All Roads Lead to Rome: Incentivizing Divergent Thinking in Vision-Language Models

Supplementary Material

A. Experimental Details

Here we provide detailed descriptions of benchmarks, base-
line models, and training configurations for reproducibility.
Benchmarks. In the main paper, we provide a high-level
overview of the selected benchmarks. Here we present addi-
tional details, including dataset types, sizes, and data splits.
1) MathVerse [26] is a curated benchmark consisting of
2,612 mathematically focused questions, each featuring
varying degrees of multimodal context. Consistent with
prior studies [8, 23], we conduct evaluation on the Test Mini
split under the Vision Only setting, which contains approx-
imately 700 samples.

2) MathVista [12] is a large-scale benchmark designed
to assess diverse mathematical reasoning skills, including
logic puzzles, algebraic manipulation, and scientific inter-
pretation. It consists of 6,141 annotated instances. In our
experiments, we evaluate models on the Test Mini split,
which includes around 1,000 samples.

3) MathVision [18] is a challenging benchmark consisting
of 3,040 carefully curated mathematical problems drawn
from real-world math competitions. Covering 16 subject
areas and five difficulty tiers, it offers a broad and rigorous
testbed for evaluating the reasoning capabilities of VLMs.
Our evaluation is performed on the complete test set.

4) LogicVista [21] is designed to evaluate core logical rea-
soning abilities in VLMs, spanning various categories such
as spatial, deductive, inductive, numerical, and mechanical
reasoning. The benchmark includes 448 visual multiple-
choice questions. In our study, we perform evaluation on
the full test split.

5) WeMath [15] is a visual mathematics benchmark con-
taining approximately 6.5K problems organized into 67 hi-
erarchical knowledge categories spanning five levels of con-
ceptual granularity. For evaluation, we adopt the Test Mini
split, which includes around 1,740 samples, and use the
strict score as the principal evaluation metric.

6) Geometry3k [11] is a benchmark comprising 3,002 ge-
ometry questions annotated in formal mathematical lan-
guage, designed to assess abstract reasoning and symbolic
problem-solving grounded in axiomatic principles. For
evaluation, we merge the validation and test sets, yielding
approximately 900 examples.

7) MMStar [3] is a multimodal benchmark constructed to
ensure strong visual grounding in every example, requiring
advanced reasoning that cannot be solved without visual in-
put. It includes 1,500 samples for offline evaluation. In our
experiments, we evaluate using the full test set.

8) HallusionBench [7] is curated to assess the capabilities
of advanced VLMs in performing fine-grained visual in-

terpretation and understanding. The benchmark comprises
346 images paired with 1,129 expert-annotated questions.
In this work, we evaluate models on the complete test split.
9) MMVet [25] consists of 218 examples and targets
six fundamental vision-language capabilities, emphasizing
their joint evaluation to assess the interplay between skills.
The benchmark is intended to measure the overall profi-
ciency of generalist VLMs. In our experiments, we evaluate
on the full test split.

Baseline Models. Here we provide detailed descriptions of
the experimental settings used for baseline models.

1) R1-OneVision [23] is available in both 3B and 7B model
variants, trained using a two-stage process comprising SFT
followed by RL, with an emphasis on mathematical reason-
ing. In our experiments, we utilize the publicly released 7B
checkpoint built upon the Qwen2.5-VL-7B architecture.

2) VLAA-Thinker [2] is an RL—-only model trained on a
curated and challenging multimodal dataset. It is among the
first to show that RL can surpass SFT in vision-language
tasks. For our experiments, we adopt VLAA-Thinker-7B
variant, which is built upon the Qwen2.5-VL-7B backbone.
3) Vision-R1 [8] is a large-scale reasoning model trained
with a significantly larger data volume, approximately five
times that used in our setting. In our experiments, we eval-
uate the 7B variant, which represents the strongest publicly
reported checkpoint according to the paper.

4) VLM-R1 [16] is a general-purpose VLM designed for
broad visual tasks including classification and detection
through vision-centric reward shaping. In our experiments,
we use VLM-R1-3B-Math, a publicly available checkpoint
enhanced for mathematical reasoning.

5) LMM-R1 [14] leverages RL on both text-only and mul-
timodal data, progressively enhancing the model’s reason-
ing capabilities through a multi-stage training framework.
In our experiments, we use LMM-R1-MGT, which ranks
among the top-performing models within the small-scale
VLM category.

Training Configuration. In Section 5, we briefly outline
the training setup. Here, we provide a more detailed de-
scription. By default, all models are trained on ViRL39K,
a carefully curated dataset constructed by consolidating and
refining samples from several prior benchmarks, including
MM-Eureka [13], MV-Math [19], and M3CoT [4]. We re-
serve a hold-out set of 1000 examples for validation, us-
ing the remainder for training. All models are trained for
2 epochs with a learning rate of 1e~6. For ablation stud-
ies, we train on 5000 examples randomly sampled from the
full training set for computational efficiency. During roll-
out, we generate N = 15 responses per example using a



sampling temperature of 1.0, and partition them into K = 3
groups, with a minimum group size G,in = 3. We set the
load-balance weight exponent 8 = 1, and annealed the di-
versity reward weight from an initial value A\,,,x = 0.4 to a
final value A\, = 0.1. All experiments are conducted us-
ing 8 NVIDIA A100 GPUs. Training and evaluation scripts
are performed within the VeRL [17] and VLMEvalKit [6]
frameworks, respectively.

B. More Ablation Studies

The load-balance weight exponent 3. In the main text,
we introduce the load-balance weight wy to control each
group’s contribution to the overall optimization objective,
mitigating the risk of larger groups dominating the learning

process. Specifically, wy = (%) , where 3 determines
the sensitivity of the weight to varying group size. This for-
mulation assigns higher weights to smaller groups and vice
versa. Here, we further investigate the effect of varying (5 on
model performance. For computational efficiency, we con-
duct this analysis using 5000 examples randomly sampled
from the full training set.

[ MathVerse MathVista MathVision MMStar HallBench Average

0.0 47.9 70.6 24.8 65.2 55.3 52.8
0.5 50.1 72.8 27.4 65.7 56.0 54.4
1.0 51.2 74.1 29.3 65.8 56.5 554
1.5 514 73.7 28.9 65.7 56.7 55.3
2.0 51.0 73.5 28.3 65.2 56.1 54.8

Table 5. The benchmark results varying load-balance exponent /3

As shown in Table 5, when /3 increases from 0.0, where

all groups are equally weighted, to 2.0, which imposes
a strong penalty on imbalanced groups, the model’s per-
formance peaks around 5 = 1.0 or § = 1.5. A very
small 3 leads the model to collapse from a multimodal to
a unimodal optimization pattern, ultimately degrading to
GRPO, while an excessively large 3 enforces overly uni-
form group sizes, hindering effective exploitation in later
training stages.
The minimum group size G,;,. In the main text, we di-
vide IV responses into K groups of varying size depending
on their reasoning embeddings. To ensure the reliability of
advantage estimation within each group, we enforce a min-
imum group size G- Here, we investigate how differ-
ent choices of G, affect the overall performance of the
model.

As shown in Table 6, the model achieves optimal per-
formance when the minimum group size Gy, = 3, which
serves as our default configuration. Reducing Gy, to 2
leads to a notable drop in accuracy, suggesting that groups
with insufficient response samples fail to produce reliable

Gmin MathVerse MathVista MathVision MMStar HallBench Average

2 50.5 73.3 28.1 65.3 56.2 54.7
3 51.2 74.1 29.3 65.8 56.5 55.4
4 51.0 74.7 28.5 65.5 56.2 55.2
5 50.6 73.9 28.2 65.1 56.3 54.8

Table 6. The impact of minimum group size Gmin.

advantage estimates. Conversely, increasing G, to 4 or
5 results in a slight decline in performance, likely due to
the overly rigid enforcement of group balance, which con-
strains training flexibility and impedes the model’s ability to
exploit and refine particularly effective solution strategies.

The rollout number of responses V. In contrast to GRPO,
which operates on a single group of responses, our approach
partitions N responses into multiple groups, necessitating a
larger N to ensure adequate group sizes. A natural ques-
tion arises: Does MUPQ’s performance gain stem primarily
from its encouragement of divergent thinking, or is it merely
aresult of increased sampling? To disentangle these factors,
we conduct a comparison between MUPO and GRPO under
the same total number of responses N, as shown in Table 7.

Method MathVerse MathVista MathVision MMStar HallBench Average

GRPOn-=5 46.4 69.1 23.7 64.6 54.3 51.6
GRPOn=3 46.8 69.6 23.6 65.1 54.6 52.0
GRPON=12 46.5 69.4 23.8 64.9 54.1 51.7
GRPOn=15 46.9 69.1 24.1 64.8 54.7 51.9
MUPON=5 51.2 74.1 29.3 65.8 56.5 55.4

Table 7. The effect of rollout number N on model performance.

It can be seen that MUPO significantly outperforms
GRPO even when both algorithms use the same number of
sampled responses N = 15. Moreover, we observe that
the model performance is insensitive to the choice of NV,
where accuracy remains stable across N ranging from 8 to
15. These findings indicate that MUPQ’s superiority does
not stem from an increased number of sampled sequences,
but rather from the integration of reasoning diversity, en-
abling the discovery of more effective solution strategies.

C. Choice of Embedding Models

In the main text, we compute the diversity reward by ex-
tracting reasoning embeddings using Qwen3-Embedding-
0.6B and measuring pairwise cosine distances. This raises
an important question: Is the embedding space derived from
such a lightweight model sufficiently reliable for captur-
ing semantic similarity in reasoning? Or is there a bet-
ter embedding model to handle this? To answer the ques-
tion, we explore alternative embedding models with larger
scales and different architectures. Specifically, we experi-



ment with Qwen3-Embedding models [27] at the 4B and 8B
parameter scales, as well as LLaMA-Embed-8B [10]. Ad-
ditionally, we consider an ensembling strategy, where rea-
soning distances are computed by averaging outputs from
multiple embedding models to provide a more robust esti-
mation.

Model MathVerse MathVista MathVision MMStar HallBench Average

Qweng s 512 74.1 293 65.8 56.5 554
Qwenyp 51.0 73.9 29.1 66.6 573 55.6
Qwengg 516 74.1 287 65.4 56.7 553
LLaMAgg  50.6 73.6 289 65.1 55.8 54.8
Ensemble 5.5 73.9 29.6 66.5 57.5 55.8

Table 8. The impact of choices of different embedding models.

As shown in Table 8, different scales of the Qwen3-
Embedding model have marginal impact on performance
(within £0.3%), while LLaMA-Embed-8B performs no-
ticeably worse than the Qwen series. This suggests that
Qwen3-Embedding-0.6B offers the best trade-off between
effectiveness and efficiency. Furthermore, the ensemble ap-
proach yields slightly better results than any single model,
indicating complementary effects among different embed-
ding models.

D. More Test-time Scaling Results

In the main text, we introduce acc@4 as a metric that is
counted as correct if at least one of four generated re-
sponses produces the right answer, serving to validate the
strong test-time scaling capability of our model. However,
in practical applications, even when a correct answer exists
among multiple responses, an external verifier is still re-
quired to identify it. Consequently, here we further explore
a more commonly adopted test-time scaling approach, self-
consistency, which aggregates multiple responses through
majority voting without the need for a verifier. Specifically,
we employ maj@ 16, where 16 responses are sampled for
each question, and the most frequently predicted answer is
selected as the final output.

Model MathVerse MathVista MathVision MMStar HallBench Average

QwenVL 453 66.7 27.8 63.6 56.5 52,0
InternVL  37.9 69.6 27.7 66.4 522 50.7
RI-OV 482 66.3 30.9 65.7 545 53.1
VLAA 49.8 68.7 28.1 68.0 55.4 54.0
V-RI 53.8 74.3 30.7 67.1 570 566
MUPO 57.1 76.5 35.8 71.8 59.9 60.2

Table 9. The maj@16 scores of MUPO and existing baselines.

As shown in Table 9, our model outperforms the previous
best results by an average gain of 3.6% (56.6% — 60.2%)

on the maj@16 metric. This improvement indicates that
divergent thinking substantially increases the frequency of
correct answers among the generated responses, thereby en-
abling majority voting to effectively strengthen the model’s
test-time scaling capability, consistent with the conclusions
presented in the main text.

E. MUPO as a Plug-and-Play

In the main text, we primarily compare MUPO with GRPO,
as MUPO can be viewed as a direct extension of GRPO
from single-group to multi-group optimization to encour-
age divergent thinking in VLMs. Notably, the strategy of
multi-group advantage estimation and diversity reward de-
sign is inherently modular and can serve as a plug-and-play
enhancement to a wide range of policy optimization algo-
rithms, since divergent training is orthogonal to most ex-
isting optimization strategies. To validate this, in addition
to GRPO, we also consider two widely adopted algorithms
including DAPO [24] and GSPO [28], which aim to im-
prove learning efficiency from the perspectives of sampling
and importance ratio, respectively. We denote the resulting
variants as MUPOg, MUPOp, and MUPOg, corresponding
to the integration of MUPO with GRPO, DAPO, and GSPO.

Method MathVerse MathVista MathVision MMStar HallBench Average

GRPO 46.9 69.1 24.1 64.8 54.7 51.9
MUPOg 51.2 74.1 29.3 65.8 56.5 55.4
DAPO 48.5 70.3 25.7 65.5 55.2 53.1
MUPOp 52.7 75.2 31.0 66.9 56.7

GSPO 47.8 71.9 27.4 64.9 56.4 53.7
MUPOg 52.5 74.9 32.6 66.8 57.6 56.9

Table 10. MUPO as a plug-and-play for various policy algorithms.

As shown in Table 10, incorporating MUPO consistently
enhances the performance across different policy optimiza-
tion algorithms. Specifically, we observe average accuracy
gains of 3.5%, 3.4% and 3.2% when applied to GRPO,
DAPO, and GSPO, respectively. These results reveal a sig-
nificant bottleneck in existing methods due to their conver-
gent training, which can be mitigated through our proposed
multi-group optimization. This also highlights the comple-
mentary nature of MUPO with these strong baselines.

F. MUPO on Other Models

In the main text, our experiments primarily utilize
Qwen2.5-VL models [1] at the 3B and 7B scales as base
models, which may raise the question of whether MUPO
can extend to other architectures. To assess the generaliz-
ability of our approach, we further employ MUPO on the
latest model, Qwen3-VL-8B [22].



Question ————— , Response 1

at2x-3=0=>x=15.

-3+1=2x-2.

3 o] 5 10

The derivate of f(x) at x = 2 is

—thatatx =5. Therefore, the answer is B. equal.
\A. smaller B.equal C. greater/ \_

Let's calculate the derivatives to find the answer: ) ) t
1. The function is f(x) = |12x - 3| + 1. The absolute split

2.For x > 1.5, we have |2x - 3] = 2x - 3, so f(x) = 2x
3.The derivative on this interval is f(x) = 2. Since

both x = 2 and x = 5 are greater than 1.5, f(2) =
2, and f'(5) = 2, so the derivatives are equal.

~, , Response 2 ~N

1. The graph is V-shape, so it's made of two straight-
line pieces meeting at a point (the corner).

2.0n the right arm of the V (for x > 1.5), the graph is a
straight line with a constant positive slope; that
constant is the derivative on this arm.

3.Both x =2 and x = 5 lie on this same right-hand
straight segment, so their derivatives are the same.

Therefore, the derivative at x = 2 is equal to the

derivati tx=5.
/\erlva ive at x )

Figure 10. More qualitative examples of MUPO. The example is selected from the MathVista [12], where we sample multiple responses.

Model MathVerse MathVista MathVision MMStar HallBench Average

Qwen2.5-7B 40.7 62.3 232 59.2 50.0 47.1
InternVL-8B 34.5 68.2 25.6 63.2 49.0 48.1
R1-OV-7B 46.4 64.1 29.9 64.7 52.5 51.5
VLAA-7B 48.2 68.0 26.4 66.1 54.7 52.7
V-R1-7B 52.4 73.5 28.2 66.3 55.4 55.2
Qwen25yupo 539 77.9 313 68.7 575 57.9
Qwen3-8B 58.8 74.8 51.5 67.3 60.2 62.5
Qwen3Greo 63.5 790 543 703 622 658
Qwen3ymupo 69.4 83.1 58.4 71.6 65.8 69.7

Table 11. The evaluation results of MUPO on Qwen3-VL-8B.

As shown in Table 11, the Qwen3-VL base model
and its RL-enhanced variant significantly outperform
their Qwen2.5-VL counterparts across multiple established
benchmarks. Despite the already strong performance of
Qwen3-VL, integrating MUPO still yields substantial gains,
improving average accuracy by 7.2% (62.5% — 69.7%)
over the base model and by 3.9% (65.8% — 69.7%) over
the GRPO variant. These results underscore the comple-
mentary benefits of MUPO, even when applied to more ad-
vanced and competitive models.

G. Entropy Regularization

The effectiveness of MUPO in enhancing model perfor-
mance primarily stems from its ability to foster divergent
thinking, enabling models to explore multiple reasoning
branches during training rather than prematurely converg-
ing to a narrow solution space. This motivation resembles
a conventional approach to promote exploration in RL, i.e.,
entropy regularization. Recent studies [5, 9, 20] have ex-
plored entropy-based techniques to encourage exploration
and improve training efficiency. However, it remains un-
clear whether this naive remedy enables models to discover
globally optimal solutions and learning distinct reasoning
modes. To further investigate this, we compare MUPO with
entropy regularization in terms of acc@1 and acc @4 scores.
For entropy regularization, we adopt the widely used av-
erage entropy maximization, which has been implemented
within the VeRL framework [17].

As shown in Table 12, even when GRPO is augmented

‘ Mathematics ‘ General ‘ Average

Model

| Acc@1 Acc@4|Acc@1 Acc@4 | Acc@] Acc@4

Qwen2.5-VL-7B 40.1 56.5 58.0 715 46.0 61.5
+ GRPO 46.5 51.7 62.7 66.5 52.2 58.4
+ Entropy Reg. 47.3 53.2 63.2 67.8 534 60.2

MUPO-Thinker-7B | 51.6 58.8 65.6 72.4 56.3 63.3

Table 12. Comparison between MUPO and entropy regularization.

with entropy regularization, its performance remains no-
tably lower than that of MUPO, by 2.9% (53.4% — 56.3%)
on acc@1 and 3.1% (60.2% — 63.3%) on acc@4, respec-
tively. This indicates that simply maximizing entropy pro-
vides only marginal benefits: while it can encourage ex-
ploration, it fails to guide models toward learning effective
reasoning strategies. In contrast, MUPO achieves this by
promoting both breadth and depth in exploration.

H. More Examples

For completeness, we present additional responses gener-
ated by MUPO-Thinker-7B in Fig. 10. The task involves
comparing the derivative values of a function at two differ-
ent points. Notably, MUPO-Thinker-7B demonstrates the
ability to approach the problem via two distinct pathways:
it can either compute and compare the derivatives analyti-
cally or infer their relative magnitudes directly from the pro-
vided graph. This dual capability underscores the model’s
flexibility and diversity in problem-solving strategies, em-
bodying the principle that “All Roads Lead to Rome”.

I. Limitation Analysis

Computational Cost. To promote divergent thinking,
MUPO deviates from GRPO’s single-group design by parti-
tioning the sampled responses into multiple groups, thereby
encouraging exploration across diverse reasoning trajecto-
ries. This multi-group structure typically desires a larger
number of responses, resulting in increased computational
overhead during the rollout phase. In practice, we moder-
ately relax the strict on-policy requirement by occasionally
incorporating responses generated in earlier steps, which



can be viewed as a trick similar to experience replay. This
strategy allows MUPO to outperform GRPO significantly
while operating under a comparable computational budget.
Hyperparameter Sensitivity. Compared to GRPO, MUPO
introduces additional hyperparameters including the num-
ber of groups K, minimum group size Gy, load-balance
exponent (3, and the initial and final values of diversity re-
ward weight A\ ax and Anyin. These parameters play a criti-
cal role in shaping the training dynamics of MUPO and may
exhibit optimal configurations depending on the character-
istics of the target task, as exemplified in Table 4 of the main
paper. Consequently, enabling dynamic, task-dependent ad-
justment of key hyperparameters, e.g., the number of groups
K, presents a promising direction for future research.

J. Societal Broader Impact

Our work presents a positive societal impact. Beyond
achieving higher accuracy, MUPO holds significant prac-
tical value across a variety of real-world applications. For
instance, in Al for education, students often rely on the rea-
soning provided by VLMs to aid their learning. In such
scenarios, diverse solution strategies are particularly bene-
ficial, as they expose learners to multiple lines of thought,
fostering deeper understanding and critical thinking. Simi-
larly, in open-ended tasks such as creative writing, diversity
in generation is considered a key metric for evaluating mod-
els’ generalization and versatility. Furthermore, the ability
to reason from multiple perspectives enhances interpretabil-
ity and fosters trust in model outputs by allowing users to
better assess the reliability of the generated answers.
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