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Abstract

Self-evaluation, a model’s ability to assess the correctness
of its own output, is crucial for Large Multimodal Models
(LMMs) to achieve self-improvement in multi-turn conversa-
tions, yet largely absent in foundation models. Recent work
has employed reinforcement learning (RL) to enhance self-
evaluation; however, its fixed reward mechanism suffers from
reward hacking when optimizing multiple training objectives,
leading to model collapse. In this paper we propose AdaPO,
an online reinforcement learning framework capable of adap-
tively adjusting training objective in real time according to
the current training state for each task. Specifically, to miti-
gate reward hacking , AdaPO introduces an Adaptive Reward
Model (ARM) and a Reward Aware Dynamic KL Regulariza-
tion mechanism. ARM assesses the task’s training state from
the distribution of model generated multi-turn trajectories’
performance. Reward Aware Dynamic KL replaces a fixed
penalty with dynamic coefficients which is modulated by the
reward gap between different multi-turn situations. Notably,
our method automatically and smoothly adjusts its learning
focus based on sub-tasks’ training progress without manual
intervention. Extensive experiments over 8 benchmarks and
various models show that our method significantly enhances
both direct reasoning and self-evaluation capability.

Introduction

Large Multimodal Models (LMMs), such as Qwen2.5-
VL(Bai et al. 2025), have demonstrated remarkable capa-
bilities in complex visual-language reasoning tasks, largely
enabled by Chain-of-Thought (CoT)(Wei et al. 2022) rea-
soning. How to achieve self-improvement(Qu et al. 2024;
Saunders et al. 2022) of model responses remains a critical
challenge. A promising yet challenging way is to empower
LMMs with self-evaluation capability, where the model
evaluates and refines its own CoT reasoning in multi-turn
conversations to reach a more accurate final answer.
However, without external ground truth signals, current
models struggle to self-improve via self-evaluation. As illus-
trated in Figure 1, for models trained with supervised fine-
tuning (SFT) or reinforcement learning (RL) techniques,
prompting for self-evaluation often backfires, leading to a
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significant degradation in accuracy rather than an improve-
ment. The failed evaluation does not necessarily stem from
a lack of external knowledge(Zheng et al. 2023; Zhang et al.
2023). Instead, it often arises from the model’s misinter-
pret or neglect crucial information from different modali-
ties(Huang et al. 2024; Bai et al. 2024). This suggests that
LMMs possess the potential for self-evaluation, which can
be unlocked through appropriate suitable strategies.

Early work explored using Prompt engineering(Madaan
et al. 2023; Paul et al. 2023; Zhang et al. 2024b) to ac-
tivate the self-evaluation capabilities of Large Multimodal
Models (LMMs), but this strategy is often task-specific and
lacks flexibility and generalizability.Some studies have used
SFT(Chen et al. 2021; Welleck et al. 2022) to mitigate the
deficiency in self-evaluation. However, the SFT method is
highly dependent on the quality and diversity of the anno-
tated training dataset and exhibits poor generalization, often
learning spurious reasoning paths that cannot be transferred
to unseen problems(Chu et al. 2025). Recently, research has
shown that RL(Havrilla et al. 2024; Kumar et al. 2024; Setlur
et al. 2025) can provide a more powerful paradigm, enabling
models to learn complex behaviors directly from outcome-
based rewards and achieve stronger generalization. However
current RL methods compel the model to learn behaviors
driven by fixed external reward signals. As shown in Figure
2, this leads to a trade-off where direct CoT reasoning and
error correction abilities are compromised, resulting in the
“reward hacking” phenomenon. This leads to a key research
question:

How can we simultaneously and stably enhance a
model’s self-evaluation and correction capabilities
while improving the accuracy of its direct CoT rea-
soning?

To address this challenge, we propose AdaPO (Adap-
tive Policy Optimization), an online reinforcement learn-
ing framework that dynamically adapts its training objective
based on the model’s real-time performance on a given task.
AdaPO introduces two core innovations: an Adaptive Re-
ward Model (ARM) and a Reward-Aware Dynamic KL Reg-
ularization mechanism. ARM dynamically identifies the cur-
rent training state(e.g., early-state error correction vs. late-
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Figure 1: Comparison of AdaPO vs. GRPO Outputs and Performance of Different Fine-tuning Methods. AdaPO’s self-
evaluation is correct in the sample. AdaPO achieves the best performance in direct reasoning and self-evaluation.

state consolidation of correct answers) and adjusts the re-
ward allocation across different trajectory types (e.g., ini-
tially correct, successfully corrected, or initially incorrect
and failed to correct). Specifically, by dynamically balancing
diverse positive and negative rewards, it effectively prevents
reward hacking caused by the over-optimization of a single
objective in later training stages. To complement the ARM’s
dynamic rewards within the optimization objective, we in-
troduce a Reward-Aware Dynamic KL Regularization mech-
anism, which also enhances training stability. This mecha-
nism modulates the KL penalty based on the relative reward
magnitude between a successful correction and a maintained
correct answer. When the reward for correction is substan-
tially higher, it imposes a stronger constraint on the erro-
neous reasoning path, thereby stabilizing the model’s direct
CoT generation while still allowing for effective learning.
These two improvements jointly solve the issues of reward
hacking and training instability in RL training. Additionally,
we enhance training efficiency through tailored offline and
online data filtering for the self-evaluation process. Our con-
tributions are as follows:

* We propose a novel adaptive reward model that dynami-
cally adjusts to the model’s training stage, effectively re-
solving the reward hacking dilemma inherent in multi-
step self-evaluation tasks.

We introduce a Reward-Aware Dynamic KL Regulariza-
tion mechanism that couples the policy update constraint
with the reward signal, enhancing training stability and
preventing the reinforcement of initial errors.

* We conduct extensive experiments across 8§ benchmarks,
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We achieve a relative improvement of self-evaluation ca-
pability up to 25.5% and outperform all baselines on
93.75% of tasks. Our method substantially improves both
the direct CoT reasoning accuracy and the self-evaluation
capabilities of LMMs.

Related Work

LLM Self-Evaluation. Self-evaluation can check Al rea-
soning without needing external evaluators or extra an-
notations (Chen et al. 2023). However, relying on simple
prompts for this task leads to low accuracy and hallucina-
tions (Huang et al. 2023), especially for complex problems
(He et al. 2024; Jiang et al. 2025). An alternative is Super-
vised Fine-Tuning (SFT), which trains a model to critique its
own responses (Li et al. 2025). While this can be effective,
SFT’s success depends on high-quality training data, often
sourced from more advanced models (Luo et al. 2024). It is
also prone to overfitting if the data lacks quality and diver-
sity (Kamoi et al. 2024).

Reinforcement Learning with Verifiable Rewards. Re-
inforcement learning with rule-based verifiers (RLVR) has
significantly advanced the reasoning abilities of LLMs in
math and visual tasks(Guo et al. 2025; Liu et al. 2025). How-
ever, this approach often suffers from reward hacking, train-
ing instability(Yu et al. 2025; Fu et al. 2025). While prior
work like SCoRe mitigates reward hacking using a two-
stage training process(Kumar et al. 2024), our method in-
troduces a dynamic reward mechanism. This approach more
effectively prevents reward hacking, improves training sta-
bility, and alleviates entropy collapse.



Motivation

RL offers a powerful paradigm for cultivating self-
evaluation without direct supervision, however, its applica-
tion to this complex, multi-turn task reveals profound chal-
lenges rooted in the design of the reward model.
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Figure 2: Accuracy Curve of Qwen2.5-VL-7B Model on the
Validation Set Using GRPO with a Fixed Reward

The Dilemma of Conflicting Objectives in Self-
Evaluation. The core task of self-evaluation requires
a model to master two distinct and often conflicting capa-
bilities: Error Correction and Correct Answer Preservation.
The GRPO objective function, Jorpo(6), aims to max-
imize the expected advantage A; for a group of sampled
trajectories.
i —mean({ri,r2,...,rc})

Std({’f‘l, T2y .uy Tg})
So a static reward function results in over-optimization of
the highest reward objective, leading to predictable fail-
ure modes. Experiments shown in Figure 2 provide direct
evidence for this dilemma: Prioritizing error correction
(Rop—1 > Ri-1) incites reward hacking. The blue line in
the figure illustrates this perfectly: the model’s initial accu-
racy dramatically ”Collapses” because it learns to intention-
ally provide wrong answers just to collect the higher reward
for ’correcting” them. Prioritizing answer preservation
(R1—1 > Ro—1) leads to learning stagnation. As the or-
ange line shows, the model becomes overly conservative and
”Fails to Learn Self-Evaluation” as a distinct skill, evidenced
by the minimal improvement between its first and final re-
sponses.

A =1

Limitations of Staged Training. To mitigate this conflict,
prior work has employed staged training, which attempts to
reconcile these competing goals by shifting the optimization
focus across different phases. However, this approach’s pre-
defined, uniform schedule is fundamentally at odds with the
heterogeneity of learning progress across different samples.
It cannot adapt to the model’s actual mastery of an instance,
rendering it a suboptimal solution incapable of fully realiz-
ing the dual objectives of self-evaluation.

Method

To address the challenges of reward hacking and train-
ing instability in the self-evaluation process, we propose
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AdaPO, an adaptive policy optimization framework based
on reinforcement learning. In this section, we will elabo-
rate on the methodology of AdaPO, which is built upon
Grouped Reward Policy Optimization (GRPO). The frame-
work first generates self-evaluation trajectory through two
rounds of sampling. Subsequently, the Adaptive Reward
Model (ARM) dynamically computes rewards for distinct
trajectory. Finally, policy gradients are updated using a loss
function that incorporates a Reward Aware KL regulariza-
tion mechanism, thereby stably enhancing the model’s ca-
pacity for self-correction and consistency maintenance.

Workflow of AdaPO

Two-stage trajectory generation For a given input query
q and self-evaluation prompt x, the policy model 7y gener-
ates a trajectory 7 = (y1, y2) via a two-stage process, where
1 is the initial response and - is the evaluation response:

ey

We define a correctness function C'(y,y*) € {0,1} to eval-
uate whether a response y is correct with respect to the
ground-truth answer y*. The type of a trajectory 7 can
thus be denoted as i — j , where ¢ C(y1,y*) and
J=C(y2,y").

Adaptive Reward Model ARM dynamically calibrates
the reward signal based on the model’s current proficiency
on a given task q. We quantify this proficiency by the error
rate of the initial responses:

y1 ~ mo(-q), y2 ~ mo(-|g, y1, )

1 N
Posi(a) = > (1=Clyrwy") 2
k=1

where {y1 }_, are N initial responses sampled for the
query g. The total reward R,;_,; for a trajectory 7 of type
1 — j is defined as:

Ri—j(T) = Roase,i—j + Rayn,i—j(Posx(q))  (3)

Here, Rpase is a fixed base reward, while Rqy, is a dynamic
component dependent on the task proficiency.

Positive Trajectories (j 1): The dynamic reward
switches between encouraging error correction (0 — 1) and
consolidation (1 — 1).

Rayn,i—1(Poss) = Kis1(Posss — ),

where Ky—1 > 0 and K;_,; < 0 are scaling factors, and
0 is a threshold that determines the learning state. When
Py, > 6, the model focuses on correcting errors; other-
wise, it focuses on consolidating its correct responses.

Negative Trajectories (j = 0): The dynamic penalty is
proportional to the perceived difficulty Fy_, ..

Rayn,i—0(Poss) = Kiso - Poss, 1€ {0,1}  (5)

where K19 > 0 and Kg_o < 0. This design adjusts the
penalty’s magnitude according to the task difficulty. When a
task is difficult, it lessens the relative penalty for 1 — 0 tra-
jectories, preventing excessive penalties from discouraging
the model from sampling trajectories where C(y1,y*) = 1.

i€{0,1} (4
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Figure 3: Overview of AdaPO framework. First, a policy model generates a two-part trajectory consisting of direct response
and self-evaluation. The ARM then computes rewards that are dynamically adjusted based on a verifier’s assessment of the first
response’s accuracy, determining whether the model is in Error Correction or Consolidation training state. Finally, the training
objective is calculated by combining advantage with reward-aware KL loss, which assigns constraints to each response.

We use grid search to determine the State Change Threshold
0.

Base Reward Design: The base rewards Ry, provide
a stable foundation for the reward structure. Rpase, 151 =
7zbase,OHl and 7?fbase,lﬁO = Rbase,OHO‘ We set 7zbase,l%l +
Rdynamic,l—ﬂ and Rbase,0—>1 +Rdynamic,0—>1 to be Stl‘iCﬂy pos-
itive, and the rewards for negative trajectories to be negative,
ensuring a clear incentive structure.

Reward-Aware Dynamic KL To stabilize the two-stage
training process, we apply independent and dynamically ad-
justed KL divergence constraints to the generation of the ini-
tial and revised responses. The objective function 7 (6) of
GRPO is modified as follows:

Eqy [ﬂQD(I?)L

T(8) = Ermr [A(T)] — E [5:D)] —
1) _

where A(7) represents the trajectory advantage, and D, =

Dicr[mo(|a) || mres (o)) and Dgy = Dicr[mo(-la.1n) |
Tref(-|q,y1)] are the KL divergences for the first and sec-
ond stages, respectively. The dynamic penalty coefficients,
(1 and s, are functions of the difference between the pri-
mary positive trajectory rewards:

51 = max ((RO*):[ — R1H1) : )\» 0) + Bbase (7)
52 = max ((Rl%l — R()*ﬂ) . )\, 0) + Bbase (8)

Here, A\ > 0is arescaling factor, and Sy is @ minimum reg-
ularization value. This mechanism automatically allocates

] (6)

the regularization budget based on the current learning ob-
jective, which can be either error correction or consolida-
tion:

Focus on Error Correction: When Ro_.; > Ri1_1, £1
increases, thereby constraining the policy update for the ini-
tial response to prevent it from intentionally generating er-
rors.

Focus on Consolidation: When R{_,; > Rg_1, 2 in-
creases, which constrains the policy update for the revised
response to prevent it from overfitting to simple repeat.

Flexibility of AdaPO

The core design of AdaPO, which integrates an Adaptive
Reward Model (ARM) with reward-aware dynamic KL reg-
ularization, enhances the model’s self-assessment capabili-
ties while improving training efficiency and stability. In this
section, we elaborate on this flexibility from the perspectives
of its dynamic nature and its single-stage training process.

Dynamically Balancing Self-Evaluation Objectives To
resolve the conflict between the objectives of “error correc-
tion” and “correctness consolidation”, AdaPO leverages the
task proficiency metric Py_,.(g) to jointly modulate the re-
wards and KL penalties. When the model is not proficient
on a task (i.e., Py« (g) is high), the system increases the
reward for error correction, Ry_,1, and concurrently raises
the KL penalty (3, for the initial response to suppress “inten-
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tional error-making”:

fr < (Ros1 — Ris1) )

Conversely, once the model becomes proficient (Py_,.(q) is
low), the focus shifts to increasing the reward for consolida-
tion, R1_,1. It also increases the KL penalty 35 for the re-
vised response to prevent ’learning stagnation” and encour-
age deeper self-reflection:

B2 (R1—>1 - R0—>1) (10)

Single-Stage Automated Training Through its inherent
adaptability, AdaPO transforms the conventional staged
training paradigm into a fully automated, instance-level,
single-stage process.

For each query ¢ within a training batch, the optimiza-
tion objective is determined on-the-fly based on the model’s
current proficiency Py_,.(q). This implies that within a sin-
gle gradient update, the model might simultaneously learn
to correct errors for a query ¢, (due to a high Py_,.(q,)) and
to consolidate correct answers for another query ¢; (due to a
low Py« (qy)). The entire training process can be viewed as
an adaptive curriculum learning, driven by the policy itself:

j(et) = Equ [E‘rwﬂet [A(Tv PO—>*(q7 7T9t))] - EKL(atv q)]

(1)
Here, both the advantage function A and the KL penalty
term Lxr, are indirectly dependent on the performance of
the current policy my, on the given query, as measured
by Py_«(q,mp,). This intrinsic feedback loop enables the
model to automatically and smoothly adjust its learning fo-
cus based on its own progress on various sub-tasks, without
requiring any manual intervention. Consequently, AdaPO
significantly enhances both training efficiency and the per-
formance of the final model.

Experiment
Experiment Settings

Datasets. We evaluate our method on a total of 8 bench-
marks. Specifically, we use the training sets from MM-
EUREKA, MMKI12(Meng et al. 2025) and ThinkLite-
VL(Wang et al. 2025) to train our models. Our bench-
marks includes Mathematics: MathVista(Lu et al. 2023),
MathVerse(Zhang et al. 2024a), MathVision(Wang et al.
2024a), WeMath(Qiao et al. 2024); Multi-Domain Tasks:
MMStar(Chen et al. 2024), AI2D(Kembhavi et al. 2016),
MMMU-Pro(Yue et al. 2024b), MMMU(Yue et al. 2024a).
Detail in Appendix.

Baselines. To comprehensively evaluate the effectiveness
of the AdaPo method, we benchmark it against three
categories of baseline methods: Direct Prompting on
Base Model; SFT Based Methods: standard SFT on the
dataset, STaR(Zelikman et al. 2022) ; RL Based Methods:
GRPO(Guo et al. 2025), SCoRe(Kumar et al. 2024). We
also selected a range of both open-source and Closed-Source
General and Reasoning LLMs as baselines: Claude 3.7
Sonnet, GPT-4o(Hurst et al. 2024), Gemini2- Flash(Team
et al. 2023), SEED-1.5-VL(Team et al. 2023), InternVL-2-
8B, InternVL-2.5-8B(Wang et al. 2024b), Qwen2.5-VL-3B,
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and Qwen2.5-VL-7B(Bai et al. 2025), MM-EUREKA-7B,
MM-EUREKA-8B(Meng et al. 2025), R1-VL-7B(Zhang
et al. 2025), R1-OneVision-7B(Yang et al. 2025), OpenVL-
Thinker-7B(Deng et al. 2025), Vision-R1-7B(Huang et al.
2025).

Metrics. We use four metrics to evaluate the model’s ca-
pabilities: direct response accuracy (acc@tl), accuracy after
self-evaluation (acc @t2), Effective Correction Rate (My_,1)
for correcting initial errors, and Evaluation Misjudgment
Rate (M;_,¢) for erroneously changing a correct answer.

Implementation details. To train and test the model’s
self-evaluative capability, we set the self-evaluation prompt
as “There might be an error in the solution, please evalu-
ate the previous solution and provide a final answer.” More
implementation details in Appendix.

Performance of Different Training Methods
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Figure 4: Performance Comparison on the Multi-turn
Correction Task. The size of bubble indicates the magni-
tude of accuracy change (|Agcc|). Our method (starred) out-
performs all baselines by substantially reducing the M;_,q
rate and delivering the highest overall accuracy gain.

To verify AdaPo can simultaneously enhance the model’s
first-round and second-round accuracy while improving its
self-evaluation capabilities, we conducted an experiment as
shown in Figure 4 and Table 1. We trained the Qwen2.5-VL-
7B(Bai et al. 2025) model on the same dataset using differ-
ent training methods and validated its performance across
eight different benchmarks.

Obs.® SFT-based training methods fail to learn ef-
fective self-evaluation capabilities. As shown in Figure 4,
SFT-based methods exhibit a high M;_,( rate (greater than
7%), and their second-round accuracy decreases, indicating
an inability to correctly judge their direct responses and a
lack of self-evaluation capability.

Obs.® Staged RL Training Methods can improve the
model’s self-evaluation capability but at the cost of re-
duced direct response accuracy. As seen in Figure 4, the
SCoRe method has a low Mj_,(, indicating self-evaluation
capability. However, as shown in Table 1, SCoRe’s acc@tl
is lower than GRPO algorithm, signifying a clear loss in di-
rect response performance.



Method MathVista MathVerse MathVision WeMath

acc@tl acc@t2 A acc@tl acc@t2 A acc@tl acc@t2 A acc@tl acc@t2 A
Base 68.2 60.0 -8.2  48.6 47.9 0.7  25.1 25.9 +0.8 62.1 57.8 -4.3
SFT 64.8 53.9 -109 41.1 419 +08 219 20.6 -1.3  55.9 55.6 -0.3
STaR 66.5 62.5 -4.0  46.6 46.0 0.6 237 23.9 +0.2 61.9 51.1 -10.8
GRPO 70.6 71.1 +0.5 52.3 51.5 -0.8 274 26.3 -1.1 68.8 65.7 -3.1
SCoRe 69.4 70.7 +1.3  42.1 446 425 23.7 249 +12 604 68.0 +7.6
Ours 71.0 74.0 +3.0 532 55,0 +1.8 279 29.6 +1.7 69.1 73.4 +4.3
Method MMStar AI2D MMMU-Pro MMMU

acc@tl acc@t2 A acc@tl acc@t2 A acc@tl acc@t2 A acc@t]l acc@t2 A
Base 63.9 56.1 -7.8  83.9 719 -120 36.9 32.4 -4.5 54.3 49.4 -4.9
SFT 61.7 57.4 -43  81.3 76.9 -44 354 34.3 -1.1 47.4 41.8 -5.6
STaR 61.4 57.7 3.7 79.5 75.5 -4.0 349 32.4 2.5 51.2 48.7 2.5
GRPO 64.5 63.1 -1.4  80.5 80.9 +04 37.6 35.4 2.2 543 52.5 -1.8
SCoRe 61.7 63.3 +1.6 80.6 79.5 -1.1 36.7 37.8  +1.1 39.4 45.3 459
Ours 65.0 674 +24 81.6 85.5 +3.9 38.8 402 +14 544 56.8 +2.4

Table 1. Comprehensive multi-round performance comparison. We report accuracy for the direct response (acc@tl), the self-
evaluation (acc@t2), and the performance change (A = acc@t2 - acc@t1). Our method (in gray) shows strong performance in
direct response and consistent improvement. The best result per metric is bolded. The results are continued in the next table.

Obs.® AdaPo can simultaneously improve both the
model’s direct response accuracy and its self-evaluation
capability. As shown in Figure 4, the AdaPo method
achieves the lowest Mj_,q, accurately identifying correct
first-round responses and thus exhibiting the best self-
evaluation capability. Furthermore, as detailed in Table 1,
AdaPo achieves a higher acc@t1 than the GRPO method on
most benchmarks, and its acc@t2 shows a significant im-
provement over its acc@tl.

Comparison with Different Models

To verify the training effect of AdaPo, we conducted a com-
prehensive comparison with various models, as shown in Ta-
ble 2. Due to their limited self-evaluation capabilities, their
final answers all show a decline in accuracy. We report the
accuracy of their initial direct responses(acc@tl). In con-
trast, for our method, we use the accuracy from its second,
refined round(acc @t2).

Obs.® AdaPo’s final results achieve the best perfor-
mance compared to open-source models of the same
size. As shown in Table 2, the models fine-tuned using the
AdaPo method based on Qwen2.5-VL-7B and Qwen2.5-
VL-3B achieved the best performance on multiple bench-
marks compared to open-source models of the same size.

Performance of AdaPo on Different Models

To verify the generality of the AdaPo method, we conducted
experiments on multiple models. As shown in Figure 5, we
selected several representative methods to train the Qwen2-
VL-2B and Qwen2-VL-7B models and report their average
accuracy on 8 benchmarks.

Obs.® AdaPo achieves superior training performance
across a variety of models. Figure 5 illustrates that across
different model scales (Qwen2-VL-2B and Qwen2-VL-7B),
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Figure 5: Comparison of the average accuracy(acc@tl and
acc@t2) on benchmarks for Qwen2-VL series models.

AdaPo demonstrates superior performance, attaining the
highest acc@tl and acc@t2 accuracy. After fine-tuning,
models trained with other methods exhibit a degradation in
performance from acc@tl to acc@t2, signifying an absence
of self-evaluation capabilities. Conversely, the AdaPo-tuned
model displays a clear enhancement in acc@t2 over acc@tl1,
indicating its robust capacity for self-evaluation.



Model MathVista MathVerse MathVision WeMath MMStar AI2D MMMU-Pro MMMU
Closed-Source MLLMs
Claude3.7-Sonnet 66.8 52.0 41.3 72.6 68.8 82.1 51.5 68.3
GPT-0l 73.9 57.0 60.3 98.7 67.5 79.5 62.4 78.2
Gemini2-flash 70.4 59.3 41.3 71.4 - - 51.7 70.7
Seed1.5-VL 85.6 - 68.7 - 77.8 88.5 67.6 77.9
GPT-40 63.8 50.2 30.4 68.8 64.7 84.6 51.9 69.1
Open-Source General MLLMs
InternVL2-8B 58.3 22.8 174 47.2 62.0 83.8 29.0 51.2
InternVL2.5-8B 64.4 39.5 19.7 53.5 62.8 84.5 34.3 56.0
QwenVL2-7B 58.2 19.7 16.3 51.6 60.7 83.0 30.5 54.1
Kimi-VL-16B 68.7 44.9 21.4 - 61.3 84.9 - 55.7
Qwen2.5-VL-3B 62.3 47.6 21.2 56.3 55.9 81.6 31.5 46.0
Qwen2.5-VL-7B 68.2 49.2 25.1 62.1 63.9 83.9 36.9 54.3
Open-Source Reasoning MLLMs

MM-Eureka-8B 67.1 40.4 22.2 55.7 - - 27.8 49.2
RI1-VL-7B 63.5 40.0 24.7 53.8 60.0 - 7.8 44.5
R1-Onevision-7B 64.1 46.4 23.5 61.8 - - 21.6 -
OpenVLThinker-7B 70.2 47.9 25.3 64.3 - - 37.3 52.5
Vision-R1-7B 73.5 52.4 27.2 62.9 61.4 - 37.7 54.7
MM-Eureka-7B 73.0 50.3 26.9 66.1 - 37.6 55.2
Ours-AdaPo-3B 68.3 47.7 26.5 65.8 57.3 81.9 33.7 50.6
Ours-AdaPo-7B 74.0 55.0 29.6 73.4 67.4 85.2 40.2 56.8

Table 2. A comprehensive comparison of our model against various latest closed-source and open-source Multimodal Large

Language Models (MLLMs) on 8 benchmarks.

Method Avg. Acc@tl Avg. Acc@t2 A
Ours (Full Model) 57.6 60.2 +2.6
w/o component:

— ARM 55.1 53.8 -1.3
— Reward Aware KL 56.2 58.6 24
— hybrid data filter 54.3 57.5 3.2

Table 3. Ablation study of our proposed method. We report
the average accuracy before and after.

Ablation Studies

To validate the contribution of each component in AdaPo,
we designed the following ablation studies and report their
average accuracy on 8 benchmarks: @ Effect of ARM: To
isolate the impact of the Adaptive Reward Modeling (ARM)
module, we removed it and trained the model using only the
base reward in the multi-turn dialogue training. @ Effect of
Reward-Aware KL: We investigated the role of the Reward-
Aware KL penalty. ® Effect of Data Filtering: We evaluated
the impact of our data filtering strategy, which includes both
on-policy and off-policy data selection. Further details on
this process are provided in the Appendix.

Obs.® ARM enhances the model’s self-correction ca-
pability. As shown in Table 3, with the use of same reward,
Avg.acc@t2 exhibits a significant decrease. The model tends
to learn to maintain direct responses, which is a simpler re-
sponse pattern.

Obs.®@ Reward Aware KL constrains the model from
learning the erroneous of direct response. As shown in
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Table 3, without Reward Aware KL, the acc@tl shows a
certain degree of decrease, and the A between acc@t1 and
acc@t2 also exhibits a reduction.

Obs.®Data filtering can improve training efficiency
and model performance. As shown in Table 3, after train-
ing with the full dataset, the model’s performance instead
suffers a certain loss. Data filtering strategies effectively
eliminate redundant and harmful training data.

Conclusion

In this paper, we introduce AdaPO, an adaptive policy opti-
mization framework designed to resolve the conflicting ob-
jectives inherent in training LMMs for self-evaluation. Our
analysis shows that static reward functions result in reward
hacking, which either impairs the model’s CoT reasoning or
prevents it from improving self-evaluation capability. By in-
troducing Adaptive Reward Model and Reward-Aware Dy-
namic KL Regularization, AdaPO dynamically adjusts its
training objective based on the model’s real-time perfor-
mance, effectively mitigating issues like reward hacking and
training instability. AdaPO integrates the training into an au-
tomated, single-stage process, addressing a key limitation of
previous multi-stage methods. Extensive experiments across
eight benchmarks show that AdaPO outperforms existing
methods, achieving significant improvements in both initial
response accuracy and self-evaluation capabilities. Our ap-
proach allows LMMs to maintain a balance between error
correction and consistency preservation. AdaPO’s ability to
autonomously adjust its training focus makes it a scalable
solution for stable self-evaluation in complex, multimodal



reasoning tasks, offering a promising direction for future re-
search in reinforcement learning for self improvement.
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