaping
strategies, including the Entropy-based (Cheng et al.,
2025) and KL-based (Huang et al., 2025a) methods.

ematical tasks, 10.8% on visual-dependent tasks)
based on 32B model. Additionally, evaluations
on different training datasets with varying sizes re-
veal superior data efficiency, where our method sur-
passes the DAPO baseline even in data-constrained
regimes. These results suggest that incorporating
visual focus into the training process is a generaliz-
able strategy to enhance multimodal reasoning.

4.3 Quantitative Analysis

Ablation Study on Re-weighting Strategy. As de-
tailed in Table 3, while the baseline model provides
a solid foundation, the addition of both intra- and
inter-trajectory mechanisms provides extra gains
in reliability and specific tasks. Their combina-
tion achieves peak average performance across all
metrics, confirming that these two strategies are
highly complementary and work synergistically to
enhance multimodal reasoning capability.

Training Steps Math Vision

(a) Training dynamics of 5.  (b) Performance w.r.t. /3.
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(c) Training dynamics of k.  (d) Performance w.r.t. x.
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(e) Training dynamics of y.  (f) Performance w.r.t. .

Figure 5: Ablation study of training dynamics of the
late/early ratio and performance on hyperparameters /3,
K, and . The Late/Early Ratio is calculated by dividing
the visual attention score of the late reasoning stage by
that of the early stage.

Comparison with Existing Advantage Shaping
Methods. We evaluate the efficacy of our VGPO
against established advantage shaping strategies,
specifically regularized derivatives of DAPO. As
shown in Table 4, while entropy and KL regular-
ization effectively regulate advantage estimation
relative to vanilla DAPO, VGPO achieves supe-
rior empirical performance with a peak average
accuracy of 63.3%. This advantage is particularly
pronounced in vision-centric tasks like LogicVista
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Method AVg'Math AVg'Vision Overall

Baseline (DAPO) 63.8 59.6 62.2
+ Step-Function 64.7 60.7 63.1
+ Exponential 65.1 61.0 63.5
+ Linear (Ours) 66.6 63.3 65.3

Table 5: Ablation study on the impact of different com-
pensation schedules.

Method Avg-\ath AVE-vision Overall

Baseline (DAPO) 63.8 59.6 62.2
+ Full-trajectory 53.0 54.2 53.5
+ Late-trajectory (Ours)  66.6 63.3 65.3

Table 6: Ablation study on the impact of Full-trajectory
versus Late-trajectory compensation.

and Counting, confirming that strengthening visual

focus is a more effective strategy for enhancing

multimodal reasoning than generic regularization.

Sensitivity to Hyperparameters. To evaluate the
impact of different parameters on our method and
uncover the underlying relation between training
dynamics and performance, we conduct a sensitiv-
ity analysis on three key hyperparameters: compen-
sation intensity (3, threshold &, and tail ratio . As
in Figure 5, while the model exhibits performance
fluctuations across different settings, it achieves
optimal accuracy with specific configurations (i.e.,
B = 0.3,k = 0.2, and v = 0.5). Crucially, by
correlating these performance peaks with the evolu-
tion of the Late/Early Ratio, we identify a decisive
factor for training stability: the model yields the
best performance when this ratio converges to or
stabilizes near 1. This convergence implies that the
optimal hyperparameter configuration facilitates a
necessary equilibrium between late and early visual
focus. By harmonizing the contributions of these
two stages, our method ensures robust performance
across diverse reasoning tasks.

Comparison of Different Compensation Sched-
ules. To explore the impact of different visual com-
pensation schedules, we compare our Linear strat-
egy against Step-Function and Exponential sched-
ules, as summarized in Table 5. The Linear strategy
consistently achieves the best performance. This
is because the Exponential schedule tends to over-
correct by placing too much emphasis on the final
tokens (often formatting or calculation), while the
Step-Function schedule introduces training insta-
bility by abruptly changing the compensation value.
The Linear schedule, however, aligns well with the
progressive and continuous decay of visual atten-

Image-before Image-after o .o Image-before Image-after

Attention Ratio

I3
14
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Figure 6: Comparison of the vision attention ratio dis-
tribution before and after our VGPO across four visual-
dependent multimodal reasoning benchmarks.

tion observed in our empirical analysis. Detailed
results and analyses are provided in Appendix B.4.
Comparison with Full-trajectory Compensation.
We justify our choice of the late-trajectory com-
pensation strategy by comparing it with a full-
trajectory approach, as shown in Table 6. The full-
trajectory compensation significantly drops perfor-
mance across most benchmarks. This is because
current VLMs naturally exhibit high visual atten-
tion in the early stages, and enforcing additional
visual compensation early can distract the model
from parsing the textual query or overemphasize
early visual attention. Our late-trajectory design
specifically targets the later stages where visual
decay occurs, achieving superior results. Detailed
comparisons are provided in Appendix B.6.

Analysis of Visual Attention Allocation after our
VGPO. To investigate whether our VGPO achieves
better visual activation and temporal visual forget-
ting mitigation, we compare the visual attention
ratio of input image before and after our VGPO
in Figure 6. Our VGPO exhibits higher visual at-
tention allocation throughout the entire generation
process and sustains better temporal visual forget-
ting mitigation compared with the baseline. This
prolonged visual grounding is critical for accurate
long-chain reasoning, ensuring the model does not
lose track of visual evidence in later stages.

5 Related Work

Multimodal Reasoning Challenges. Following
the milestone of Large Language Models (LLMs)
in complex step-by-step reasoning (Wei et al., 2022;
Xia et al., 2025; Yang et al., 2025a), the research
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focus has naturally shifted toward extending these
abilities to Vision-Language Models (VLMs) for
broader real-world applications through integrating
vision encoders (Vaswani et al., 2017) and large lan-
guage models (Zhang et al., 2024a; Li et al., 2025d;
Zhu et al., 2025; Bai et al., 2025a). However, de-
spite significant architectural advancements, cur-
rent VLMs largely inherit the text-dominated in-
ductive biases of their LLM backbones, frequently
manifesting as insufficient visual faithfulness and
severe visual hallucinations remain the primary bot-
tleneck (Bai et al., 2024; Wu et al., 2024; Zhong
et al., 2024; Liu et al., 2025¢; He et al., 2025a).

Mainstream Strategies for Multimodal Reason-
ing. To enhance multimodal reasoning, existing
methods primarily focus on an RL paradigm that
enables the autonomous refinement of reasoning
trajectories via rollout sampling (Shao et al., 2024;
Huang et al., 2025b; Shen et al., 2025; Li et al.,
2025c; He et al., 2026). Following this paradigm,
a series of works have explored two kinds of im-
provements: including (1) training strategies like
improving rollout diversity via mixing normal im-
age and noisy augmentation (Liu et al., 2025a) or
entropy-based regulation (Cheng et al., 2025) to
balance exploration and exploitation; (2) Visual-
centric refinement like fine-grained visual enhance-
ment via KL divergence comparison between nor-
mal and noisy images (Huang et al., 2025a; Wang
et al., 2025e), re-activating specific reasoning paths
via introducing specific tokens (Sun et al., 2025a;
Li et al., 2025a; Yang et al., 2025d), or verifying
intermediate processes as the reward via auxiliary
model (Tian et al., 2025). While effective, how to
mitigate the need for external models and solely uti-
lize the inherent states of modal abilities to achieve
visual enhancement remains an open question.

Visual Perception Methods. Recent concurrent
works have also explored enhancing visual percep-
tion in multimodal reasoning. PEARL (Zhang et al.,
2025) and ViCrit (Wang et al., 2025¢) enhance per-
ception through external checklists or synthetic hal-
lucination detection, but they require high computa-
tional or data construction costs. On the other hand,
SSLARL (Guo et al., 2025) and VisPlay (He et al.,
2025b) utilize unlabeled data yet fail to maintain
consistent visual attention during complex reason-
ing. VGPO overcomes these trade-offs by deriving
a Visual Focus Score directly from the internal hid-
den state. By enforcing continuous visual guidance
via an attention compensation mechanism, VGPO

mitigates visual decay and sparse activation. This
ensures robust reasoning and cross-domain general-
izability, eliminating the reliance on external mod-
els or outcome-based proxy tasks found in prior
work.

6 Conclusion

In this paper, we explore the critical limitation of
insufficient visual activation and its temporal de-
cay during multimodal reasoning. To this end, we
propose VGPO, a novel framework designed to
alleviate this issue by leveraging intrinsic hidden
states to autonomously ground visual focus. By
strategically coupling a Visual Attention Compen-
sation mechanism with a dual-grained advantage re-
weighting strategy, our method ensures consistent
and sustained visual reasoning capability. Com-
prehensive experiments validate that VGPO sig-
nificantly enhances visual activation and delivers
state-of-the-art performance.

Limitations

While VGPO effectively elevates visual expecta-
tions to amplify activation and mitigate forgetting
during reasoning, we identify several avenues for
future improvement:

* The strategy of progressively elevating visual ex-
pectations acts as a robust heuristic that may not
represent the globally optimal solution for all rea-
soning patterns. For instance, in scenarios where
the final reasoning steps rely strictly on logical
deduction or calculation independent of visual
cues, a mandated high visual focus might be less
critical. Nevertheless, we regard this work as a
pivotal milestone in identifying and addressing
the overlooked issue of visual decay. We hope
this study serves as a foundation for future re-
search to explore more adaptive mechanisms that
can dynamically rectify visual reliance according
to the specific context of each reasoning step.

* As VGPO is designed to elicit and sustain vi-
sion intrinsic to the VLMs, its performance up-
per bound is inherently constrained by the rep-
resentational quality of the visual encoder and
projector. If the base model fails to encode criti-
cal visual features into the hidden states initially,
our re-weighting strategy may not effectively re-
cover this missing information. Consequently,
our framework focuses on optimizing the utiliza-
tion of visual cues rather than enhancing the raw
perceptual capabilities of visual encoder itself.
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A Experimental Settings

A.1 Training Datasets

We mainly conduct our training experiments on
the ViRL39K (Wang et al., 2025a) dataset, a veri-
fiable instruction-tuning benchmark designed for
vision-language reasoning. This dataset comprises
approximately 39,000 high-quality samples syn-
thesized from proprietary collections and various
upstream datasets, including Llava-OneVision (Li
et al., 2025b), R1-OneVision (Yang et al., 2025c¢),
MM-Eureka (Meng et al., 2025), MM-Math (Sun
et al., 2024), M3CoT (Chen et al., 2024b), Deep-
ScaleR (Luo et al., 2025), and MV-Math (Wang
et al., 2025b). VIRL39K is distinguished by a rig-
orous filtering pipeline that removes unverifiable
queries, thereby ensuring extensive coverage of
topics ranging from general chart interpretation to
complex STEM problem-solving.

A.2 Baselines

* ThinkLite-VL (Wang et al., 2025d). ThinkLite-
VL bypasses knowledge distillation in favor of
an MCTS-guided selection strategy that curates
a compact, high-quality dataset based on sample
difficulty. By applying reinforcement fine-tuning
to these challenging instances, the method attains
superior visual reasoning results while reducing
data requirements by an order of magnitude.

¢ VL-Rethinker (Wang et al.,, 2025a). VL-
Rethinker enhances VLMs’ slow-thinking capa-
bilities through a distillation-free reinforcement
learning framework that integrates Selective Sam-
ple Replay (SSR) to stabilize training and Forced
Rethinking to incentivize self-reflection. By re-
hearsing high-value experiences and triggering
explicit verification processes, the method effec-
tively mitigates GRPO limitations and fosters the
internalization of deliberate reasoning patterns.

* MM-Eureka (Meng et al., 2025). MMEureka
advances multimodal reasoning by combining
the MMK12 dataset with a Qwen2.5-VL-based
GRPO pipeline that employs online filtering to
ensure gradient efficacy. To address training in-
stability in large models, it utilizes a two-stage
strategy involving initial training on MMKI12
without KL divergence followed by fine-tuning
on Geo3k with KL regularization.

* NoisyRollout (Liu et al., 2025a). NoisyRoll-
out enhances visual reasoning and robustness by
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computing GRPO advantages from hybrid clean
and distorted trajectories, restricting policy opti-
mization to uncorrupted inputs. Furthermore, it
incorporates a noise annealing schedule to gradu-
ally diminish distortion, thereby effectively bal-
ancing exploration and stability.

PAPO (Wang et al., 2025e). PAPO addresses
perception errors by introducing an Implicit Per-
ception Loss that maximizes the KL divergence
between policy outputs on original and masked
inputs to enforce visual grounding. To ensure
training stability, it employs a Double Entropy
Loss regularization, offering a model-agnostic
framework that jointly optimizes perception and
reasoning without requiring additional annota-
tions or teacher models.

* YPPO (Huang et al., 2025a). VPPO integrates
visual perception into RL by quantifying token-
level visual dependency via KL divergence be-
tween policy distributions on original and per-
turbed image inputs. Based on this metric, it em-
ploys advantage modulation and sparse gradient
masking to concentrate optimization exclusively
on pivotal visual tokens.

Parameter Configuration
General Settings

Rollout Number 8

Learning Rate le-6

Global Batch Size 128

Rollout Batch Size 512

Val Batch Size 1024

Max Prompt Length 4096

Max Response Length 2048

Reward Binary Accuracy
GPU Usage 8xH20, 96G Memory
Qwen2.5-VL-3B/7B on ViRL39K (39K samples)
Training Episodes 2

Total Optimization Steps 150

Qwen2.5-VL-7B on Geo3K (2.1K samples)

Training Episodes 15
Total Optimization Steps 60

Qwen2.5-VL-7B on MMK12 (6.4K samples)

Training Episodes 12
Total Optimization Steps 120

Qwen2.5-VL-32B on ViRL39K (39K samples)

Training Episodes 2
Total Optimization Steps 150
GPU Usage 32xH20, 96G Memory

Table 7: Experimental hyperparameter configurations
of our VGPO across 3B, 7B, and 32B-based backbones
and different scalable training datasets.

A.3 Evaluation Benchmarks

Mathematical & Geometric Reasoning:

e MathVista (Lu et al., 2024). MathVista is

designed to integrate challenges across diverse
mathematical and visual domains, necessitating
both fine-grained visual perception and compo-
sitional reasoning. The benchmark consists of
6,141 examples amassed from a wide array of
sources, including 28 existing multimodal math-
ematics datasets and 3 constructed datasets.

MathVerse (Zhang et al., 2024b). MathVerse
is designed to mitigate the textual bias in exist-
ing benchmarks by curating 2,612 high-quality
problems that necessitate genuine visual interpre-
tation. Each problem is manually reformulated
into six distinct versions with varying multimodal
information density, resulting in a comprehensive
corpus of approximately 15,000 test samples.

* We-Math (Qiao et al., 2025). We-Math tran-
scends conventional accuracy metrics to scruti-
nize the underlying problem-solving mechanisms
of LMMs through a hierarchical framework of
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6,500 visual tasks spanning 67 distinct knowl-
edge concepts. By employing a decompositional
methodology that reduces composite problems
into atomic sub-tasks, the benchmark facilitates
a granular four-dimensional evaluation distin-
guishing among Insufficient Knowledge, Inad-
equate Generalization, Complete Mastery, and
Rote Memorization.

MMKI12 (Meng et al., 2025). MMK12 bench-
mark constitutes a comprehensive evaluation
framework designed to assess multimodal rea-
soning capabilities at the K-12 educational level.
Comprising 2,000 high-quality instances, the
benchmark is stratified across four scientific
disciplines, specifically Mathematics, Physics,
Chemistry, and Biology, with 500 multimodal
multiple-choice questions dedicated to each field.

GeoMath (Zhou et al.). Designed to address
scarcity of reasoning data in Earth observation,
GeoMath comprises 3,773 high-quality queries



derived from aerial imagery, encompassing six
distinct mathematical subjects across 20 sub-
topics. The visual data are acquired via pro-
prietary drone flights capturing a wide range of
altitudes and viewing angles.

¢ Geometry3K (Lu et al., 2021). Geometry3K
comprises 3,002 geometry problems enriched
with dense annotations in formal language, serv-
ing as a challenging task for abstract problem
understanding and symbolic reasoning, requiring
axiomatic knowledge.

Vision-Dependent Multimodal Reasoning:

* LogicVista (Xiao et al., 2024). LogicVista is
an evaluation benchmark designed to assess the
integrated logical reasoning abilities of VLMs
in visual contexts. Addressing the limitations of
prior work in systematically evaluating logical
proficiency. The dataset consists of 448 multiple-
choice questions, each densely annotated with the
correct answer and a human-written explanation.

* Super-CLEVR (Li et al., 2023). Super-CLEVR
constitutes a virtual benchmark designed to rig-
orously assess the out-of-distribution robust-
ness and domain generalization of VQA models.
Through controllable data synthesis, it decou-
ples inherent multi-modal factors to facilitate the
isolated analysis of four specific domain shifts:
visual complexity, question redundancy, concept
distribution, and concept compositionality.

* MMMU-Pro (Yue et al., 2025). MMMU-Pro
advances the MMMU benchmark by employing
a stringent curation process that eliminates text-
solvable queries and expands candidate options
to rigorously evaluate intrinsic multimodal rea-
soning. Additionally, it introduces a vision-only
paradigm where inquiries are embedded within
images, thereby necessitating integrated visual
and textual interpretation.

B More Experimental Results

B.1 Detailed Results of Re-weighting Strategy

Table 8 provides the whole performance breakdown
across all datasets, complementing the aggregated
results in the main text.

Effectiveness of Intra-trajectory Strategy. This
mechanism significantly enhances general mathe-
matical reasoning. It yields substantial gains on

MathVista (+5.4%) and MMK12 (+4.7%), demon-
strating that reinforcing self-consistency within in-
dividual reasoning paths is critical to re-focus vi-
sual activation for multimodal reasoning

Impact of Inter-trajectory Strategy. The Inter-
trajectory module excels in geometry and visual
counting tasks. It achieves a peak score of 54.9%
on GeoMath and matches the top performance on
the Counting dataset. These results suggest that
cross-path comparison effectively mitigates visual
hallucinations in object-centric scenarios.
Synergy of the Two Strategies. Combining both
modules yields the most robust performance across
mathematical and vision-dependent categories. No-
tably on WeMath, the integrated approach reverses
a slight decline caused by Intra-module alone,
achieving a superior score of 72.5%. Furthermore,
the combined strategy secures top results on chal-
lenging benchmarks like LogicVista and MMMU-
Pro. This confirms a synergistic effect, where the
Intra-module refines logical consistency while the
Inter-module broadens the reasoning scope.

B.2 Detailed Results of Advantage Shaping
Methods

Table 9 presents a fine-grained comparison of
VGPO against established advantage shaping strate-
gies. Consistent with the main results, VGPO ex-
hibits superior performance across both mathemat-
ical and vision-centric benchmarks.

Robustness in General Reasoning. In contrast to
generic regularization methods like Entropy and
KL, which rely on implicit constraints on policy
divergence, VGPO explicitly leverages visual feed-
back. This mechanism translates into substantial
gains in General Mathematical & Geometric Rea-
soning. VGPO secures the highest scores on 4
out of 6 datasets, establishing significant leads on
MathVista and MathVerse. This demonstrates that
visually-guided optimization not only enhances rea-
soning stability but does so while preserving the
general problem-solving proficiency.

Efficacy in Visual Perception. Our detailed analy-
sis highlights the pivotal role of VGPO in Vision-
dependent Multimodal Reasoning. The perfor-
mance gap is particularly evident in the Counting
dataset, a task requiring rigorous visual ground-
ing. VGPO achieves 95.5% accuracy, surpassing
the Entropy and KL baselines by a significant mar-
gin. Similar dominance is observed on LogicVista.
These results validate our hypothesis that explicitly
reinforcing visual attention through VGPO is far
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General Mathematical & Geometric Reasoning

Vision-dependent Multimodal Reasoning

Models AVg-Math AVg-Vision
MathVista MathVerse WeMath MMK12 GeoMath Geo3k LogicVista Counting MMMU-Pro MathVersey
DAPO Baseline 68.7 69.6 70.8 77.0 513 45.6 63.8 47.4 85.5 39.0 66.6 59.6
+ Intra-trajectory 74.1 71.1 69.8 81.7 543 45.6 66.1 48.1 95.0 40.2 66.5 62.5
+ Inter-trajectory 72.1 68.8 69.9 80.7 54.9 453 65.3 47.9 95.5 40.2 64.6 62.0
+ Intra- & Inter-trajectory ~ 74.1 71.6 72.5 81.5 543 45.8 66.6 49.4 95.5 40.5 67.6 63.3

Table 8: The detailed ablation study on the impact of Intra- and Inter-trajectory re-weighting strategies.

General Mathematical & Geometric Reasoning

Vision-dependent Multimodal Reasoning

Models AVEZ-Math AvVg-Vision
MathVista MathVerse WeMath MMK12 GeoMath Geo3k LogicVista Counting MMMU-Pro MathVersey
Qwen2.5-VL-7B 68.5 40.2 47.8 49.4 51.2 429 50.0 452 76.5 36.4 36.6 48.7
+ DAPO 68.7 69.6 70.8 71.0 51.3 45.6 63.8 47.4 85.5 39.0 66.6 59.6
+ DAPO w/ Entropy 70.2 72.1 70.8 80.9 53.9 45.6 65.6 48.3 90.5 40.1 68.7 61.9
+DAPO W/ KLyerception  70.5 71.1 70.6 81.8 532 46.9 65.7 48.8 88.5 40.2 67.6 61.3
+ VGPO (Ours) 74.1 71.6 72.5 81.5 54.3 45.8 66.6 494 95.5 40.5 67.6 63.3

Table 9: The detailed comparisons with other advantage shaping strategies, including the Entropy-based (Cheng

et al., 2025) and KL-based (Huang et al., 2025a) methods.
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Figure 7: Training dynamics of Qwen2.5-VL-3B:
(a) training rewards and (b) validation accuracy on
MMKI12 (Meng et al., 2025) across DAPO (Yu et al.,
2025), and our VGPO.

more effective for complex multimodal tasks than
relying on implicit regularization techniques.

B.3 Analysis of Training Dynamics

To further investigate the convergence, stability,
and scalability of our VGPO, we visualize the train-
ing dynamics of training rewards and validation
accuracy on MMK12 dataset for both Qwen2.5-VL-
3B (Figure 7) and Qwen2.5-VL-32B (Figure 8).
Dynamics on Qwen2.5-VL-3B. As shown in Fig-
ure 7, VGPO demonstrates a clear performance
advantage. In terms of training rewards, VGPO
maintains a consistently higher reward trajectory
compared to DAPO throughout the training steps.
More importantly, regarding validation accuracy,
VGPO achieves a higher final accuracy, which in-
dicates superior generalization capabilities.
Dynamics on Qwen2.5-VL-32B. The advantages
of VGPO are even more pronounced on the larger
32B model, particularly regarding stability. Fig-
ure 8(a) highlights that DAPO suffers from severe
oscillation during training, whereas VGPO exhibits
a smooth and steady increase in rewards. This
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Figure 8: Training dynamics of Qwen2.5-VL-32B:
(a) training rewards and (b) validation accuracy on
MMKI12 (Meng et al., 2025) across DAPO (Yu et al.,
2025), and our VGPO.

suggests that our visual-guided strategy effectively
reduces variance and stabilizes the optimization
process for large-scale models. Consistent with the
rewards, Figure 8(b) shows that VGPO consistently
outperforms DAPO in validation accuracy, estab-
lishing a significant margin by the end of training.

B.4 Detailed Results of Different
Compensation Schedules

Table 10 provides the detailed performance break-
down across all datasets, complementing the aggre-
gated results in the main text.

We adopt the Linear Compensation Strategy
since it aligns well with the progressive, contin-
uous, and nearly linear decay of visual attention ob-
served in our empirical analysis across four visual-
dependent tasks (LogicVista, CLEVR Counting,
MMMU-Pro, MathVerse-V). To explore poten-
tial alternatives, we compare our Linear strategy
against Step-Function and Exponential schedules.
As shown in Table 10, all these schedules ex-
hibit higher performance compared to the baseline.
However, the Linear strategy consistently achieves
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General Mathematical & Geometric Reasoning Vision-dependent Multimodal Reasoning

Compensation Schedules AvVg-Math AVE-vision
MathVista MathVerse WeMath MMK12 GeoMath Geo3k LogicVista Counting MMMU-Pro MathVersey

Baseline (DAPO) 68.7 69.6 70.8 77.0 51.3 45.6 63.8 47.4 85.5 39.0 66.6 59.6

w/ Step-Function 69.1 69.2 69.4 80.3 523 47.6 64.7 475 91.5 39.2 64.7 60.7

w/ Exponential 70.6 69.9 69.3 81.4 54.2 449 65.1 49.0 90.5 38.8 65.5 61.0

w/ Linear (Ours) 74.1 71.6 72.5 81.5 54.3 45.8 66.6 49.4 95.5 40.5 67.6 63.3

Table 10: Results of General Mathematical & Geometric Reasoning and Vision-dependent Multimodal Reasoning
tasks with different compensation schedules. Note: For the Exponential schedule, we test powers of 1.0 and 2.0
(reporting the best result from 2.0). We test 1.0 for the Step-wise schedule.

General Mathematical & Geometric Reasoning

Vision-dependent Multimodal Reasoning

Models AVE-Math Avg-Vision
MathVista MathVerse WeMath MMK12 GeoMath Geo3k LogicVista Counting MMMU-Pro MathVersey
Baseline (DAPO, Qwen2.5-VL-7B)  68.7 69.6 708 770 513 456 63.8 474 85.5 39.0 66.6 59.6
+VGPO (Ours) 74.1 71.6 725 815 543 458 66.6°1% 494 95.5 40.5 67.6 63.340:2%
Baseline (DAPO, Qwen2.5-VL-3B)  63.9 57.1 62.9 64.1 476 363 553 43.0 65.5 315 53.1 483
+VGPO (Ours) 65.0 61.4 62.1 71.6 502 361 57.7043% 459 78.0 325 58.1 53.6411:0%
Baseline (DAPO, Qwen2-VL-2B) 50.8 332 36.3 423 34.8 8.7 34.4 30.0 66.5 19.8 31.6 37.0
+VGPO (Ours) 51.1 37.8 2.5 44.2 370 168 3828!11% 302 83.5 21.9 364  43.0°162%

Table 11: Performance comparison of stronger to weaker visual encoders on General Mathematical & Geometric

Reasoning and Vision-dependent Multimodal Reasoning tasks.

the best performance. We attribute these results to
the following reasons:

¢ Exponential schedule (over-correction): This
schedule puts most of the bonus on the very last
tokens, which often correspond to calculation or
formatting rather than visual grounding. Over-
weighting those tokens dilutes the benefit of com-
pensating truly visual-dependent steps and can
hurt accuracy compared to the more balanced
linear schedule.

* Step-Function schedule (training instability):
This schedule makes position compensation
jump from zero to full compensation at a sin-
gle threshold. However, it does not match our
observed progressive forgetting: visual attention
decays gradually over the trajectory, so we use
a linear schedule that increases compensation
smoothly rather than a single step.

B.5 Robustness on Weaker Visual Encoders

To investigate the robustness of VGPO across dif-
ferent visual encoder capacities, we evaluate our
method using Qwen2-VL-2B-Instruct (Bai et al.,
2025b), which employs a significantly smaller and
weaker visual encoder compared to the Qwen2.5-
VL series. As shown in Table 11, despite the in-
herently constrained perceptual capacity of the 2B
baseline, applying VGPO achieves even better rela-
tive improvements (+11.1% on Math and +16.2%
on vision-dependent tasks). This empirical evi-
dence confirms that VGPO demonstrates strong

generalizability and robustness, effectively resolv-
ing the policy-level bottleneck of temporal visual
forgetting regardless of the base visual encoder’s
strength.

B.6 Detailed Results of Full-trajectory
Compensation

Table 12 provides the detailed performance break-
down across all datasets, complementing the aggre-
gated results in the main text. As shown in Table 12,
we find that the full-trajectory compensation strat-
egy significantly drops performance on the majority
of benchmarks. Moreover, the Late/Early Visual
Activation Ratio exhibits a lower value (0.8591)
than our VGPO (1.0696). This indicates that exces-
sive elevation of early-trajectory compensation of-
ten overemphasizes early visual attention and leads
to higher visual forgetting with lower performance.

B.7 Prompt Template

Template for Multi-modal Reasoning

SYSTEM
You are a helpful assistant.

USER

<question>

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

General Mathematical & Geometric Reasoning

Vision-dependent Multimodal Reasoning

Schedules Avg-Math AVg-vision
ules MathVista MathVerse WeMath MMK12 GeoMath Geo3k LogicVista Counting MMMU-Pro MathVersey
Baseline (DAPO) 68.7 69.6 70.8 71.0 513 45.6 63.8 47.4 85.5 39.0 66.6 59.6
Full-trajectory 714 50.3 53.8 60.1 449 37.3 53.0 40.5 92.0 36.4 47.8 54.2
Late-trajectory (Ours)  74.1 71.6 72.5 81.5 54.3 45.8 66.6 49.4 95.5 40.5 67.6 63.3

Table 12: Performance comparison of Full-trajectory compensation versus our Late-trajectory compensation strategy.

C Discussion about Visual Focus Score vs.
Attention Weights

To validate the theoretical grounding of our pro-
posed Visual Focus Score, we conduct an empiri-
cal correlation analysis between the Visual Focus
Score and actual attention weights.

Empirical validation of correlation with Atten-
tion Weights. We select the validation dataset
(MMK12-val (Meng et al., 2025)) for this analysis.
At each generation step of each sample:

* For the Visual Focus Score, we compute the
cosine similarity between the final hidden state
of the ¢-th generated token and the mean-pooled
visual prototype.

* For the Attention Weights, we compute the sum
of the attention probabilities from the ¢-th gener-
ated token to all image token positions, averaged
across all attention heads in the final layer.

We then calculate the Pearson correlation coef-
ficient between these two step-wise sequences
(t=1,2,...,T). We observe a strong positive cor-
relation (r =~ 0.67), confirming that our similarity-
based Visual Focus Score closely aligns with the
actual visual attention mechanism.

Why use hidden-state similarity rather than
actual attention weights? During implementa-
tion, extracting actual attention weights requires
setting output_attentions=True. This causes
the model to fall back to the less efficient ea-
ger attention implementation rather than Flash At-
tention (Shah et al., 2024), losing Flash Atten-
tion’s speed and memory benefits (typically incur-
ring a 20%—-30% additional computational cost).
In contrast, our hidden-state-based implementa-
tion only requires output_hidden_states=True,
which adds approximately 5%—10% overhead and
remains fully compatible with Flash Attention,
making it highly efficient for large-scale training.

D The Use of LLMs

This manuscript utilizes LLMs exclusively for the
purpose of linguistic refinement and stylistic im-
provement to enhance clarity. The LLMs serve

strictly as a writing aid and contribute no intel-
lectual content to the research conceptualization,
methodological design, data execution, analysis, or
interpretation. These core scientific components
remain the sole work of the authors. All sugges-
tions provided by the LLMs are critically reviewed
and selectively adopted to ensure the accuracy and
integrity of the text. The authors retain full ac-
countability for the content and findings presented
herein, and the LLM does not qualify for author-
ship or contributorship.

E Failure Case Analysis

To provide deeper insights into the boundaries of
our proposed VGPO, we present both qualitative
and quantitative analyses of failure cases where in-
creased visual focus does not translate to improved
accuracy.

Qualitative insight (hallucination): Our error
analysis reveals that if the base visual encoder fun-
damentally misinterprets a feature (e.g., misrep-
resenting a blurry “6” as an “8” due to low res-
olution), VGPO can actually reinforce this error.
By incentivizing the LLM to strongly attend to a
flawed visual embedding, the model produces con-
fidently incorrect answers, rather than falling back
on common-sense priors that might have occasion-
ally guessed correctly.

Quantitative insight: As shown in our original
analysis in Figure 2(c), while correct samples gen-
erally show higher visual accumulation, there is a
subset of incorrect samples that also exhibit high
visual focus scores. This quantitatively demon-
strates that “looking closely” is a necessary but
not sufficient condition for correctness. The model
must also possess the correct world knowledge and
reasoning logic to interpret the visual cues prop-
erly. Here we provide two typical failure cases to
illustrate these points.
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Failure Case 1: Visual Perception Error (Ge-
oMath, id: geomath-2884)
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Question: <image> How many vertical
bars are visible in the image, and what is
the total number of elements (cow and bars)
present in the image?

Ground Truth: 8

Model Prediction: To determine the num-
ber of vertical bars and the total number of
elements in the image, let’s break it down
step by step.

1. Count the vertical bars: The image shows
a series of vertical bars that form a fence.
By visually inspecting the image, it appears
there are at least 10 vertical bars. (visual
counting error)

2. Count the elements: There is one cow
visible in the image. There are 10 vertical
bars.

3. Calculate the total number of elements:
Total elements = 10 + 1 = 11.

Therefore, the total number of elements is:
\boxed{11}.

Failure Analysis: The model’s prediction
fails due to an Object Counting Error. It
correctly identifies the task of counting bars
and adding the cow, but falters on the initial
visual perception step, incorrectly counting
10 vertical bars instead of the actual visi-
ble bars (7, not been occluded by other bars
or the cow). While its mathematical logic
(10 + 1 = 11) is internally consistent, the
entire reasoning is built on a flawed premise.
The root cause is a failure in basic visual
perception, not a flaw in logical deduction.

Failure Case 2: Logical Reasoning Error

(MathVerse-V, id: 2)

As shown in the figure, DE parallel BC, then the size of angle CED is
0
Choices: A:40° B:60° C:120° D:140°

- -

80°
D E
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Question: <image>.

Ground Truth: D

Model Prediction: To determine the size of
angle CED, we start by analyzing the given
information. First, we know that /B = 60°
and ZA = 80°. Therefore, we can find ZC
using the fact that the sum of the angles in
a triangle is 180°:

£ZC =180°—- LA — /B
= 180° — 80° — 60° = 40°

Since DE || BC, by the corresponding an-
gles property (wrong geometric theorem),
we have:

ZCED = ZC = 40°

Therefore, the size of angle CED is 40°.
Thus, the correct answer is: \boxed{A}.
Failure Analysis: The model correctly per-
ceives the geometric setup and calculates
ZC as 40°. The error stems from flawed
knowledge: it misapplies the parallel line
theorem, incorrectly equating ZC'E D with
ZC. It confuses supplementary consecutive
interior angles with equal corresponding an-
gles, showing that while the model “looks”
correct, it lacks the proper logic to interpret
what it sees.
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