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Abstract

Recent advances in reinforcement learn-
ing–based fine-tuning of multimodal large lan-
guage models (MLLMs) have highlighted the
importance of entropy control for stable opti-
mization. While entropy has been extensively
studied in reasoning-centric settings, its behav-
ior and optimization role in perception-oriented
tasks remain insufficiently understood. In this
work, we reveal that entropy exhibits funda-
mentally different roles in perception tasks
compared to reasoning, particularly under con-
tinuous prediction and reward. Using visual
grounding as a case study, we show that en-
tropy can remain misaligned with optimization
objectives due to persistent low-probability yet
high-advantage samples. Building on these
findings, we introduce ECVGPO (Entropy Con-
trol Visual Grounding Policy Optimization), an
interpretable algorithm designed for effective
entropy regulation. Through entropy control,
the trade-off between exploration and exploita-
tion is better balanced. Experiments show that
ECVGPO achieves broad improvements across
various benchmarks and models.

1 Introduction

Large language models (LLMs), such as Chat-
GPT (OpenAI, 2022), have shown outstanding
ability in handling a wide spectrum of text-based
tasks. When equipped with visual encoders like
CLIP (Radford et al., 2021), these models evolve
into multimodal large language models (MLLMs)
that extend their strengths to vision-related do-
mains. This integration enables them to tackle
various vision-language challenges, including im-
age captioning (Wang et al., 2020), visual ques-
tion answering (Antol et al., 2015), and visual di-
alogue (Das et al., 2017). Driven by the success
of works like OpenAI’s o1 (OpenAI, 2024b) and
DeepSeek’s R1 (Guo et al., 2025), reinforcement
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learning finetuning of LLMs and MLLMs become
a central focus for researchers. Notably, R1-like
approaches often combine Reinforcement Learn-
ing with Verifiable Rewards (RLVR) and the Group
Relative Policy Optimization (GRPO) (Shao et al.,
2024) algorithm. Such methods have proven par-
ticularly effective for complex reasoning tasks, in-
cluding mathematical problem solving.

In reasoning tasks, entropy is an important met-
ric for evaluating a model’s responses. Prior stud-
ies (Wang et al., 2025; Cheng et al., 2025a) show
that high-entropy tokens often cluster around spe-
cific types of words, such as transition terms (e.g.,
“however”, “but”), which play a critical role in
the model’s reasoning process. Consequently, re-
sponse entropy is frequently used as an indica-
tor of a model’s exploration capability in reason-
ing tasks. However, as RLVR is applied to more
non-reasoning tasks such as visual grounding (Liu
et al., 2025a; Shen et al., 2025b; Fan et al., 2025),
whether entropy plays a different role has not
yet been investigated. Studying entropy in visual
grounding can provide crucial insights into model
training, leading to more reliable and robust spatial
localization.

In this paper, we analyze the behavior of en-
tropy in a visual grounding task and identify a
phenomenon that is opposite to that observed in
reasoning tasks. For models trained on their respec-
tive reasoning tasks, entropy tends to drop to very
low values after training. In contrast, in the visual
grounding task, entropy remains high even after
extensive training. Notably, these high-entropy to-
kens are primarily associated with the coordinate
values of predicted answers and the object nouns
that appear in the model’s reasoning process. Our
investigation reveals that, during the GRPO train-
ing, the model consistently operates under higher
entropy in visual grounding scenarios. We further
analyze the cause of high entropy, observing that
responses with a high advantage often correspond
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to low generation probabilities.
Based on these findings, we propose Entropy

Control Visual Grounding Policy Optimization
(ECVGPO), a novel reinforcement learning method
that employs self-information to quantify the confi-
dence of the model’s generated responses and intro-
duces a self-information penalty or encouragement
in visual grounding training. By reshaping the ad-
vantages of positive samples, we leverage the gen-
eration probability of tokens (i.e., self-information)
to increase or decrease their advantages, thereby
encouraging the model to update more conserva-
tively or aggressively. This enables explicit control
over the model’s entropy, achieving a better balance
between exploration and exploitation. We evalu-
ate our method on two of the most popular mul-
timodal models: Qwen2.5-VL (Bai et al., 2025a)
and InternVL3 (Zhu et al., 2025). The experimen-
tal results show that ECVGPO improves the per-
formance of the model on both the in-domain and
out-of-domain evaluation benchmarks. At the same
time, we conduct extensive ablation experiments
to demonstrate the generalization capability of our
proposed method.

In this paper, our main contributions are:

• We compare the token-level entropy distribu-
tions between reasoning and visual ground-
ing tasks, and find that models trained with
RLVR on visual grounding exhibit consis-
tently higher entropy, mainly because re-
sponses with high advantages often corre-
spond to low probabilities;

• We propose ECVGPO, the first method that
dynamically adjusts entropy during training to
achieve a better trade-off between exploration
and exploitation;

• We evaluate ECVGPO on the most popular
MLLMs and demonstrate broad performance
gains on benchmarks.

2 Related Work

Multimodal large language model Multimodal
large language models (MLLMs), exemplified by
GPT-4o (OpenAI, 2024a), are emerging as a cen-
tral research focus in deep learning due to their im-
pressive cross-domain capabilities. By integrating
visual encoders with powerful language models,
these systems enable joint visual–linguistic rea-
soning. Early milestones such as CLIP (Radford
et al., 2021) establish a strong link between textual

and visual representations, laying the groundwork
for numerous cross-modal applications. The BLIP
series (Li et al., 2022, 2023; Dai et al., 2023) ex-
tends this paradigm to tasks like visual question
answering, whereas LLaVA (Liu et al., 2024b,a)
adopts a lightweight projection module and two-
stage training to enhance spatial grounding and
overall performance. More recent efforts, includ-
ing MouSi (Fan et al., 2024) and Cambrian-1 (Tong
et al., 2024), leverage diverse vision encoders to
improve multimodal comprehension. State-of-the-
art models such as QwenVL (Bai et al., 2023;
Wang et al., 2024; Bai et al., 2025a), InternLM-
XComposer (Zhang et al., 2023; Dong et al., 2024),
and InternVL (Chen et al., 2023, 2024b) follow de-
sign principles similar to LLaVA and consistently
achieve leading results.

Reinforcement learning with verifiable reward
Reinforcement Learning with Human Feedback
(RLHF) (Bai et al., 2022) has become a corner-
stone for aligning large language models (LLMs)
with human intent. However, the quality and
scalability of human feedback remain significant
challenges. To address this, a new paradigm has
emerged: Reinforcement Learning with Verifiable
Rewards (RLVR) (Shao et al., 2024). Instead
of relying on subjective human preferences, this
method leverages a reward function that can be
algorithmically verified. Pioneering works like
O1 (OpenAI, 2024b) from OpenAI and R1 (Guo
et al., 2025) from DeepSeek exemplify this di-
rection, particularly in complex reasoning tasks
such as mathematics (Shao et al., 2024; Yu et al.,
2025; Chen et al., 2025; Jin et al., 2026). These
methods often design reward functions that ver-
ify the correctness of each reasoning step or the
final answer, allowing for more objective and scal-
able policy optimization. Recently, several stud-
ies, such as Visual-RFT (Liu et al., 2025a), VLM-
R1 (Shen et al., 2025a), UniVG-R1 (Bai et al.,
2025b) and ViGoRL (Sarch et al., 2025), introduce
visual grounding tasks into RLVR frameworks to
enhance perception-oriented capabilities.

Entropy’s role in RLVR training Recent re-
search has identified entropy as a crucial metric
in RLVR. For example, (Wang et al., 2025) ana-
lyzes token-level entropy distributions in Chain-of-
Thought (CoT) (Wei et al., 2023) reasoning and
finds that only a small fraction of tokens exhibit
high entropy, acting as pivotal decision points that
guide the model toward diverse reasoning trajecto-
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ries. Building on this, (Cui et al., 2025) reports an
empirical relationship between entropy and down-
stream performance, indicating that policy perfor-
mance is fundamentally constrained by the avail-
able policy entropy and reaches a predictable upper
bound when entropy is fully exhausted. Similarly,
(Cheng et al., 2025b) revisits entropy as an explo-
ration signal in reinforcement learning, examining
its role in facilitating exploratory reasoning behav-
iors in large language models. While these stud-
ies (Zhang et al., 2025; Tan and Pan, 2025; Su
et al., 2025) provide valuable insights into the role
of entropy for complex reasoning tasks, its role
in visual perception tasks—such as visual ground-
ing—remains largely unexplored.

3 Preliminary

In this section, we present the preliminaries, cov-
ering the training process of RLVR in the visual
grounding task and highlighting the distinct roles
that entropy plays in reasoning tasks versus visual
grounding tasks.

3.1 RLVR Training in Visual Grounding Task

In the visual grounding setting, in line with most
related work (Shen et al., 2025a; Liu et al., 2025b),
we utilize Group Relative Policy Optimization
(GRPO), which does not require a separate critic
network to estimate policy values. GRPO directly
compares multiple candidate responses from the
same prompt, removing the dependency on an
additional value function. Details are in the Ap-
pendix A.

3.2 High Entropy in Visual Grounding Task

Token-level entropy We begin by defining the
token-level entropy, which measures the uncer-
tainty of the model’s output distribution at each
decoding step. Formally, the token-level entropy at
time step i is computed over the vocabulary distri-
bution as:

Hoi = −
∑

v∈V
πθ(v|q, o<i) log πθ(v|q, o<i), (1)

where V denotes the vocabulary, and πθ(v|q, o<i)
is the predicted probability of token v given the
input q and the previously generated tokens o<i.

Policy entropy Furthermore, we compute the
policy entropy by definition, i.e., the average token-
level entropy evaluated over the current policy

model πθ and the dataset D:

Ĥ(πθ,D) = −Eπθ,D[log πθ(oi|q, o<i)] (2)

=
∑

O∈D

∑

oi∈O
Hoi (3)

We use LMM-R1 (Peng et al., 2025), trained
on the reasoning task, and VLM-R1 (Shen et al.,
2025a), trained on visual grounding, both based on
Qwen2.5-VL-3B for comparison, and analyze the
high-entropy tokens among the generated outputs,
as shown in Figure 1. The distribution of these
tokens differs substantially between the two tasks,
with the disparities primarily manifesting in two
aspects:

1. Positional distribution. In reasoning tasks,
high-entropy tokens appear more frequently
during the reasoning process (i.e., between
<think> and </think>) and are relatively
sparse in the final answer segment (<answe
r>...</answer>). After training, the num-
ber of high-entropy tokens decreases substan-
tially. In contrast, in vision-based tasks, high-
entropy tokens are prevalent in both the rea-
soning and answer segments, both before and
after training as shown in Figure 2.

2. Token type characteristics. In reasoning
tasks, prior to training, and consistent with
the observations reported in (Wang et al.,
2025), high-entropy tokens often correspond
to “pivot tokens” that preserve semantic con-
tinuity within the reasoning chain. After
training, all types of high-entropy tokens
are greatly reduced. In visual grounding
tasks, however, These tokens are mainly ob-
ject nouns occurring in the thinking process
and coordinate values contained in the pre-
dicted bounding box of the answer.

3.3 Explaining the Persistent Occurrence of
High Entropy

We aim to investigate one of the fundamental
reasons behind the persistent occurrence of high-
entropy tokens during visual grounding training.

Entropy change under policy gradient Following
the analysis in (Cui et al., 2025), proof and empiri-
cal evidence on the correlation of entropy change
and covariance in B, the change of entropyH dur-
ing training under policy gradient can be described
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Figure 1: Overview of entropy behaviors in RLVR for Visual Grounding. (A) Contrast of token-level entropy
heatmaps. Unlike reasoning tasks where entropy collapses post-training (concentrating only on "pivot tokens"),
visual grounding tasks exhibit persistent high entropy, particularly on object nouns in thought and coordinates in the
answer. (B) The underlying reward landscapes dictate this behavior. Reasoning tasks typically have sparse, sharp
reward peaks leading to certainty, whereas visual grounding (IoU-based) features broad reward plateaus with many
near-optimal solutions, encouraging uncertainty. (C) Under GRPO training, this dense reward landscape results in a
critical mismatch: high-advantage responses often have low current policy probabilities (top-left quadrant).

Figure 2: Word cloud of tokens with twice the average
entropy.

by the following Equation 4:

H(πk+1
θ |s)−H(πk

θ |s) ≈
− η · Cova∼πk

θ
(log πk

θ (a|s), πk
θ (a|s)A(s, a)).

(4)

Here, s denotes the state, πk
θ is the policy network

at iteration k, η represents the learning rate, and
Cov denotes the covariance. According to this for-
mula, we observe that the action a with both high
(or low) probability and high (or low) advantage
tends to decrease entropy, whereas the opposite
conditions lead to increased entropy.

Expected low probability of high-advantage re-
sponses In the visual grounding task, the expected
probability of high-dominance responses remains
low due to two factors: (1) the presence of nu-
merous responses with similarly high rewards, and
(2) annotation noise, which blurs the distinction
between optimal and near-optimal responses. Con-
sider a simplified reward scenario as shown in Fig-
ure 1. In many reasoning tasks, the reward signal
is sparse and binary. For a correct answer of 20,
the reward function Rreasoning is defined as:

Rreasoning(a) =

{
1, if a = 20,

0, otherwise.
(5)

In this case, the policy gradient will concentrate
probability mass on the single correct action, yield-
ing a sharp, low-entropy distribution.

In contrast, consider a grounding-like task with
a numerically continuous reward. For illustration,
suppose the target value is 20 and the reward is
defined by a smooth decay function:

Rnum(a) = max
(
0, 1− λ|a− 20|

)
, (6)

where λ > 0 controls the decay rate. Here, the opti-
mal action a20 = 20 receives the maximum reward
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1, but neighboring actions a19 and a21 still receive
large rewards. Such a reward function encourages
the policy to increase the probabilities of multiple
adjacent actions with similar values.

Meanwhile, the answer coordinates generated
in the visual grounding task often consist of ap-
proximately 10 tokens, and similar IoU scores can
correspond to dozens or even hundreds of candidate
answers. Due to the discrete nature of the tokens,
these answers can be approximately viewed as dif-
ferent actions. That is, there is such a advantage
set:

{Aδ} = {A(s, a) | |A−Amax| ≤ δ},
where |{Aδ}| = M, M >> 1.

(7)

where {Aδ} represents the advantage set of subop-
timal solutions, and M denotes the total number of
such suboptimal solutions.

In addition, according to the conclusion of (Chen
et al., 2024a), due to the ambiguous annotation stan-
dards in the visual grounding task (e.g., an answer
with IoU = 0.9 may be nearly identical to one with
IoU = 0.95), it lacks the certainty present in most
reasoning tasks, where the correct answer is typ-
ically a single numerical value or discrete option.
Consequently, the expected advantage and proba-
bility of the optimal solution in the annotations and
that of suboptimal solutions differ only marginally:

E(Aδ) ≈ E(Amax), (8)

E(π(s, aδ)) ≈ E(π(s, amax)) ≤
1

M
. (9)

Therefore, in each training round, sampled re-
sponses with high advantage Ahigh often have
low probabilities π(a|s). According to Equation 4,
this phenomenon intuitively results in a larger co-
variance, which in turn leads to higher entropy. The
experimental results in Figure 3 confirm this phe-
nomenon. Obviously and intuitively, when the en-
tropy of the answer is high, numerous high-entropy
tokens also appear in the thinking process. In addi-
tion, we offer an empirical discussion of underlying
causes in the Appendix G.

Overall, the behavior of entropy in visual ground-
ing differs markedly from that in reasoning tasks.
In visual grounding, a substantial number of high-
entropy tokens persist, indicating that the model
consistently operates under high uncertainty and
low confidence when generating responses. This
means that the entropy in the visual grounding task
behaves differently; therefore, it is necessary to

Figure 3: Comparison of the average probability of
all tokens and numeric tokens in positive advantage
samples during VLM-R1’s training.

design specific strategies to regulate it for a better
balance between exploration and exploitation.

4 Method: ECVGPO

Inspired by the findings in Section 3, we intro-
duce the Entropy Control Visual Grounding Pol-
icy Optimization (ECVGPO) algorithm for visual
grounding. The key idea is to adjust the entropy
by adjusting the covariance of probability and ad-
vantage at training time. Unlike reasoning tasks,
which only aim to increase entropy to facilitate ex-
ploration, we consider reducing entropy when it
is too high, improving the model’s ability to ex-
ploit good policies. By attenuating policy updates
in such cases, ECVGPO suppresses the reinforce-
ment of unreliable patterns, thereby fostering the
acquisition of more robust and generalizable rep-
resentations. Appendix C provides a pseudo-code
implementation of ECVGPO.

We first compute the self-information for each
candidate sequence and for each token:

Si = −
1

T

T∑

t=1

log πθ(oi,t|q, oi,<t), (10)

Si,t = − log πθ(oi,t|q, oi,<t), (11)

where oi,t denotes the t-th token of the i-th sampled
sequence Oi, and T is the sequence length.

According to the definition of self-information,
higher self-information corresponds to lower con-
fidence in the output response, and vice versa (Fu
et al., 2025).

The standard deviation of the rewards for the
sampled responses is computed as follow:

rstd =

√√√√ 1

|O|

|O|∑

i=1

(ri −
1

|O|

|O|∑

i=1

ri)2. (12)
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A high reward combined with a low standard devi-
ation indicates that the model has limited room for
further policy updates.

After that, we reshape the advantages of i-th
positive samples as follows:

A′
i =

{
max

(
Ai,t

l0
, Ai,t − Si,t

r0

)
Ai > 0 & rstd < δ

Ai Ai < 0
.

(13)

Here, Ai denotes the advantage of the i-th sample,
as obtained in Equation 19. Specifically, Ai is a
vector of token-level advantages, where each ele-
ment corresponds to the advantage Ai,t of the t-th
token in the sequence Oi. The coefficient l0 > 1 is
the lower-bound clipping factor, which is always
greater than 0 to ensure that the advantage remains
positive after the reshape, thereby preventing a pos-
itive example from being transformed into a nega-
tive one. The coefficient |r0| > 1 is used to control
the change in entropy. By enforcing rstd < δ,
we restrict the intervention to situations where the
training is stable, preventing instability caused by
premature adjustments.

Finally, we obtain the new training objective:

JECV GPO(θ) = E{oi}Ni=1∼πθold
(q)

[
1

N

N∑

i=1

{
min[C1, C2]− βDKL[πθ∥πref ]

}
]
,

(14)

C1 =
πθ(oi|q)

πθold(oi|q)
·A′

i, (15)

C2 = clip
(

πθ(oi|q)
πθold(oi|q)

, 1− ϵ, 1 + ϵ

)
·A′

i. (16)

In order to analyze the interpretability of
ECVGPO, we consider the covariance between the
log-probability and the reshaped advantage. Al-
though the reshaping in Equation 13 is applied at
the token level, we can approximate the sequence-
level covariance as:

Cova∼πk
θ

(
log πk

θ (a|s), πk
θ (a|s)[A′

i −
log πk

θ (a|s)
r0

]
)
,

(17)

where A′
i = 1

T

∑T
t=1A

′
i,t is the mean of the

token-level reshaped advantages in sequence Oi.
This approximation allows us to interpret the

effect of the token-level reshape on entropy: for
positive samples, high advantage and low probabil-
ity tokens contribute to the covariance, and apply-
ing r0 > 0 decreases this covariance, reducing the

model entropy. Conversely, r0 < 0 increases the
covariance and thus the entropy. The token-level
intervention is designed to be minimal while still
aligning the policy updates with sequence-level dy-
namics, ensuring interpretability of ECVGPO even
under token-level reshaping.

5 Experiment

5.1 Setup

Implementation detail We use the training
splits of RefCOCO, RefCOCO+, and Ref-
COCOg (Kazemzadeh et al., 2014; Yu et al., 2016)
as our training data, which are the most widely
used datasets for the visual grounding task. We ran-
domly selected a total of 5.6k samples from these
three datasets. Our codebase is based on VLM-
R1 (Shen et al., 2025a). Specifically, we set rollout
= 8, temperature = 1.0, number of iterations = 1,
KL divergence ratio (i.e., β) = 0.04, learning rate
= 1× 10−6, batch size = 4, gradient accumulation
= 1. The experiments are conducted with 8×H100
GPUs. See Appendix F for more Settings.

5.2 Baseline

We choose three state-of-the-art models, Qwen2.5-
VL-3B-Instruct, InternVL3-2B-Instruct and
InternVL3-8B-Instruct, as our base models. We
compare our proposed method with three variants:
the base model, the Supervised Fine-Tuning (SFT)
model, and the GRPO-based fine-tuning model.
For a fair comparison, the base model and SFT-
based model are trained and evaluated in the same
format as the base model’s standard documentation.
GRPO-based method uses the same training data
as ECVGPO, and the training settings for GRPO
are kept consistent with those of ECVGPO.

Benchmark For evaluation, we use the valida-
tion split of RefCOCO/+/g (Kazemzadeh et al.,
2014; Yu et al., 2016) as the in-domain benchmark,
while the test splits of LISA-Grounding (Lai et al.,
2024) and RefGTA (Tanaka et al., 2019) serve as
out-of-domain benchmarks. As a reasoning-centric
benchmark, LISA-Grounding requires models to
handle complex tasks such as detailed visual analy-
sis, understanding nuanced referring expressions,
and performing relational reasoning among objects
to correctly determine the target region. Mean-
while, RefGTA is constructed from game scenes
rather than the general scenarios in RefCOCO. We
adopt the same subset used in VLM-R1 (Shen et al.,
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2025a). These two out-of-domain test sets are em-
ployed to evaluate the generalization ability of the
model under different perception and reasoning
scenarios.

5.3 Main Result

Comparison of ECVGPO with baseline meth-
ods Table 1 presents the comparison between our
proposed ECVGPO and other baseline methods,
including SFT and GRPO, across both in-domain
and out-of-domain benchmarks on Qwen2.5-VL-
3B, InternVL3-2B, and InternVL3-8B. To ensure
fairness, all models adopt the official question-
answering templates used in the base and SFT ver-
sions. Considering the high variance of GRPO-type
methods in visual grounding tasks, we report both
the mean and standard deviation over four indepen-
dent runs for each configuration.

As shown in the table, ECVGPO achieves su-
perior performance compared with both GRPO
and SFT across overall. On Qwen2.5-VL-3B, our
method reaches an overall score of 78.37, outper-
forming GRPO (78.17) and clearly surpassing the
SFT baseline (70.32). The improvement becomes
more pronounced for larger models: ECVGPO
yields a +1.44 gain on InternVL3-2B and +2.60 on
InternVL3-8B, respectively. These results demon-
strate that the proposed entropy-controlled mecha-
nism enables more stable and effective policy opti-
mization, leading to benefits over both supervised
and GRPO baselines.

In terms of stability, ECVGPO shows smaller
standard deviations across most benchmarks, in-
dicating improved training consistency. This con-
firms that our method effectively mitigates the high-
variance issue often observed in GRPO-type algo-
rithms by adaptively controlling entropy to main-
tain a balanced exploration–exploitation trade-off.

Overall, ECVGPO achieves both higher ac-
curacy and greater stability than existing base-
lines, proving its effectiveness and scalability for
MLLMs.

Comparison of training efficiency As shown in
Figure 4, the training time of our method is com-
parable to that of GRPO across all models. Specif-
ically, for Qwen2.5-VL-3B, our method slightly
reduces the training time (200 min vs. 204 min),
while for InternVL3-2B and InternVL3-8B, the
difference is marginal (within ±3 minutes). This
indicates that incorporating our proposed optimiza-
tion introduces almost no additional computational

Figure 4: Comparison of the training time of GRPO and
our method.

overhead, maintaining a similar level of training
efficiency as the baseline GRPO. Therefore, our
method maintains both effectiveness and efficiency,
making it suitable for MLLMs’ reinforcement fine-
tuning.

Comparison of entropy trends Figure 5 illus-
trates the trend of policy entropy under different val-
ues of r0 on the InternVL3-8B model. The results
show that the change in policy entropy is fully con-
sistent with the trend of 1/r0. Specifically, smaller
(positive) values of r0 correspond to lower entropy,
while larger (negative) values of r0 lead to higher
entropy. This inverse relationship demonstrates
that our method can effectively and smoothly con-
trol the entropy of the policy. Such controllability
and consistency indicate that the proposed entropy
control mechanism is both interpretable and sta-
ble, allowing the model to dynamically balance
exploration and exploitation during training.

Figure 5: Trend of entropy under different parameters
r0. The experiments are conducted on the InternVL3-
8B model. The lines in the figure are smoothed.

5.4 Ablation Study
Comparison with other entropy-regularization
methods As shown in Table 2, we compare
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Method
In-Domain Out-of-Domain

OverallRefCOCO RefCOCO RefCOCO RefCOCO+ RefCOCO+ RefCOCO+ RefCOCOg RefCOCOg LISA RefGTA
(val) (testA) (testB) (val) (testA) (testB) (val) (test) (test) (test)

Qwen2.5-VL-3B-Instruct
Base Model 88.05 91.55 83.20 79.35 86.65 72.35 84.80 84.40 56.82 72.45 74.21
w/ SFT 88.75 91.85 84.80 80.35 87.40 74.15 85.15 85.25 42.10 69.75 70.32
w/ GRPO 90.16±0.18 93.00±0.43 86.16±0.41 83.59±0.45 89.34±0.42 76.53±0.48 86.51±0.35 86.29±0.55 65.90±1.14 73.90±1.00 78.17
w/ Ours 90.25±0.39 93.16±0.20 86.49±0.49 83.75±0.36 89.15±0.20 76.57±0.52 86.86±0.25 86.49±0.17 66.02±0.24 74.27±1.00 78.37

InternVL3-2B-Instruct
Base Model 89.80 93.20 86.80 83.45 88.95 76.25 88.15 86.00 0.13∗∗ 26.50 49.95
w/ SFT 86.65 91.20 84.55 78.9 85.8 70.95 85.5 84.3 48.91 13.50 57.34
w/ GRPO 89.21±0.35 92.58±0.28 86.62±0.33 81.95±0.72 88.82±0.49 74.67±0.55 87.50±0.32 86.87±0.38 51.12±5.63 51.26±2.48 68.61
w/ Ours 89.49±0.51 92.73±0.17 86.50±0.17 81.80±0.40 88.76±0.25 74.70±0.49 87.56±0.32 86.80±0.25 59.26±1.76 53.49±1.85 71.21

InternVL3-8B-Instruct
Base Model 93.00 95.05 88.65 88.40 92.05 81.35 89.35 90.05 0.84∗∗ 28.65 52.24
w/ SFT 88.3 91.05 85.05 81.65 88.60 75.05 86.20 87.05 58.38 33.05 65.54
w/ GRPO 91.65±0.65 94.29±0.44 88.01±0.31 87.33±0.52 91.96±0.60 80.51±0.90 88.97±0.46 89.86±0.52 78.78±1.45 48.80±6.30 76.43
w/ Ours 92.15±0.15 94.42±0.28 88.53±0.13 88.13±0.33 92.36±0.52 81.18±0.71 89.43±0.41 90.06±0.26 81.14±0.45 51.29±6.24 77.87

Table 1: Compare results of ECVGPO with other baseline methods on in-domain and out-of-domain benchmarks.
We set 1/r0 = 1/50, 1/25,−1/50 for each model. For a fair comparison, the question-answering templates used in
the base and SFT models follow the official templates. Considering the high variance of GRPO-type methods on the
visual grounding task, we report the mean and standard deviation over four runs. Overall represents the average
score of the in-domain and out-of-domain performance. ∗∗ indicates that the model does not follow the format
correctly. The best performances within each metric are bolded.

Setting RefCOCOval RefCOCO+val RefCOCOgval LISA

GRPO 91.65±0.65 87.33±0.52 88.97±0.46 78.78±1.45

w/ Clip-higher 91.96±0.34 87.56±0.22 89.04±0.25 79.43±1.59

w/ En. Re. 1.25 1.15 1.5 0.72
w/ En. Adv. 92.40±0.40 87.68±0.94 89.21±0.37 78.90±1.05

w/ Ours 92.15±0.15 88.13±0.33 89.43±0.41 81.14±0.45

Table 2: Result of different entropy regularization
method. The best performance is bolded. The exper-
iments are conducted on the InternVL-8B model. We
report the mean and standard deviation over four runs.

different entropy regularization strategies under
the InternVL-8B model. It can be observed
that directly applying the entropy-based methods
commonly used in reasoning-oriented reinforce-
ment learning tasks (e.g., Entropy Reward (Bai
et al., 2022; Yu et al., 2022) and Entropy Advan-
tage (Cheng et al., 2025a)) is not well suited for the
visual grounding task. In particular, the Entropy Re-
ward method leads to severe training instability and
performance collapse, reflected by extremely low
scores across all benchmarks. This phenomenon
indicates that simply increasing policy entropy
fails to provide meaningful exploration in ground-
ing scenarios, where visual information plays a
dominant role. In contrast, our proposed method
achieves more strong and stable results across all
datasets, outperforming the GRPO baseline and
the Entropy Advantage method. Notably, our ap-
proach improves performance on out-of-domain
datasets such as LISA, demonstrating both its ef-
fectiveness and robustness. These results validate

that our entropy regularization design better bal-
ances exploration and stability in visual grounding.

More result Due to space limitations, additional
ablation results, hyperparameter(e.g. l0, r0, δ ) se-
lection strategy and sensitivity analysis are pro-
vided in the Appendix H.

5.5 Case Study
Appendix I presents a case-by-case comparison
between our proposed method and the GRPO
method.

6 Conclusion

In this work, we present a comprehensive analysis
of entropy behavior in perception-oriented rein-
forcement learning, focusing on the visual ground-
ing task. Our study reveals that entropy exhibits
distinct dynamics compared to reasoning tasks,
where high-advantage responses often correspond
to low-generation probabilities, leading to persis-
tently high entropy. Based on these insights, we
propose ECVGPO, a simple yet effective exten-
sion of GRPO that reshapes advantages according
to self-information to achieve more stable and in-
terpretable optimization. Extensive experiments
on multiple multimodal large language models
and benchmarks demonstrate that ECVGPO im-
proves grounding accuracy, stability, and gener-
alization without introducing additional training
costs. We hope our findings provide a new per-
spective on understanding entropy in multimodal
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reinforcement learning and inspire further research
into perception-oriented policy optimization.

Limitation

While ECVGPO demonstrates strong performance
and stability improvements, several limitations re-
main. First, due to the intrinsic uncertainty caused
by high entropy in visual grounding, the evalua-
tion results can still exhibit noticeable fluctuations,
which may pose challenges for reproducibility. Sec-
ond, the method involves several hyperparameters
that require careful tuning, making the optimization
process time-consuming and somewhat inconve-
nient in practice. Finally, although our experiments
cover multiple benchmarks, further validation on
broader scenarios and diverse multimodal tasks is
needed to fully assess the generality and robustness
of ECVGPO.
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Appendix

A RLVR Training in Visual Grounding
Task

A.1 GRPO Training

Given a query q, the policy πθ samples N candi-
date outputs {O1, O2, . . . , ON}, and each candi-
date is evaluated by a task-specific reward function
R(q,Oi). The relative quality is measured by com-
puting the standardized advantage for each token in
the sequence. First, we calculate the sequence-level
advantage for each candidate output Oi as:

Ai =
ri −mean{r1, r2, . . . , rN}

std{r1, r2, . . . , rN}
, (18)

where ri is the reward for the entire sequence Oi,
and Ai is the sequence-level advantage.

Then, the token-level advantage for each token
t in candidate output Oi is equal to the sequence-
level advantage:

Ai,t = Ai, ∀t ∈ {1, 2, . . . , T}, (19)

where Ai,t is the advantage for token t in the se-
quence Oi and T is the length of the sequence. The
policy is optimized to increase the probability of
responses with higher Ai while constraining devia-
tion from the reference model via a KL penalty:

JGRPO(θ) = E{oi}Ni=1∼πθold
(q)

[
1

N

N∑

i=1

{
min[C1, C2] − βDKL[πθ∥πref ]

}
]
,

(20)

C1 =
πθ(oi|q)
πθold(oi|q)

·Ai, (21)

C2 = clip
(

πθ(oi|q)
πθold(oi|q)

, 1− ϵ, 1 + ϵ

)
·Ai. (22)

Here, ϵ is the clipping range, and β controls the
KL regularization strength.

A.2 Reward setting

For the Visual Grounding task, consistent
with (Shen et al., 2025a; Liu et al., 2025b), reward
R = Racc + Rf consists of two reward compo-
nents:

Accuracy reward In the visual grounding task,
the objective is to predict the bounding box of the
target entity described in the input query. Let b̂
be the predicted bounding box obtained from the
model output y, and bgt be the ground truth box.
The accuracy reward is defined as:

Racc(x, y) = IoU
(
bgt, y

)
, (23)

where IoU denotes the Intersection-over-Union
score, which measures the overlap ratio between
the predicted and reference boxes, thus incentiviz-
ing accurate localization.

Format reward Format reward Rf checks
whether the output follows the required JSON-
style structure within the <answer> tag and con-
tains bounding box coordinates in the format:
(<think>..</think><answer>{[x1, y1, x2,
y2]}</answer>), assigning 1 if correct and 0 oth-
erwise.

By jointly optimizing these rewards under the
GRPO framework, the model learns to produce
both accurate and well-formatted responses for vi-
sual grounding.

B Proof of Policy Entropy Change
Approximation

This section provides the detailed proof for the
approximation of the policy entropy difference be-
tween two consecutive training steps, assuming a
Tabular Softmax Policy updated via Vanilla Pol-
icy Gradient (VPG) with a learning rate η. The
proof process is derived from (Liu, 2025) and (Cui
et al., 2025).
Theorem 1 (Entropy Change under Policy Gra-
dient) Assuming the actor policy πθ is a tabular
Softmax policy updated by VPG, the difference in
policy entropy at state s between two consecutive
steps is approximated by:

H(πk+1
θ |s)−H(πk

θ |s) ≈
− η · Cova∼πk

θ
(·|s)(log πk

θ (a|s), πk
θ (a|s) ·A(s, a))

(24)

Proof The proof proceeds in three main steps: 1)
expressing the entropy difference in terms of logit
changes, 2) deriving the logit changes under the
VPG update rule, and 3) combining the results.

Step 1: Entropy Difference based on Logit
Change
For a Softmax policy πθ(a|s), the change in policy
entropy between steps k and k + 1 can be approx-
imated using a first-order Taylor expansion (or a
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known result for Softmax policies) in terms of the
logit difference zk+1

s,a − zks,a:

H(πk+1
θ |s)−H(πk

θ |s) ≈
−Cova∼πk

θ
(·|s)

(
log πk

θ (a|s), zk+1
s,a − zks,a

) (25)

Step 2: Logit Change under VPG Update

For a tabular Softmax policy, the logit parameter
zs,a = θs,a is updated by VPG using the gradient
∇θs,aJ(θ):

zk+1
s,a − zks,a = η · ∇θs,aJ(θ)

The policy gradient at state s is:

∇θs,aJ(θ) = Ea′∼πθ(·|s)
[
∇θs,a log πθ(a

′|s) ·A(s, a′)
]

(26)
Using the identity for the gradient of the log-

probability of a Softmax function, ∂ log πθ(a
′|s)

∂θs,a
=

Ia′=a − πθ(a|s), we have:

∇θs,aJ(θ) =
∑

a′∈A

[
πθ(a

′|s) · (Ia′=a − πθ(a|s)) ·A(s, a′)
]

= πθ(a|s) ·
[
A(s, a)−

∑

a′∈A
πθ(a

′|s) ·A(s, a′)

]

(27)

Under the standard VPG assumption that the
advantage function is centered,

∑
a′ πθ(a

′|s) ·
A(s, a′) = Ea′∼πθ(·|s)[A(s, a

′)] = 0, the gradient
simplifies to:

∇θs,aJ(θ) = πθ(a|s) ·A(s, a)

Substituting this back into the logit difference equa-
tion yields:

zk+1
s,a − zks,a = η · πk

θ (a|s) ·A(s, a) (28)

Step 3: Final Substitution and Conclusion

Substituting Equation 28 into the entropy approxi-
mation in Equation 25:

H(πk+1
θ |s)−H(πk

θ |s) ≈
−Cova∼πk

θ
(·|s)

(
log πk

θ (a|s), η · πk
θ (a|s) ·A(s, a)

)

(29)

Factoring the constant learning rate η out of the
covariance, we obtain the final result:

H(πθ
k+1|s)−H(πk

θ |s) ≈
− η · Cova∼πk

θ
(·|s)(log πk

θ (a|s), πk
θ (a|s) ·A(s, a))

(30)

Experimental Evidence
Our experiments reveal a clear linear correlation
between covariance and entropy difference during
training. As shown in the Figure 6, the Spearman
correlation coefficient increases from 0.52 glob-
ally to 0.60 after 200 steps, demonstrating a grow-
ing linear relationship between these two metrics
as training progresses. The curves for covariance
(orange) and entropy difference (blue) exhibit a
consistent, parallel trend, further supporting the
presence of this linear correlation. This finding
suggests that entropy behavior directly influences
the optimization process in a predictable manner,
highlighting the importance of entropy regulation
for model stability and performance.

C Pseudo-code Implementation of
ECVGPO

We provide Pseudo-code implementation of
ECVGPO as shown in Algorithm 1.

D Quantitative Analysis of the
Misalignment between Advantage and
Probability

As illustrated in Figure 7, our quantitative investi-
gation reveals a profound global misalignment be-
tween the advantage and probability. Specifically,
the observed negligible global correlation (r =
0.0777) and minimal covariance (0.0151) indicate
a statistical decoupling where rewards fail to effec-
tively guide policy convergence. This phenomenon
is further evidenced by the prevalence of high-
advantage, low-probability sequences—samples re-
siding in the lower-right quadrant of the distribu-
tion.

E Example of a comparison between
reasoning and the visual Grounding
task

We provide an Example of a comparison between
reasoning and the visual Grounding task as shown
in Figure 8.

F More Training Setting

Table 3 presents a detailed training setup.

G More Discussion for Low Probability
Tokens

During the thinking process, we also observe a
large number of low-probability tokens. We at-
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Figure 6: Comparison of covariance and entropy difference during training. The lines in the figure are smoothed.

tribute this phenomenon to two main qualitative
reasons:

G.1 Mismatch between thinking steps and
rewards

In reasoning tasks, the model typically performs
step-by-step thinking, where each intermediate step
explicitly contributes to the final answer generation.
In contrast, for visual grounding tasks, only the fi-
nal coordinate prediction receives a reward, making
it difficult to determine which parts of the reasoning
process actually influence the final output.

G.2 Limited in-domain performance
improvement

After GRPO training, the model (especially the
InternVL3 series) shows little improvement over
the base model on in-domain data. This suggests
that the model struggles to learn a stable and effec-
tive thinking strategy under such training settings,
which may further lead to the frequent occurrence
of low-probability tokens.

H More Ablation Study

H.1 Detailed training analysis

Figure 9 compares the reward trends of our pro-
posed EC-GRPO method and the GRPO baseline

during training on Qwen2.5-VL-3B, InternVL3-2B,
and InternVL3-8B. Across all models, ECVGPO
consistently achieves higher average rewards and
exhibits smoother convergence compared to GRPO.
This indicates that our method enables more effec-
tive policy updates and better balances exploration
and exploitation during training.

H.2 Comparison with different training data
we experiment with different types of training data
and find that RefCOCO, a general visual grounding
dataset covering a wide range of scenarios, yields
the best performance, as shown in Table 4. In
contrast, RefGTA, which contains limited and less
diverse scenarios, often leads to training instability
or even collapse.

H.3 Comparison of different coefficients
Table 5 presents the performance of ECVGPO un-
der different r0 values on the InternVL3-8B model.
Overall, the results demonstrate that the choice
of r0 has a clear influence on model performance.
When r0 = −50, the model achieves the best re-
sults across all benchmarks, surpassing the GRPO
baseline by a large margin (+0.5 on RefCOCO,
+0.8 on RefCOCO+, +0.5 on RefCOCOg, and +2.4
on LISA). This suggests that a moderate negative
r0 provides a proper level of entropy increase, en-
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Figure 7: Scatter plot of Advantage vs. Log-Probability in Visual Grounding.

hancing exploration while maintaining stable opti-
mization. When r0 becomes positive (e.g., r0 = 50
or r0 = 75), the entropy is suppressed, leading
to slightly worse performance due to insufficient
exploration. These results validate that controlling
entropy through r0 effectively regulates the trade-
off between exploration and exploitation, and that
setting r0 to a small negative value yields the best
balance.

H.4 Comparison with different temperture

As shown in Table 9, we evaluate the impact of
different sampling temperatures on model perfor-
mance. Our method consistently outperforms the
GRPO baseline across all temperature settings,
demonstrating strong robustness and generalization.
Specifically, at the standard temperature of 1.0, our
method achieves better results, while maintaining
competitive performance when the temperature is
varied to 0.8 or 1.2.

H.5 Comparison with different rollout
As shown in Table 10, we investigate the effect of
different rollout numbers during training. To pre-
vent model collapse, a smaller intervention (r0=75)
was used for rollout=16. Our method consistently
surpasses the GRPO baseline across all rollout set-
tings, indicating its robustness and stability. No-
tably, the improvement is most evident when the
rollout is set to 8, where our approach achieves the
best overall performance on all benchmarks.

H.6 Hyperparameter Selection and Ablation
Analysis of r0. We observe that the sign of r0
should be determined by the intrinsic entropy level
of the model during training. As shown in Fig-
ure 10, smaller models (e.g., Qwen2.5-VL-3B and
InternVL3-2B) tend to maintain relatively higher
entropy, indicating excessive randomness in policy
exploration. In this case, using r0 > 0 effectively
suppresses entropy and stabilizes optimization. In
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Reasoning Task

Grounding Task

≈0.11x

≈0.93x

Entropy 
Collapse

 Entropy 
Stay high!

Figure 8: Comparison of entropy between reasoning and grounding tasks. Darker red indicates higher token entropy.
In reasoning tasks, entropy rapidly decreases after training (entropy collapse), whereas in grounding tasks, it remains
consistently high.

Figure 9: Comparison of reward’s trend between our proposed method and the GRPO method during training. The
lines in the figure are smoothed.

contrast, larger models (e.g., Qwen2.5-VL-7B and
InternVL3-8B) exhibit lower entropy, suggesting
insufficient exploration. Therefore, a negative r0
is adopted to encourage exploration by increasing
entropy. This entropy-aware strategy provides a
simple yet consistent guideline for selecting r0, as
summarized in Table 6.

Analysis of δ. We determine the threshold δ accord-
ing to the intrinsic rstd level during stable training.
As shown in Figure 11, Qwen models typically
converge to rstd < 0.1, suggesting that δ = 0.1 is
a reasonable threshold for detecting unstable opti-
mization. In contrast, InternVL maintains higher

rstd even after training stabilizes, indicating larger
intrinsic variability. Therefore, a larger threshold
is more appropriate for InternVL. As shown in
Table 7, increasing δ improves performance com-
pared with δ = 0.1, which is consistent with the
higher stable rstd observed in Table 11.

Analysis of l0. We further study the necessity of
the lower bound l0 through an ablation experiment.
As shown in Table 8, removing l0 results in in-
consistent performance across benchmarks. Al-
though the variant without l0 achieves competitive
results on some datasets, it fails to maintain sta-
ble improvements overall. In contrast, introducing
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Figure 10: The entropy of different models.

Figure 11: The rstd of different models.

l0 consistently improves the overall performance
and achieves the best results on RefCOCO, Ref-
COCOg, and RefGTA. This observation suggests
that the lower bound plays a crucial role in stabi-
lizing the optimization and preventing undesirable
updates.

I Case Study

Figure 12 presents a case-by-case comparison be-
tween our proposed method and the GRPO method.
The results demonstrate that our method signifi-

cantly improves the model’s visual grounding ca-
pabilities.
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Question: Please provide the bounding 
box coordinate of the region this 
sentence describes: something indicating 
that the tank belongs to the USA

GRPO: <think> To find the bounding box coordinates of the 
region indicating that the tank belongs to the USA, I need to 
locate the part of the tank that displays the American flag. 
The flag is typically placed on the side or front of military 
vehicles. In this image, the flag is visible on the side of the 
tank. The coordinates should encompass the area where the 
flag is displayed, ensuring it is clearly included within the 
bounding box.</think>
<answer>[111, 240, 881, 831]</answer>

Ours: <think>First, I need to identify the region that 
indicates the tank belongs to the USA. The most obvious 
feature would be the American flag on the tank. The flag is 
located on the side of the tank, towards the front. The 
bounding box should encompass the flag and the surrounding 
area to ensure it is clearly visible. The coordinates should be 
in the format [x, y, width, height].</think>
<answer>[568, 420, 709, 512]</answer>

Question: During a formal dinner, it's 
typical to have designated seating for 
each guest to enjoy the meal. Based on 
the picture, what item might be utilized 
to mark the assigned seat for each 
individual? Please provide the bounding 
box coordinate of this region.

GRPO: <think> To determine the item used to mark the 
assigned seat for each individual, we need to look for something 
that is typically used for this purpose at formal dinners. The 
most common item used is a place card, which is usually placed 
on the table near the guest's seat. In the image, we can see a 
card with the number \"14\" on it, which is likely a place card. 
The bounding box coordinates for this region would be the area 
around the card with the number \"14\". </think>
<answer>[518, 281, 576, 373]</answer>

Ours: <think>First, I need to identify the item used to mark 
the assigned seat for each individual during a formal dinner. 
The most common item used for this purpose is a place card. 
In the image, I can see a number card placed on the table, 
which is likely used to indicate the assigned seat. The number 
card is placed in the center of the table, and it is clearly visible. 
The bounding box coordinates for this region would be the 
area where the number card is located.</think>
<answer>[577, 281, 627, 373]</answer>

Question: When monkeys move from one 
tree to another, they rely on a specific body 
part for balance and stability. Please point 
out which part of the monkey's body in this 
picture serves this purpose. Please provide 
the bounding box coordinate of this region.

GRPO: <think> To determine which part of the monkey's 
body is used for balance and stability when moving from one 
tree to another, we need to identify the limbs that are in 
contact with the tree branch. The monkey is gripping the 
branch with its hands and feet, which are the primary parts 
used for balance and stability. The bounding box coordinates 
should encompass the hands and feet of the monkey.</think>
<answer>[195, 188, 650, 987]</answer>

Ours: <think>First, I need to identify the part of the monkey's 
body that helps with balance and stability when moving from 
one tree to another. Monkeys typically use their tail for this 
purpose. In the image, the monkey is perched on a branch, and 
its tail is clearly visible, extending downwards. The tail 
appears to be long and slender, which is characteristic of many 
monkey species that use their tails for balance. The bounding 
box should encompass the entire tail to accurately represent 
the region that aids in balance.</think>
<answer>[195, 360, 498, 987]</answer>

Figure 12: Comparison between our proposed method and the GRPO method in some cases.
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Algorithm 1: Entropy Control Visual Grounding Policy Optimization (ECVGPO)
Input :Dataset D containing visual grounding prompts q and images; Initialized

policy network πθ (and old policy πθold); Reference network πref ; Verifiable
reward functionR (e.g., IoU-based reward).

Hyperparameters :Group size N ; Stability threshold δ; Lower-bound clipping factor l0 > 1;
Entropy control factor r0 (|r0| > 1); KL coefficient β; PPO clip threshold ϵ.

1 Initialize policy parameters θ;
2 for each training iteration do
3 Sample a batch of prompts {q} from Dataset D;
4 for each prompt q in the batch do

// Step 1: Rollout Group Responses
5 Generate N candidate sequences {O1, O2, . . . , ON} from current policy πθold(· | q);

// Step 2: Compute Rewards and Standard Deviation
6 for each sequence Oi (with token length Ti) do
7 Compute reward ri = R(Oi);

8 ravg ← 1
N

∑N
i=1 ri;

9 rstd ←
√

1
N

∑N
i=1(ri − ravg)2;

// Step 3: Self-Information & Advantage Reshaping
10 for each sequence Oi do
11 Compute sequence-level self-information: Si ← − 1

Ti

∑Ti
t=1 log πθold(oi,t | q, oi,<t);

12 for each token t from 1 to Ti do
13 Compute standard GRPO advantage: Ai,t ← ri−ravg

rstd+ϵeps
;

14 Compute token-level self-information: Si,t ← − log πθold(oi,t | q, oi,<t);

// Apply Entropy Control for Positive Samples Under Stable Stage
15 if Ai,t ≥ 0 and rstd < δ then
16 A′

i,t ← Ai,t −max
(
Ai,t − l0,

Si,t

r0

)
;

17 else
18 A′

i,t ← Ai,t;

// Step 4: Policy Optimization Update

19 DKL(πθ ∥ πref )← 1
Ti

∑Ti
t=1

[
log

πθ(oi,t|·)
πref (oi,t|·) −

πθ(oi,t|·)
πref (oi,t|·) + 1

]
;

20 ri,t(θ)← πθ(oi,t|q,oi,<t)
πθold

(oi,t|q,oi,<t)
;

21 LCLIP (θ)← 1
N

∑N
i=1

1
Ti

∑Ti
t=1min

(
ri,t(θ)A

′
i,t, clip(ri,t(θ), 1− ϵ, 1 + ϵ)A′

i,t

)
;

22 L(θ)← −LCLIP (θ) + βDKL(πθ ∥ πref );
23 Update θ by minimizing L(θ) via gradient descent;
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Hyperparameter QwenVL InternVL

Precision bf16
Optimizer AdamW
Image resolution anyres 1344*896(max)
Attention type flash attention
Deepspeed stage 3 2
δ 0.1 /
l0 25

Table 3: Hyperparameters of our Qwen2.5-VL’s and
InternVL3’s training.

Setting RefCOCOval RefCOCO+val RefCOCOgval LISA

Base Model 93.00 88.40 89.35 0.84

w/ RefGTA 27.90 26.65 30.95 4.46
w/ RefCOCO 92.15±0.15 88.13±0.33 89.43±0.41 81.14±0.45

Table 4: Result of different training data. The best
performance is bolded. The experiments are conducted
on the InternVL-8B model.
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Setting RefCOCOval RefCOCO+val RefCOCOgval LISA

GRPO 91.65±0.65 87.33±0.52 88.97±0.46 78.78±1.45

r0=-50 92.15±0.15 88.13±0.33 89.43±0.41 81.14±0.45

r0=-60 91.78±0.30 88.13±0.28 89.41±0.31 80.36±0.82

r0=-70 92.38±0.32 87.73±0.30 89.15±0.52 81.30±1.09

r0=50 91.56±0.43 87.91±0.47 88.88±0.16 79.55±0.19

r0=75 91.58±0.22 87.43±0.25 89.40±0.60 80.71±0.76

Table 5: Result of different r0. The best performance is bolded. The experiments are conducted on the InternVL-8B
model.We report the mean and standard deviation over four runs.

Model ∆(ECVGPO-GRPO) Strategy Entropy Diff

Qwen2.5-VL-3B +0.2 r0 > 0 ↓
Qwen2.5-VL-7B +0.2 r0 < 0 ↑
InternVL3-2B +2.6 r0 > 0 ↓
InternVL3-8B +1.4 r0 < 0 ↑

Table 6: The selection strategy for the hyperparameter
r0. We report the mean value over four runs.
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Setting RefCOCOval RefCOCO+val RefCOCOgval LISA RefGTA

δ = 0.1 91.60±0.13 87.58±0.30 89.24±0.26 78.60±0.64 36.17±4.57

δ = 0.2 92.01±0.37 87.70±0.39 89.23±0.30 80.37±1.82 48.06±8.93

δ = N/A 92.15±0.15 88.13±0.33 89.43±0.41 81.14±0.45 51.29±6.24

Table 7: Result of different δ. The best performance is bolded. The experiments are conducted on the InternVL-8B
model. We report the mean and standard deviation over four runs.

Setting RefCOCOval RefCOCO+val RefCOCOgval LISA RefGTA

GRPO 89.21±0.35 81.95±0.72 87.50±0.32 51.12±5.63 51.26±2.48

Ours (w/o l0) 89.07±0.32 81.74±0.36 87.41±0.21 61.46±4.07 49.47±7.02

Ours (w/ l0) 89.49±0.51 81.80±0.40 87.56±0.32 59.26±1.76 53.49±1.85

Table 8: Result of different l0. The best performance is bolded. Consider that the parameter l0 is not in effect in
Internvl-8B, the experiments are conducted on the InternVL-2B model. We report the mean and standard deviation
over four runs.

Setting RefCOCOval RefCOCO+val RefCOCOgval LISA RefGTA

temperature = 1.0
GRPO 91.65±0.65 87.33±0.52 88.97±0.46 78.78±1.45 48.80±6.30

w/ Ours 92.15±0.15 88.13±0.33 89.43±0.41 81.14±0.45 51.29±6.24

temperature = 0.8
GRPO 91.10±0.43 87.32±0.26 89.05±0.25 79.02±0.77 47.67±6.21

w/ Ours 92.28±0.29 87.86±0.30 89.18±0.32 80.02±0.42 45.28±3.59

temperature = 1.2
GRPO 92.13±0.23 87.36±0.45 88.95±0.51 77.85±1.20 29.79±2.37

w/ Ours 92.13±0.27 87.53±0.25 89.22±0.42 78.37 ±1.93 35.68±4.06

Table 9: Result of different temperature of our method. The best performance is bolded. The experiments are
conducted on the InternVL-8B model. We report the mean and standard deviation over four runs.

Setting RefCOCOval RefCOCO+val RefCOCOgval LISA RefGTA

rollout = 8
GRPO 91.65±0.65 87.33±0.52 88.97±0.46 78.78±1.45 48.80±6.30

w/ Ours 92.15±0.15 88.13±0.33 89.43±0.41 81.14±0.45 51.29±6.24

rollout = 4
GRPO 91.68±0.14 87.83±0.16 89.06±0.27 78.35±1.27 37.87±7.09

w/ Ours 91.74±0.13 87.61±0.33 89.16±0.27 79.37 ±2.34 47.29±13.69

rollout = 16
GRPO 92.35±0.39 88.38±0.36 89.56±0.31 78.64±0.43 41.67±5.91

w/ Ours 92.54±0.35 88.21±0.25 89.48±0.36 79.71±0.65 52.58±4.71

Table 10: Result of different rollouts of our method. The best performance is bolded. The experiments are conducted
on the InternVL-8B model. We report the mean and standard deviation over four runs.
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