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Abstract

Self-improvement has emerged as a main-
stream paradigm for advancing the reasoning
capabilities of large vision—language models
(LVLMs), where models explore and learn
from successful trajectories iteratively. How-
ever, we identify a critical imbalance during
this process: the model readily generates high-
quality trajectories for simple queries (i.e., head
data) but struggles with complex ones (i.e.,
tail data). This bias drives the optimization
to disproportionately prioritize simple reason-
ing skills, while inhibiting the acquisition of
complex capabilities. As iterations progress,
this imbalance becomes more acute—a dy-
namic we term the “Matthew effect”!, ulti-
mately stalling performance gains. To miti-
gate this, we approach head-tail re-balance dur-
ing the exploration-and-learning process from
two perspectives: distribution-reshaping and
trajectory-resampling. Extensive experiments
on Qwen2-VL-7B-Instruct and InternVL2.5-
4B models across visual reasoning tasks demon-
strate that our methods consistently improve
visual reasoning capabilities, outperforming
vanilla self-improvement baselines by an av-
erage of 3.86 points.”

1 Introduction

Large vision language models (LVLMs) have
demonstrated impressive reasoning capabilities
across complex multimodal tasks (Bai et al., 2025;
Zhu et al., 2025). While supervised fine-tuning
(SFT) can further improve model performance,
its potential is limited by the scarcity of large-
scale, high-quality annotated datasets (Zhang et al.,
2025b; Peng et al., 2025).
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Figure 1: Matthew effect in self-improvement of
LVLMs over iterations and our re-balanced solution.
Dark areas illustrate the imbalanced distribution in
vanilla self-improvement, where dominant head and
narrow tail become more severe over iterations. Light
areas depict re-balanced self-improvement—our meth-
ods for counteracting Matthew effect by reducing the
head and augmenting the tail.

In response, self-improvement has emerged as a
promising paradigm, enabling LVLMs to iteratively
explore and learn from successful trajectories with-
out reliance on manual annotation (Huang et al.,
2023; Deng et al., 2024; Wang et al., 2025a). This
approach fosters better alignment of the distribu-
tions between self-generated and real-world data
(Jiang et al., 2025). However, our preliminary ex-
periments reveal that self-improvement with vary-
ing sampling numbers K encounters severe perfor-
mance bottleneck—or even degradation—in visual
reasoning scenarios (§3.2).

We delve into this process (§3.3) and uncover
the root cause as a significant imbalance in the dis-
tribution of self-generated successful trajectories
(Dohmatob et al., 2024; Ding et al., 2025). Specifi-
cally, simple samples (i.e., head data) overwhelm-
ingly dominate the distribution, while complex
samples (i.e., tail data) remain underexplored. As
illustrated in Figure 1, this imbalance exacerbates
over iterations: the dominant head expands fur-
ther while the narrow tail is increasingly marginal-
ized, which we term the “Matthew effect” (Merton,
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1968). Our analysis further reveals that this effect
manifests as a worsening imbalance across diffi-
culty levels (Tong et al., 2024; Xue et al., 2025)
and a tendency towards shorter, simpler responses
(Wang et al., 2023), ultimately leading to perfor-
mance degradation.

To counteract this, we propose a methodologi-
cal framework for head-tail re-balancing (§4)—in-
spired by Kong et al. (2025) and Xi et al.
(2024)—which are categorized into two comple-
mentary perspectives: distribution-reshaping and
trajectory-resampling. Regarding distribution-
reshaping, we introduce threshold clipping, which
truncates successful trajectories beyond a thresh-
old pg per query to suppress head dominance, and
repeat-based padding, which equalizes frequency
of all queries through repetition to augment tail
data. In terms of trajectory-resampling, we en-
hance diversity through two distinct mechanisms:
adaptive-weighted resampling, which dynami-
cally adjusts resampling weights based on fail rates
(Tong et al., 2024), and guided resampling, an
efficiency-oriented strategy for tail data that initial-
izes reasoning from varying intermediate steps.

We conduct experiments on visual reasoning
tasks using Qwen2-VL-7B-Instruct (Wang et al.,
2024a) and InternVL2.5-4B (Zhu et al., 2025) mod-
els with sampling configurations of K = 8 and
K = 16, respectively (§5). Empirical results
demonstrate that our methods effectively mitigate
Matthew effect in visual self-improvement through
head-tail re-balancing, yielding significant perfor-
mance gains over standard baselines.

Our contributions are summarized as follows:

* We systematically identify and analyze the crit-
ical performance bottlenecks in the interactive
exploration and learning process of LVLMs, re-
vealing the imbalance head-tail distribution and
Matthew effect over iterations.

* To address this, we propose a methodological
framework for head-tail re-balancing, which inte-
grates four strategies from distribution-reshaping
and trajectory-resampling perspectives.

* We conduct comprehensive experiments across
multiple models and tasks, validating that our
approach effectively counteracts the Matthew ef-
fect and consistently enhances visual reasoning
capabilities.

2 Related Work

2.1 Self-improvement in visual reasoning.

LVLMs have demonstrated remarkable perfor-
mance across various visual reasoning scenarios
(Bai et al., 2025; Zhu et al., 2025), where self-
improvement approaches have been widely em-
ployed (Yang et al., 2023; Deng et al., 2024; Wang
et al., 2025a).

Among these, self-critic (Wang et al., 2025a) and
self-correction (Ding and Zhang, 2025; Wu et al.,
2025a; Cheng et al., 2025) emerge as prevalent op-
timization strategies. Prior work typically relies
on separate critic models for error detection and
correction, which requires substantial additional re-
sources (Sun et al., 2025; Xiong et al., 2025; Zhang
et al., 2025a). In contrast, Wang et al. (2025a) intro-
duce a unified model that simultaneously generates
responses and performs self-critic to refine. Sim-
ilarly motivated, Ding and Zhang (2025) propose
Sherlock to selectively revise erroneous segments
in reasoning trajectories. Moreover, to enhance
data efficiency, many studies employ direct pref-
erence optimization (DPO) in self-improvement
(Deng et al., 2024; Wang et al., 2025a; Tanji and
Yamasaki, 2025). However, these works lack a
thorough exploration of the iterative process.

In this paper, we focus on the essence of vanilla
self-improvement and propose targeted and effec-
tive strategies to enhance its performance.

2.2 Distribution bias in self-generated data.

Previous work has identified biases sampling and
head-tail imbalance in self-improvement sampling
process (Shumailov et al., 2024; Dohmatob et al.,
2024) and addressed them by increasing the propor-
tion of difficult queries through adaptive-weighted
(Tong et al., 2024; Xue et al., 2025; Kong et al.,
2025) and guided (Ding et al., 2025) sampling
methods. However, these studies primarily focus
on text-based reasoning while lacking thorough in-
vestigation into visual scenarios. While SynthRL
(Wu et al., 2025b) enhances the distribution bal-
ance by rewriting queries on visual reasoning tasks,
it does not delve into the iterative process.

Instead, we conduct an in-depth investigation
into the observable performance and underlying
properties of LVLMs during self-improvement, re-
vealing similar distribution bias. To this end, we
introduce four re-balancing strategies, effectively
mitigating the Matthew effect and achieving signif-
icant performance improvements.
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Figure 2: Performance bottlenecks and distribution characteristics in self-improvement. (a) Phenomenon of
performance bottlenecks under different sampling numbers K. (b) Comparison of difficulty level distributions
between original and self-generated data, ranging from level 1 (easiest) to level 5 (most difficult). (c) Differences in
response length distributions between original and self-generated data, with dashed lines indicating mean values.

3 “Matthew Effect” in Self-improvement

While existing research has explored self-generated
data, the self-improvement process in visual sce-
narios remains underexplored. Therefore, we delve
into this process to uncover its intrinsic properties.

3.1 Formulating Self-improvement

In this paper, we formulate the vanilla self-
improvement as follows. Given a model My,
a training dataset Dpase = {(¢, ai)}i]\il where g;
represents the query, a; denotes the ground-truth
answer, and N is the dataset size, we define the
initial model as My = My, and the number of
iterations as 7. At each iteration ¢ € [1,77], the
self-improvement sequentially performs three key
stages: exploration, filtering, and learning.

Exploration. At iteration ¢, for each query ¢; €
Dease; the model M;_; generates K different
responses {fl(t,z}l{.{:l, where 721(2 ~ Mi_1(-|q)-
Therefore, the sampled dataset is represented as

D = (@710 |1 <i < N 1<k <K}
Filtering. To obtain high-quality training data,
we define a binary reward function as

(t)

where a; ;. is the answer extracted from response
bl

fftg . Using it, we obtain the filtered dataset:

Dl = {(a.71)) € DL oie |7 f (i, ai,6) = 1.

Learning. At iteration ¢, the model M} is trained
by fine-tuning the base model My, on the filtered

dataset Dt(:a)in = Dgzer. The objective is to mini-

mize the negative log-likelihood:

||

Lt = —E, )p® > log P(rjlg,r<j; My) -
Jj=1

train <

Through T iterations of this process, the model
continuously generates higher-quality responses,
which in turn enhances its performance in the next
iterations, thereby achieving self-improvement.

3.2 Plateaus in Varying Sampling Numbers

First, to reveal the impact of sampling num-
ber K, we conduct experiments over five self-
improvement iterations with varying value of K.
Figure 2a uncovers two key observations: (1)
Different K exhibits similar performance trends
during self-improvement: notable improvements
in early iterations, rapid convergence to perfor-
mance bottlenecks, and even declining trends (e.g.,
K = 16) in later iterations; (2) Sampling num-
ber plays a dominant role in the first iteration,
where higher sampling number leads to better per-
formance; while in later iterations, sampling num-
ber has virtually no impact on performance. For
instance, at iteration 1, the K = 16 model outper-
forms the K = 4 model by 3.89 points on the test
set. While at iteration 5, the K = 16 model even
performs 0.39 points worse than the X' = 4 model.

3.3 Imbalance in Self-improvement

To figure out the bottlenecks of self-improvement,
we then analyze the distribution of self-generated
data (Tong et al., 2024; Ding et al., 2025).

Differences between original and self-generated
data. To characterize the properties of self-
generated data, we first compare it with the original
data from two dimensions: difficulty and length.
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Figure 3: Matthew effect over iterations. (a) Matthew effect in the distribution of data in Dy, with different
accuracy under the setting of K = 4. (b) Trends in average response length (i.e., number of tokens) across iterations
under different sampling numbers K. (¢) Matthew effect in average response length for data of different difficulty
levels across iterations under the setting of K = 8, where difficulty increases progressively from level 1 to level 5.

o Imbalanced difficulty distribution. As shown
in Figure 2b, the difficulty distribution (see Ap-
pendix A for difficulty level categorization) dif-
fers markedly between the original and self-
generated data, revealing a “dominant head and
narrow tail” pattern. While original data exhibits
balanced difficulty distribution, self-generated
data suffers from severe imbalance, with easy
samples (level 1) comprising 51.1% of the total
and difficult samples (level 5) nearly absent.

» Shorter average response length. As revealed
in Figure 2c, self-generated responses are sig-
nificantly shorter than original ones (averaging
277 tokens vs. 395 tokens), with some extremely
short responses (<10 tokens) lacking CoT rea-
soning. This suggests that self-generated data
is prone to producing abbreviated reasoning pro-
cesses, including instances that deliver conclu-
sions directly even under CoT prompting.

Matthew effect over iterations. Further, we in-
vestigate distribution shifts during the iterative pro-
cess. To begin with, we analyze how queries with
different accuracy are distributed in self-generated
data. Results in Figure 3a indicate that through-
out iterations, well-mastered data (with 100% ac-
curacy) occupies an increasing proportion, while
poorly-performed data (with 25% accuracy) is
gradually squeezed out of the training dataset
Dirain—=a phenomenon we term the “Matthew ef-
fect”. Given that high-accuracy queries account
for more samples, the diminishing proportion of
difficult tail becomes even more severe, limiting
the self-improvement performance ceilings.

Next, we analyze response length changes dur-
ing the iterative process. As shown in Figure 3b, av-
erage response length consistently declines across
iterations, while higher sampling number mitigates
this degradation. To delve deeper, we compare

average response length across various difficulty
levels over iterations. Figure 3c reveals three key
observations: (1) Simple data (level 1) maintains
relatively stable response length during iterations,
showing minimal degradation. (2) Difficult data
(level 5) suffers the most severe length degradation,
with a dramatic reduction of 56.5%. (3) At iter-
ation 1, the higher the difficulty level, the longer
the response length; however, this trend completely
reverses by the fifth iteration, with difficult data
generating the shortest responses of merely 136
tokens. These findings suggest that Matthew effect
manifests in response length as well—simple data
requiring shorter responses maintains appropriate
length, whereas difficult data requiring longer re-
sponses undergoes significant degradation. For a
more detailed analysis, please refer to Appendix B.

4 Methodology

To alleviate the phenomenon of Matthew effect,
we propose four effective re-balanced strategies
from two perspectives: distribution-reshaping and
trajectory-resampling.

Regarding distribution-reshaping, motivated by
under-sampling and over-sampling in machine
learning (Mohammed et al., 2020), we propose two
intuitive strategies. On one hand, we reduce the
quantity of head to increase the proportion of tail
samples, introducing the Threshold Clipping (TC)
strategy. On the other hand, we directly augment
the number of tail through repetition, proposing the
Repeated-based Padding (RP) strategy.

From trajectory-resampling perspective, we also
propose two strategies. The first is Adaptive-
weighted Resampling (AR), which dynamically
adjusts resampling weights based on fail rate. The
second is Guided Resampling (GR), which initial-
izes model exploration from varying intermediate
reasoning steps (Xi et al., 2024; Ding et al., 2025).
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4.1 Distribution Reshaping

Threshold clipping. Adopting the philosophy
of “less is more”, we propose threshold clipping,
which increases the proportion of tail by reducing
the number of head.

Specifically, threshold clipping sets a threshold
po and randomly truncates responses to limit each
query to at most pg correct responses. Formally,
at iteration ¢, instead of using the filtered dataset
directly, we train the base model My, 0On the
following dataset:

Dt(:a)in—TC = {(qiv Az(,tlz) € Di(ilizer ‘ k < ,00} :
Repeat-based padding. Moreover, we consider
increasing the quantity of tail directly and introduce
repeat-based padding to enforce balanced data dis-
tribution.

Specifically, repeat-based padding ensures that
all queries appear with equal frequency K in the
next training dataset. To achieve this, queries with
insufficient correct samples are padded through
repetition. Formally, at iteration ¢, the training
dataset is expressed as follows:
p® = {(g:, 70

train-RP i, k mod n;

where n; is the number of #; , that is, the number
of correct responses out of K sampling for ¢; .

4.2 Trajectory Resampling

Adaptive-weighted resampling. However,
merely reshaping data distribution yields limited
benefits. As excessive duplication may reduce data
diversity and trigger overfitting, we additionally
employ resampling strategies to enhance the
proportion of tail. Drawing inspiration from
the “pass rate” (Team et al., 2025) and “fail
rate” (Tong et al., 2024) metrics, we propose
adaptive-weighted resampling, which dynamically
adjusts the resampling weights for each query
based on its fail rate.

Specifically, for a query with n; successful tra-
jectories out of K samples, we perform K — n;
additional resampling operations. This hierarchi-
cal resampling assigns more weight to tail data,
thereby increasing their proportion. Formally, at
iteration ¢, model M;_; generates K — n; new

(t) K—n;

responses {7‘Z itiy = for each query ¢; € Dyase,

where 7‘2(2 ~ M;_1(-|gi). Then we obtain the re-

sampled and refiltered datasets:

pY {(a @) 11 <i<N1<k <K —n;)

resample-AR

)GDﬁlter‘lgkgK}a

t J(t t < (t
Dl herar = {007 0) € DWpie-ar | 7f (a1 ai,a)) = 1},

and finally merge into the training dataset:

Dt(:el)in—AR = Df(itit)er U Dr(;f)ilter—AR '
Guided resampling. Nevertheless, adaptive-
weighted resampling is essentially brute-force sam-
pling with limited efficiency improvements. To this
end, we propose guided resampling—a novel re-
sampling strategy that initializes model exploration
from various intermediate reasoning steps.
Specifically, the model exploits guided signals to
achieve efficient resampling, starting its reasoning
process from different intermediate reasoning steps.
This strategy enables the model to navigate toward
promising trajectories within the vast exploration
space, while facilitating progressive learning of
complex reasoning processes. Formally, for each
successful trajectory of the tail 7; € Dgizer, we
decompose it into S steps 71y, -+ - , (5. Gener-
ated by 7;(5) ~ Mi_1(-gi, Fi(<s))» the resampled
dataset is expressed as:

Dr(etzample—GR = {(infgfls),wfg(tzxk) | 1<k< ni, 1 <5< S} .

Similar to adaptive-weighted resampling, we obtain
the refiltered and training dataset.

5 Experiments

5.1 Experimental Setups

Datasets. We adopt MMPR (Wang et al.,
2024b)—a multimodal reasoning dataset derived
from multiple sources—as our primary dataset.
From it, we randomly extract 7,980 mathematical
reasoning samples (Lu et al., 2021; Cao and Xiao,
2022; Seo et al., 2015) to construct a curated subset,
MMPR-mini, with details presented in Appendix A.
Besides, we also extend our evaluation to science
and more reasoning tasks, with results presented in
Section 6.3. For out-of-domain (OOD) evaluation,
we further utilize MathVerse (Zhang et al., 2024)
and We-Math (Qiao et al., 2024) datasets.

Models. We employ two widely-used LVLMs as
our base models: Qwen2-VL-7B-Instruct (Wang
et al., 2024a) and InternVL2.5-4B (Zhu et al.,
2025). All analytical experiments in Section 3 are
conducted on Qwen2-VL-7B-Instruct. Following
the paradigm of Zelikman et al. (2024), we initial-
ize from the base model instead of a further SFT
model, and restart training from this base model at
each iteration.
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In-domain Out-of-domain Ave.
Models K Method MMPR-mini  MathVerse We-Math
final opt. final opt. final opt. final opt.
w/o self-improvement 23.71 22.46 47.36 31.18
© vanillaself-improvement 4279  43.04 27.79 28.93 5236 52.93 40.98 41.31
TC (threshold clipping) 44.67 44.67 28.55 29.06 52.13 52.76 41.78 41.78
8  RP (repeat-based padding) 45.67 46.42 30.08 30.08 52.59 52.59 42.78 42.78
AR (adaptive-weighted resampling)  45.67 45.67 28.93 28.93 52.82 52.82 4247 42.47
Qwen2-VL-7B GR (guided resampling) 45.80 45.80 27.28 2830 5391 53.91 4233 42.33
~ vanillaself-improvement ~ 43.04 43.66 2830 2830 52.76 52.76 41.36 41.36
TC (threshold clipping) 4592 4592 28.68 28.68 52.70 52.76 42.43 42.43
16 RP (repeat-based padding) 47.05 47.05 28.30 30.33 51.49 52.70 42.28 42.56
AR (adaptive-weighted resampling) 43.41 43.41 2855 2893 5391 5391 41.96 41.96
GR (guided resampling) 47.68 47.68 29.95 29.95 54.20 54.20 4394 43.94
w/o self-improvement 47.55 29.31 48.10 41.66
~ vanillaself-improvement  64.62 64.62 20.95 33.12 5040 5259 48.32 48.80
TC (threshold clipping) 63.99 6399 3236 33.12 51.72 53.28 49.36 49.77
8  RP (repeat-based padding) 67.13 68.13 31.98 3198 50.86 52.87 49.99 50.54
AR (adaptive-weighted resampling) 66.25 66.25 30.33 31.85 50.75 52.41 49.11 49.11
InternVL2.5-4B GR (guided resampling) 67.50 67.50 33.12 33.12 51.90 54.20 50.84 50.84
~ vanillaself-improvement ~~ 66.75 66.75 31.60 33.63 50.46 52.30 49.60 50.57
TC (threshold clipping) 64.74 64.74 30.33 33.38 48.74 50.57 4794 48.99
16  RP (repeat-based padding) 71.64 71.64 3261 34.14 5132 53.33 5186 51.86
AR (adaptive-weighted resampling) 64.99 64.99 30.58 33.25 51.67 51.78 49.08 49.46
GR (guided resampling) 67.63 67.63 31.09 3198 51.38 52.70 50.03 50.03

Table 1: Main results. The best result for each setting is in bold, while the second-best is marked with underline.
“Final” indicates the final performance, and “opt.” indicates the optimal performance across all iterations.

Implementation details. All experiments are  at K = 16 improves by merely 0.05 points. Given

conducted on 8 A100-80GB GPUs using SWIFT
(Zhao et al., 2025) framework for training and
vLLM (Kwon et al., 2023) framework for sam-
pling and testing. We set the number of self-
improvement iterations 7' = 5 and focus on the
sampling number K = 8 and K = 16. For train-
ing, we use a learning rate of 3 x 10~ and train for
1 epoch to avoid overfitting. For sampling, we set
the temperature to 0.7 with maximum 4096 new
tokens. While for testing, the temperature is set
to 0. Additionally, we configure method-specific
parameters, including threshold pg = 4 for TC and
number of steps S = 4 for GR.

5.2 Main Results

The main results are presented in Table 1, including
the final and optimal performance. Overall, our
findings are as follows:

Scaling the sampling number K shows poor
cost-efficiency in self-improvement. While
vanilla self-improvement yields substantial gains
over the base model—for instance, improving the
average performance of Qwen2-VL-7B-Instruct
by 10.13 points at a sampling number of K =
8—further increasing K proves ineffective. Com-
pared to K = 8, the optimal average performance

the doubled computational cost, such a marginal
gain is not cost-effective. These findings indicate
that blindly scaling the sampling number through
brute-force methods fails to provide the critical
breakthrough for self-improvement enhancement.

Head-tail re-balancing improves the perfor-
mance of self-improvement across various mod-
els and datasets. For more efficient enhance-
ment, re-balancing the distribution of head and
tail data throughout self-improvement achieves sig-
nificant performance gains across varying models
and datasets, particularly with RP and GR strate-
gies. For example, with Qwen2-VL-7B-Instruct at
K = 16, RP outperforms vanilla self-improvement
by 3.39 points on the in-domain test set and 1.20
points on average, while GR achieves improve-
ments of 4.02 and 2.58 points, respectively.

Moreover, comparison between final and optimal
performance shows that vanilla self-improvement
frequently exhibits suboptimal results in the final
iteration relative to its peak performance, reflect-
ing performance bottlenecks during training. In
contrast, our re-balancing strategies, especially GR,
consistently reach optimal performance in the fi-
nal iteration, demonstrating greater stability and
potential for further improvement.
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Head-tail re-balancing mitigates the Matthew
effect in self-improvement. As shown in Fig-
ure 4, our proposed strategies effectively alleviate
the imbalanced difficulty distribution in successful
trajectories. Among them, distribution-reshaping
methods exhibit superior mitigation on Qwen2-VL-
7B-Instruct at K = 16, with RP reducing head
data proportion from 51.1% to 24.8% and boost-
ing tail data from 1.5% to 6.6%. In contrast, AR
shows limited tail data augmentation due to inef-
ficient sampling in vast solution spaces, leading
to modest performance gains. Conversely, GR fo-
cuses more on enhancing tail sample coverage and
proportion. Despite slightly less mitigation than
TC and RP, GR provides step-by-step guidance
for tail samples, enables better mastery of com-
plex reasoning trajectories, and yields substantial
performance improvements from 41.36 to 43.94.
Additional results of Matthew effect mitigation on
InternVL2.5-4B and other sampling settings are
provided in Appendix E.

Level 2 Level 5

GR 43.0 24.1 200 10.7 122

AR 43.8 275 179 89119
?
k=i RP 24.8 242 25.1 19.3 6.6
(5}
=

TC 32.7 29.8 234 11.7 = 2.5
Vanilla SI 51.1 25.0 153 7.141.5

20 40 60 80 100

Percentage (%)

Figure 4: Data distribution of difficulty levels (1=easiest,
S5=most difficult) in successful trajectories under differ-
ent strategies with Qwen2-VL-7B-Instruct at K = 16.

As shown in Table 2, our method not only
breaks through the performance bottleneck but also
achieves superior performance at the same iteration
steps. Whereas vanilla self-improvement reaches a
plateau early within the five iterations, our method
continues to improve, exhibiting a capability for
long-term performance enhancement.

Method Roundl Round2 Round3 Round4 Round5

vanilla self-improvement ~ 35.51 39.27 40.78 43.04 42.79
guided resampling 37.01 42.41 43.04 43.78 45.80

Table 2: Performance during the iterative process.

Similarly, we also observe the mitigation of
length reduction in Matthew effect, which dis-
cussed in Appendix B.

Method MMPR MathVerse We-Math Avg.
TC (po = 2) 43.91 27.66 53.10 41.56
TC (po = 4) 45.92 28.68 52.70 42.43
TC (po = 8) 43.66 29.44 52.47  41.86
“head clipping 41.78 2893 ¥ 53.10  41.27
repeat-based inverting  45.04 28.81 51.26 41.71
RP 47.05 28.30 51.49 42.28
GR (S =2) 45.80 27.79 53.33 42.31
GR(S=4) 47.68 29.95 54.20 43.94
GR (S =38) 44.67 26.65 54.08 41.80

Table 3: Final performance of re-balancing variants on
Qwen2-VL-7B-Instruct with sampling number K = 16.

6 Discussion

6.1 Ablation Study

Variants of reshaping strategies. We evaluate
various re-balancing variants, with results pre-
sented in Table 3 (upper). First, experiments
with TC reveal a trade-off in the choice of pg:
large pg inadequately alleviates data imbalance,
whereas small pg fails to ensure sufficient diver-
sity. We also explore head clipping, which re-
moves fully-correct queries (i.e., n; = K). De-
spite promising generalization capability, head clip-
ping suffers from poor in-domain performance.
Additionally, we test repeat-based inverting, a
method that retains K — n; samples for each query
¢; € Dsier and supplements the deficit through rep-
etition. Compared to RP, repeat-based inverting
yields marginally lower performance, emphasizing
the importance of data diversity.

Variants of resampling strategies. Table 3
(lower) illustrates the performance of GR under
different values of intermediate reasoning steps S.
Too small S (S = 2) results in inadequate guidance
effectiveness, while too large .S not only increases
computational cost but also limits diversity, hinder-
ing further performance gains. This highlights the
importance of selecting an appropriate value for S.

6.2 Comparison with Additional Baselines

Besides, we conduct a systematic comparison of
RL-based methods (which learn from both posi-
tive and negative samples) and self-improvement
methods (which efficiently leverage self-generated
positive samples to achieve robust performance).
As shown in Table 4, our strategies achieve compa-
rable or even superior performance.

Specifically, compared with brute-force resam-
pling, which requires K resampling, our strategies
achieve greater efficiency: AR reduces operations
to K —n; (~ 50% cost reduction), GR requires only

22110



Method MMPR MathVerse We-Math Avg.

RL-based methods

DPO (Rafailov et al., 2023) ~ 40.28 24.37 51.67 38.77
GRPO (Shao et al., 2024) 45.17 29.70 49.83 41.56
Self-improvement methods
vanilla self-improvement 42.79 27.79 52.36 40.98

brute-force resampling 43.04 28.30 52.76 41.36
777777 TC 4467 2855 0 5213 4178

RP 45.67 30.08 52.59 42.78

AR 45.67 28.93 52.82 42.47

GR 45.80 27.28 53.91 42.33

Table 4: Performance comparison with additional base-
lines on Qwen2-VL-7B-Instruct with K = 8.

1 resampling on minimal tail data, and both TC and
RP eliminate additional resampling overhead en-
tirely. Therefore, our strategies deliver superior
performance with enhanced efficiency.

6.3 Experiments across Different Domains

To demonstrate cross-domain generalization, we
conduct experiments on MMPR-science dataset
with InternVL2.5-4B model, and on ThinkLite-VL-
Hard-11k dataset (Wang et al., 2025b) with Qwen2-
VL-7B-Instruct model (dataset details in Appendix
A). The final results are shown in Table 5, illustrat-
ing the adaptability of our approach across diverse
domains.

Method MMPR-science ThinkLite-VL-Hard
w/o self-improvement 60.63 2.99
vanilla self-improvement 64.59 26.93
GR (guided resampling) 64.95 28.11
RP (repeated-based padding) 66.13 29.01

Table 5: Performance on MMPR-science and ThinkLite-
VL-Hard-11k datasets with sampling number K = 8.

6.4 Comparison with STaR Setup

In this paper, we choose the retrain-from-base-
model approach. To compare it with STaR (Ze-
likman et al., 2022) setup, we conduct experiments
of continuous fine-tuning using Qwen2-VL-7B-
Instruct model. As shown in Table 6, the STaR
setup is more prone to reaching performance bot-
tlenecks. We further analyze the proportion of data
at different difficulty levels under both setups (see
Table 7), and observe that Matthew effect is more
pronounced in STaR setup.

Method Roundl Round2 Round3 Round4 Round5

retrain-from-base-model ~ 35.51 39.27 40.78 43.04 42.79
STaR 35.51 40.78 41.28 39.52 40.65

Table 6: Comparison of performance between retrain-
from-base-model and STaR.

Method Levell Level2 Level3 Leveld Level5S
retrain-from-base-model  36.6%  25.9% 20.7% 12.8%  3.9%
STaR 38.5% 26.0% 201% 12.0% 3.3%

Table 7: Comparison of difficulty distribution between
retrain-from-base-model and STaR. Results indicate that
the dominance of head data (Levell) is significantly
more pronounced in STaR setup.

6.5 Self-improvement as Efficient Sampling

Driven by data distribution shifts during self-
improvement, we hypothesize that inter-iteration
sampling exhibits greater variance than intra-
iteration sampling. To leverage this, we introduce
iterative sampling, which combines K = 8 sam-
ples over 5 iterations (40 samples total) to enhance
data diversity. For comparison, we also implement
batch sampling, which draws all 40 samples at
once. Results in Table 12 demonstrate that iterative
sampling outperforms batch sampling, supporting
our view of self-improvement as an efficient sam-
pling method. Furthermore, applying distribution-
reshaping strategies to iterative sampling validates
their effectiveness. Notably, RP outperforms both
batch sampling and vanilla iterative sampling, with
improvements of 3.34 and 1.79 points respectively.

Method MMPR MathVerse We-Math Avg.

batch sampling 59.10 33.12 52.18 48.13
iterative sampling ~ 64.99 31.47 52.59 49.68
+TC 66.62 32.23 53.10 50.65

+RP 69.89 33.88 50.63 51.47

Table 8: Performance comparison between batch sam-
pling and iterative sampling on InternVL2.5-4B model.

6.6 Self-correction Benefits Self-improvement

Self-correction has emerged as a promising learn-
ing paradigm (Ding and Zhang, 2025; Wu et al.,
2025a; Cheng et al., 2025), encouraging deeper
reasoning and generating longer chains of thought.
Therefore, we investigate its effectiveness for head-
tail re-balancing in visual self-improvement (see
Appendix G for implementation details). In con-
trast to the resampling strategies discussed earlier,
self-correction refines existing incorrect samples
through K — n; operations per query, achieving
efficiency comparable to AR and fully leveraging
the potential of incorrect instances. Results in Fig-
ure 5 demonstrate that self-correction effectively
counteracts the Matthew effect, yielding substantial
performance improvements.
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Figure 5: Average performance comparison between
vanilla and self-correction in visual self-improvement.

6.7 The Power of “Seeing”

To validate whether the final model truly enhances
reasoning capabilities, we evaluate its performance
on tail data under two settings: with and with-
out image inputs. Figure 6 indicates that the base
model exhibits negligible performance difference
between these settings, indicating a poor capability
to leverage visual information for solving challeng-
ing problems. In contrast, vanilla self-improvement
leads to a substantial gain in real reasoning perfor-
mance. Our re-balanced strategies further amplify
this increment, with RP strategy demonstrating an
18.8-point advantage when “seeing” images.

30

1 w/o image +18.8
N [ w/image
220
% +5.4 +58
g +41  +8
<10
i)
[aW

-0.1
1
w/o SI VanillaSI TC RP AR GR

Figure 6: Comparison of tail data performance with and
without images on Qwen2-VL-7B-Instruct at K = 8.

Additionally, for error type analysis and case
study, please refer to Appendix C and D.

7 Conclusion

In this work, we identify a critical challenge
behind performance bottlenecks in visual self-
improvement: the “Matthew effect”, where simple
samples in the head progressively dominate suc-
cessful trajectories, while difficult data in the tail
becomes increasingly narrowing. To counteract
it, we introduce four effective re-balanced strate-
gies from distribution-reshaping and trajectory-
resampling perspectives: threshold clipping, repeat-
based padding, adaptive-weighted resampling, and
guided resampling. Experimental results demon-
strate that these strategies successfully reduce head

dominance and increase tail proportion, thereby im-
proving the performance ceilings. Future work will
explore counteracting the Matthew effect on larger
models and broader datasets, alongside developing
more efficient re-balancing strategies.

Limitations

Our work provides an in-depth investigation into
self-improvement of LVLMs and proposes re-
balancing strategies designed to mitigate the
Matthew effect. However, several limitations re-
main: (1) The phenomena we observed are more
correlational conclusions and lack explicit causal
evidence. (2) Constrained by time and compu-
tational resources, our experiments were limited
to the Qwen2-VL-7B-Instruct and InternVL2.5-
4B models, primarily focusing on mathematical
and scientific problems. Consequently, the find-
ings have not been validated on larger models or
larger visual reasoning datasets. (3) Our method
is tailored to counteract Matthew effect in self-
improvement, and has not been adapted for re-
inforcement learning scenarios. We believe that
extending a similar idea to reinforcement learning
could also mitigate distributional imbalance in sam-
pling, an avenue we plan to explore in future work.

Ethical considerations

This work introduces re-balancing strategies de-
signed for Matthew effect in self-improvement of
LVLMs. However, we recognize that these meth-
ods could be maliciously exploited in other areas.
We firmly state that this work is intended for ethical
and constructive purposes. Any misuse is strictly
against the authors’ original intentions.
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A Experimental Details

A.1 Dataset Details

We adopt MMPR (Wang et al., 2024b) as our pri-
mary dataset. From it, we randomly extract 7,980
mathematical reasoning samples (Lu et al., 2021;
Cao and Xiao, 2022; Seo et al., 2015) to construct
MMPR-mini, with 7,183 for training and 797 for
in-domain testing. Specifically, we select queries
from Geometry3K (Lu et al., 2021), GeoQA+ (Cao
and Xiao, 2022), and GEOS (Seo et al., 2015) re-
spectively, randomly sampling 10% of data from
each dataset to construct the test set. MMPR-mini
primarily focuses on mathematical visual reason-
ing problems, including multiple-choice questions,
open-ended questions, and other formats, contain-
ing only queries with their corresponding ground
truth without CoT reasoning trajectories.

To demonstrate the generalization of our method
to other tasks, we also extract the MMPR-science
subset (comprising AI2D (Kembhavi et al., 2016),
ScienceQA (Lu et al., 2022), and M3CoT (Chen
et al., 2024)) from MMPR. Using a similar method-
ology, we partition this data into a training set of
10,009 samples and a test set of 1,110 samples.

Similarly, we also leverage the ThinkLite-VL-
Hard-11k multimodal dataset (Wang et al., 2025b),
which covers three key visual tasks: mathematical
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reasoning, natural image understanding, and chart
comprehension. We randomly split the dataset into
a training set containing 9,928 instances and a test
set containing 1,103 instances.

Additionally, for out-of-domain (OOD) evalua-
tion, we select two widely-adopted mathematical
visual reasoning datasets: MathVerse (Zhang et al.,
2024) and We-Math (Qiao et al., 2024), comprising
788 and 1,740 queries respectively. All datasets we
utilized are open-source.

A.2 Difficulty Level Categorization

Using Qwen2-VL-7B-Instruct, we perform 64-shot
sampling on each query, and categorize the queries
into 5 difficulty levels based on their pass@64 per-
formance. This classification prioritizes a balanced
data distribution across all levels, with data diffi-
culty ascending from level 1 to level 5.

To verify the reasonableness of the classification,
we used InternVL2.5-4B model to categorize the
data via the same pass @64 approach. Experimental
results show that the difference in difficulty levels
defined by the two models is 0.75 on average, indi-
cating that these levels remain generally consistent
across different models.

A.3 Prompt Details

In this work, we use the unified prompt template
(see Figure 7) in the phase of training, sampling
and testing across varying datasets.

Your task is to answer the question below. Give step by
step reasoning before you answer, and when you're ready
to answer, please use the format *'Final answer: ..”.

Question: {Question}

Your step by step reasoning:

Figure 7: Prompt for training, sampling and testing.

B In-Depth Analysis of Response Length

B.1 Average Response Length Degradation in
Matthew Effect

In Section 3.3, we observe the shorter average re-
sponse length for difficult problems in the later
stages of iteration. Based on a meticulous analysis
of the generated data, we offer the following two
explanations:

First, in vanilla self-improvement (vanilla SI),
during the early stages of training, simple data typ-
ically has shorter response lengths, while difficult

data tends to have longer responses. However, due
to the distribution imbalance (where difficult data is
underrepresented), as iterations progress, the model
tends to produce shorter responses even for difficult
data.

Second, in the later stages of training, due to
the higher uncertainty in the model’s reasoning
process for difficult problems, it becomes more in-
clined to output answers directly. To validate this,
we examine the proportion of extremely short re-
sponses (less than 10 tokens) among the correct out-
puts after 5 iterations of vanilla self-improvement.
The results in Table 9 show that as the difficulty
level increases, the proportion of extremely short
responses also increases, significantly lowering the
overall average response length.

Method Levell Level2 Level3 Leveld4 Level5
vanillaSI  5.60% 13.72% 15.63% 20.47% 27.33%
ours 1.33%  3.13% 4.31%  5.50%  6.50%

Table 9: The proportion of extremely short responses of
different difficulty levels.

B.2 Our Methods Mitigate the Degradation of
Average Response Length

Taking the results of the Qwen2-VL-7B-Instruct
model with as an example, we examine the re-
sponse lengths of correct data after 5 iterations. The
average length statistics for different difficulty lev-
els and all data under the vanilla self-improvement
and ours methods are shown in Table 10.

We also perform a statistical analysis on the pro-
portion of extremely short data. As shown in Table
9, ours methods significantly mitigate the impact
of extremely short data on the overall results.

Method Levell Level2 Level3 Level4 Levels All Data

vanilla ST~ 214.07 204.98 197.57 182.32 149.95 201.48
ours 225.68 251.34 253.42 250.29 22851 24191

Table 10: Average response length of different difficulty
levels on Qwen2-VL-7B-Instruct with sampling number
K =8.

C Error Type Analysis

First, we analyze the incorrect data and categorize
it into the following error types:

* No Reasoning Process (NP): Models provide
answers directly without demonstrating any step-
by-step reasoning or explanation process.
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¢ Comprehension Error (CE): Models exhibit
misunderstanding of either the question content
or the visual information presented in the image.

* Knowledge Error (KE): Models employ incor-
rect formulas, theorems, or other factual informa-
tion.

* Logic Error (LE): Models generate flawed rea-
soning steps, perform incorrect calculations, or
establish faulty cause-and-effect relationships.

* Format Error (FE): Models produce responses
whose format does not meet the specified require-
ments.

Then we utilize GPT-4.1 (OpenAl, 2023) for
extensive error type classification, setting temper-
ature=0.1 and permitting up to 3 outputs. The
prompt template is illustrated in Figure 8, with
classification outcomes detailed in Table 11.

Please carefully analyze the following multimodal
conversation question and incorrect response, and
determine its error type.

Question: {Question}
Incorrect Response: {Response}

Now please select the most appropriate error type
from the following options:

A. No Reasoning Process - Providing answers
directly without showing any step-by-step reasoning
or explanation

B. Comprehension Error - Misunderstanding of the
question or image content

C. Knowledge Error - Using incorrect formulas,
theorems, or other factual information

D. Logic Error - Flawed reasoning steps, incorrect
calculations, or faulty cause-effect relationships

E. Format Error - Response format does not meet
requirements

Please return only the corresponding letter option (A,
B, C, D, or E) without any other content.

Figure 8: Prompt for determining error type.

The results reveal several key findings: (1)
The overall distribution of error types varies
significantly across different models. For in-
stance, with the Qwen2-VL-7B-Instruct model,
the number of samples directly providing final
answers increases substantially, particularly un-
der the TC strategy, which reduces the quantity
of data and further amplifies the proportion of
direct-answer samples, making “No Reasoning
Process” the most frequent error type in TC’s

Model Method NP CE KE LE FE
wioSI 4 286 24 286 2
VanillaSI 36 189 21 216 1
TC 182 137 16 91 0
Qwen2-VL RP 34 152 10 222 0
AR 77 185 13 170 2
GR 153 128 8 124 2
wioSI 0 227 13 176 0
VanillaSI 1 132 12 135 2
TC 0 150 12 123 0
InernVL25  pp 14 123 9 116 0
AR 7 137 12 113 0
GR 0 126 14 117 1

Table 11: Error type analysis. NP, CE, KE, LE and
FE denote No Reasoning Process, Comprehension Er-
ror, Knowledge Error, Logic Error, and Format Error,
respectively. SI, TC, RP, AR, and GR denote self-
improvement, threshold clipping, repeat-based padding,
adaptive-weighted resampling, and guided resampling,
respectively.

incorrect data. In contrast, the InternVL2.5-4B
model exhibits few "No Reasoning Process" errors.
(2) Even without self-improvement, format errors
occur with extremely low frequency, indicating
that the self-improvement process truly enhances
models’ reasoning capabilities rather than simple
instruction-following abilities for format. (3) Self-
improvement achieves significant improvements
mainly in comprehension errors and logic errors,
substantially reducing the occurrence of both error
types. (4) Compared to vanilla self-improvement,
our re-balanced strategies enhance models’ capa-
bilities in question and image comprehension as
well as reasoning logic.

In rare instances, the model consistently returns
“T”; these cases are omitted from the table. Man-
ual examination of these cases reveals that the re-
sponses are accurate but were misclassified as in-
correct due to our exact-match rules, with an illus-
trative example provided in Figure 9.

D Case Study

Our main results show that repeat-based padding
and guided resampling achieve superior perfor-
mance among our proposed strategies. Therefore,
we showcase examples of these two strategies in
Figure 10 and 11 respectively. Both cases reveal
that vanilla self-improvement exhibits limited ca-
pabilities in visual comprehension and geometric
element understanding. For instance, in Figure 10,
vanilla self-improvement incorrectly determines
the relationship between ZAOC and ZBDC, while
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Question:

As shown in the figure, the radius R of
the cone base is 6, and the height H is 8.
The lateral area of the cone is ().
Ground Truth: 60n

Response:
To find the lateral area of the cone, we need to use the
formula for the lateral surface area of a cone, which is
given by:

A=\pi-rl
where r is the radius of the base and 1 is the slant height
of the cone.
First, we need to find the slant height 1. The slant height
can be found using the Pythagorean theorem in the right
triangle formed by the radius r, the height H, and the
slant height 1: 1 = \sqrt{r"2 + H"2}
Given: Radius r = 6, Height H =8
Substitute the given values into the formula for the slant
height:

1 =\sqrt{6"2 + 82}
1=\sqrt{36 + 64}
1=\sqrt{100
1=10

Now that we have the slant height 1 = 10, we can find the
lateral area A

A=\pirl

A =\pi \times 6 \times 10
A= 60\pi

Final answer: 60\pi

Figure 9: A case misclassified as incorrect due to exact-
match rules, where \pi and 7 appear in different formats.

in Figure 11 demonstrates the confusion of height A
with radius 7, resulting in final errors. Both repeat-
based padding and guided resampling successfully
address these problems.

E Matthew Effect Mitigation

In Section 5, we analyzed the effectiveness of
our proposed rebalanced strategies in mitigating
the Matthew effect and their performance on vi-
sual reasoning tasks using Qwen2-VL-7B-Instruct
at K = 16. Here, we present three additional
configurations—Qwen2-VL-7B-Instruct at K = 8§,
InternVL2.5-4B at K = &, and InternVL2.5-4B at
K = 16—in Figure 12, Figure 13 and Figure 14.
Results demonstrate that our proposed re-
balancing strategies effectively mitigate the
Matthew effect in self-improvement across dif-
ferent experimental settings. Overall, the repeat-
based padding (RP) method exhibits the best mit-
igation performance. Among the two trajectory-
resampling strategies, guided resampling (GR) gen-
erally outperforms adaptive-weighted resampling
(AR), which aligns with the performance patterns

Question:

As shown in the figure, AB is the
diameter of circle O. If ZBDC = 40°,
then the measure of ZAOC is (). 4

Vanilla:

To find the measure of ZAOC, we can use the properties
of angles in a circle. Since AB is the diameter of circle O,
2ACB is a right angle (90°) because the angle subtended
by a diameter in a semicircle is always 90°.

Given that ZBDC = 40°, we can use the fact that the
angle subtended by the same arc at the center of the
circle is twice the angle subtended by the same arc at any
point on the circumference.

Therefore, ZAOC =2 * 2ZBDC = 2 * 40° = 80°.

Final answer: 80°. (%]

RP:

Since AB is the diameter of circle O, ZACB is a right
angle (90°). Therefore, ZABC =90° - zBDC = 90° - 40°
= 50°. Since 2AOC is the central angle corresponding to
2ABC, 2AOC =22£ABC =2 * 50° = 100°. Therefore,
the measure of ZAOC is 100°.

Final answer: 100°. (]

Figure 10: An example of repeat-based padding with
Qwen2-VL-7B-Instruct model on MMPR-mini test set.
Compared to vanilla self-improvement, repeat-based
padding successfully finds the relationship between
ZAOC and ZABC, reaching the right answer.

of these strategies on the test sets.

F Batch Sampling and Iterative Sampling

In Section 6, we used InternVL2.5-4B at K = 8
as an example to discuss that self-improvement
can be viewed as an efficient sampling approach.
Additionally, we conducted similar experiments
on Qwen2-VL-7B-Instruct at K = 16 and ob-
served similar phenomena. Specifically, we com-
bine K = 16 samples across 5 iterations (totaling
80 samples) as iterative sampling, while batch sam-
pling involves directly sampling 80 times from the
base model. As shown in Table 12, iterative sam-
pling delivers improvements of 5.65 points on the
in-domain test set and 3.17 points on average. Nev-
ertheless, our distribution-reshaping strategies do
not consistently perform well under the iterative
sampling perspective. This might be because for
K = 16, TC with py = 4 significantly reduces
the data quantity, while RP leads to excessive rep-
etition, both of which may hinder advantages in
efficient sampling scenarios.
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. Level 2 Level 5
Question:
The area of paper required to make this Je— 13 GR 38.5 315 194 189916
paper cap is (the seams are ignored)()
A:60rn B:65n C:78n D:156m 12 AR 43.7 273 181 89119
3
Vanilla: £  Rp| 288 27.0 243 | 156 42
Q
To find the area of paper required to make the paper cap, p=
we need to calculate the lateral surface area of the cone. TC 43.4 282 178 187118
The formula for the lateral surface area of a cone is
given by: Vanilla SI 51.0 24.8 152 74015
‘ LaFeral Surface Area = .n~r-1 _ 0 20 0 50 30 100
where r is the radius of the base and 1 is the slant height Percentage (%)
of the cone.
From the image, we have: Figure 12: Data distribution of difficulty levels in
* The radiusr= 12 successful trajectories under different strategies with
0 WIGERGIEIGIE= ) Qwen2-VL-7B-Instruct at K = 8.
Substituting these values into the formula:
Lateral Surface Area=nx12x13 =156 7 Level 2 Level 5
Therefore, the area of paper required to make the paper
cap is 156 7. GR 27.1 23.8 22.8 179 84
Final answer: D [}
AR 30.1 24.8 21.8 159 75
GR: 3
To find the area of paper required to make the cone, we ;—E) RP{ 243 23.1 23.0 19.0 10.5
need to calculate the lateral surface area of the cone. The s
formula for the lateral surface area of a cone is given by: TC 28.9 24.8 224 163 7.6
Lateral Surface Area =m'r'1
where r is the radius of the base and 1 is the slant height Vanilla ST 34.7 24'S 204 | 141 6.3
GipEme 20 0 60 80 100
From the given image, we have: Percentage (%)
* The height of the cone h = 12 units
* The slant height 1 = 13 units Figure 13: Data distribution of difficulty levels in
First, we need to find the radius r of the bas_e of the cone. successful trajectories under different strategies with
Wc? can use the Pythagoreap theorem fo.r this, as the InternVL2.5-4B at K — 8.
height, radius, and slant height form a right-angled
triangle: Level 2 Level 5
1"2=r"2+h"2
Substituting the given values: GR Al 2B 200 152 o
1372 =1"2 + 12”2
169 =12 + 144 AR 334 24.3 20.6 14.8 7.0
2 =169 — 144 g
2 =25 % RP 23.0 222 23.0 19.6 12.2
r=35 =
Now, we can calculate the lateral surface area: TC = 22y 22 184
Lateral Surface Area =mx5x13
Lateral Surface Area = 651 Vanilla ST 34.8 a0 202 e 6.3
Final answer: B (] 20 40 60 80 100

Percentage (%)

Figure 11: An example of guided resampling with Figure 14: Data distribution of difficulty levels in

InternVL2.5-4B model on MathVerse test set. In this . . . ) .
Tla self.i d h ; successful trajectories under different strategies with
case, vanilla selt-improvement demonstrates the contu- InternVL2.5-4B at K — 16.

sion of height i with radius r, while guided resampling
addresses this problem successfully.
Formally, we first define the set of incorrect sam-

les as:
G Applying Self-correction to P
Self-improvement Diideans = 1(a1:712) € Dige | 7f (i, a1, 53)) = 0}.
Given self-correction capabilities shown in Fig- g, e Dgzcard’ we design the self-correction

ure 15, we explore applying self-correction to self-
improvement for head-tail re-balancing, incorpo-
rating the refined outputs into subsequent training
iterations. Ds(él)f—correction = {(a, 72zg,tg’p’ fz(,tlz)v (4, 73(2) |n; < K},
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prompt p to resample 7; ~ M;_1(+|q;, 7;, p) and
form the resample dataset:



Method MMPR MathVerse We-Math Avg.

batch sampling 38.52 26.52 49.37 38.14
iterative sampling ~ 44.17 28.68 51.15 41.33
+TC 41.78 27.41 52.24 40.48

+RP 42.03 26.52 48.45 39.00

Table 12: Performance comparison between batch sam-
pling and iterative sampling on Qwen2-VL-7B-Instruct
model.

Question:
Find the value of the variable x in the figure.

(3x—15)°

Incorrect sample:
Step 1: Identify the type of angles formed by the intersecting lines.
The figure shows two intersecting lines, creating four angles at the
intersection.
Step 2: Determine the relationship between the angles. Since the
lines are parallel, the angles on opposite sides of the intersection
(opposite angles) are congruent. Therefore, we have:
(Bx - 15)° = (y +25)°
Step 3: Solve for x. To find the value of x, we can set up an
equation based on the congruence of the opposite angles and solve
for x.
(B3x - 15)° = (y +25)°
3x-15=y+25
Step 4: Substitute the known value of y. We are given that one of
the angles is 105°. Since the angles on opposite sides of the
intersection are congruent, we can substitute y with 105°.
3x-15=105+25

3x-15=130
Step 5: Solve for x.

3x-15=130

3x =145

x=48333... D

Final answer: The value of the variable x is approximately 48.333.

Correction:
The error in the solution above is that we assumed y to be 105°
without considering the other angle of 105°. We should use the
given angle of 105° to solve for x.
Corrected Step 4: We are given two angles, one of which is 105°.
Since the angles on opposite sides of the intersection are
congruent, we can set up the equation based on the congruence of
the opposite angles:
(Bx-15)°=105°

3x-15=105
Solving these equations will give us the value of x.
Corrected Step 5: Solve for x in the equation:

3x-15=105

3x=120
x =40

Therefore, the correct value of the variable x is 40.
Final answer: The value of the variable x is 40. (V]

Figure 15: An example of self-correction capabilities of
Qwen2-VL-7B-Instruct model.

where we filter out samples with failed corrections
and insufficient CoT reasoning length. Finally, we
obtain the training dataset as following:

uDY)

self-correction *

PO  _p®

train-BP — “train

The prompt p we used (Kumar et al., 2025) is pre-
sented in Figure 16.

Your task is to answer the question below. Give step by
step reasoning before you answer, and when you're ready
to answer, please use the format *"Final answer: ..”.

Question: {Question}
Your step by step reasoning: {CoT Reasoning}
There might be an error in the solution above because of

lack of understanding of the question. Please correct the
error, if any, and rewrite the solution.

Your step by step reasoning:

Figure 16: Prompt for self-correction.

Results in Section 6.6 demonstrate that apply-
ing self-correction to self-improvement yields sub-
stantial performance gains. We provide an il-
lustrative example in Figure 17, where iterative
self-correction enables the model to engage in
deeper reasoning through generating longer think-
ing chains, ultimately correcting errors in vanilla
self-improvement.

Notably, in addition to verifying final results,
we also filter out data without CoT reasoning pro-
cess. The results in the table 13 indicate that CoT
length filtering improved the quality of tail data,
demonstrating superior overall performance.

Method MMPR MathVerse We-Math Avg.
w/o CoT filtering ~ 44.04 29.44 55.11 42.87
w/ CoT filtering ~ 46.67 30.96 54.94 44.19

Table 13: Performance comparison between with and
without CoT filtering on Qwen2-VL-7B-Instruct model.

H The Use of AI Assistants

Al assistants are utilized in this manuscript for par-
tial grammatical checks and language polishing.
The authors are fully responsible for the final con-
tent.
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Question: P
As shown in the figure, if two trees are to be planted on a slope ‘
with an incline of 30°, the horizontal distance AC between them G 5
is 6m, and the slope length AB between the two trees is () ' :
A.12m  B.3V3m C.4V3m D.12\3m

Vanilla:

To solve this problem, we need to use trigonometric relationships in a right triangle. The slope
forms a right triangle with the horizontal distance AC and the slope length AB. The angle of
inclination is 30°.

Step 1: Identify the right triangle and the given values. The right triangle has a horizontal side
(AC) of 6m and an angle of 30° at point A.

Step 2: Use the tangent function to find the slope length AB. The tangent of an angle in a right
triangle is the ratio of the opposite side to the adjacent side. In this case, tan(30°) = AB / AC.
Step 3: Substitute the given values into the equation. tan(30°) = AB / 6m.

Step 4: Solve for AB.\n- tan(30°) = 0.577. 0.577 =AB / 6m. AB = 0.577 * 6m. AB = 3.462m.
Step 5: Compare the calculated value with the given options. The closest option to 3.462m is
3V3m.

Final answer: B. 3\3m (%]

Self-correction:

To solve this problem, we need to use trigonometric relationships in a right triangle. The slope
AB forms a right triangle with the horizontal distance AC and the vertical height BC.
Given:

* The incline angle 6 = 30°

* The horizontal distance AC = 6 meters

We need to find the length of the slope AB.

Step 1: Identify the trigonometric function relevant to the problem. Since we have the angle
and the adjacent side (horizontal distance), we use the tangent function, which relates the
opposite side (vertical height) to the adjacent side (horizontal distance).

Step 2: Use the tangent function: tan 6 = opposite / adjacent

Step 3: Substitute the given values: tan(30°) =BC/AC

Step 4: Solve for BC: BC = AC - tan(30°)

Step 5: Calculate tan(30°): tan(30°) =1/ \3

Step 6: Substitute tan(30°) into the equation: BC =6 - (1 /3)

Step 7: Simplify the expression: BC = 6 / V3

Step 8: Rationalize the denominator: BC = (6 / V3) - (V3/43)=6V3/3 =23

Step 9: Use the Pythagorean theorem to find AB: AB = \ {AC"*2 + BC"2}

Step 10: Substitute the values of AC and BC: AB = V{62 + (2V3)"2}

Step 11: Simplify the expression: AB = V{36 + 4 - 3} ={36 + 12} = {48} =43
Final answer: C. 4V3m

Figure 17: An example of self-correction with InternVL2.5-4B model on MMPR-mini test set. In this case, the
model of vanilla self-improvement made identification errors during tangent calculations, indicating deficient
visual comprehension capabilities. In contrast, the self-correction method successfully addresses this problem and
performs detailed computations to reach the correct answer.
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