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Abstract

Large Reasoning Models (LRMs) often suf-
fer from the “over-thinking” problem, gener-
ating unnecessarily long reasoning on simple
tasks. Some strategies have been proposed to
mitigate this issue, such as length penalties
or routing mechanisms, but they are typically
heuristic and task-specific, lacking a general
framework for adaptive reasoning. In this pa-
per, we present ARM?2, a unified model that
adaptively balances reasoning performance and
efficiency across multiple formats through a
reinforcement learning framework augmented
with length-aware optimization. Beyond con-
ventional natural language inference, ARM2
integrates vision understanding, extending its
applicability to multimodal. Moreover, ARM2
integrates executable code into reasoning, en-
abling substantial reductions in token cost
while preserving task performance compared
to long CoT. Experiments demonstrate that
ARM?2 achieves performance on par with
traditional reasoning models trained with
GRPO, while reducing token usage by over
70% on average. We further conduct exten-
sive analyses to validate the effectiveness of
ARM?2 and the soundness of its design. All the
code and resources are released on Github.

1 Introduction

Large Reasoning Models (LRMs) (Jaech et al.,
2024; Guo et al., 2025), trained using Reinforce-
ment Learning with Verifiable Rewards (RLVR),
have emerged as a leading paradigm for enhanc-
ing the reasoning capabilities of language models.
Their strong performance is largely attributed to
the generous token budget allowed during infer-
ence (i.e., long chain-of-thought; long CoT), which
enables the use of advanced reasoning strategies
such as self-reflection and self-correction (Guo
et al., 2025). However, LRMs are not universal
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“master keys,” as they tend to apply long CoT rea-
soning indiscriminately across tasks, leading to
the “over-thinking” problem (Sui et al., 2025; Yue
et al., 2025), and in some cases, even causing per-
formance degradation (Wu et al., 2024; Fan et al.,
2025). While recent approaches attempt to mit-
igate the “over-thinking” problem, most operate
from a single perspective: length control. These
methods require the model to reason within a fixed
token budget or use a separately trained model con-
strained to specific reasoning lengths (Aggarwal
and Welleck, 2025; Alomrani et al., 2025; Zhu and
Li, 2025). Such strategies assume prior knowledge
of the task to predefine the appropriate reasoning
length. Moreover, they lack the flexibility to switch
reasoning formats dynamically across tasks, since
manually selecting models or adjusting token lim-
its introduces unnecessary human intervention and
hinders generalizability.

In real-world applications, models are often re-
quired to balance both low-latency responses and
complex reasoning. For example, for relatively
simple questions, models are expected to provide
direct answers without unnecessary deliberation.
In contrast, for more challenging questions, models
are expected to generate reliable answers through
comprehensive reasoning. This raises a critical re-
search question: How can we equip LRMs with the
ability to perform adaptive reasoning based on task
demands and input complexity?

Hybrid reasoning strategies (Lou et al., 2025;
Zhang et al., 2025; Wu et al., 2025) provide vi-
able approaches to balance performance and ef-
ficiency. For example, ARM (Wu et al., 2025)
introduces four distinct reasoning formats and en-
courages the use of more efficient formats rather
than relying exclusively on long CoT. However,
these approaches primarily focus on incorporating
shorter reasoning formats to mitigate the substan-
tial token cost of long CoT, without explicitly lever-
aging length-aware reward signals, which limits
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their effectiveness in reducing token usage. Fur-
thermore, existing adaptive reasoning models are
designed for plain-text inputs and lack the ability
to handle visual information. In parallel, recent
advances in coding capabilities and their integra-
tion into reasoning (Chen et al., 2023; Wang et al.,
2024) have highlighted code execution during in-
ference as a powerful mechanism for enhancing
reasoning. Incorporating executable code enables
models to perform verifiable computations, man-
age complex logic, and interact with external tools,
thereby extending their reasoning capacity well be-
yond traditional text-based methods.

In this paper, as shown in Figure 1, we propose
ARM?2—an adaptive reasoning model with vision
understanding and executable code. ARM2 sup-
ports five reasoning formats: Direct Answer, Short
CoT, Code-Text, Code-Exec, and Long CoT. Given
a task, ARM?2 adaptively selects one of these for-
mats for reasoning. Among them, Direct Answer,
Short CoT, Code-Text, and Long CoT are based
on natural language inference, while Code-Exec
leverages an external Python interpreter to execute
code and return the result as the final answer. This
capability empowers the model to solve complex
reasoning tasks that require high precision, thereby
extending its reach beyond conventional natural
language inference.

To enable adaptive reasoning, we curate a high-
quality multimodal dataset of 15.1K instances span-
ning all five reasoning formats, providing a strong
foundation for cold-start through supervised fine-
tuning (SFT). However, since SFT only teaches the
use of different reasoning formats without enabling
adaptive selection, we turn to reinforcement learn-
ing (RL). Yet conventional Group Relative Policy
Optimization (GRPO) (Shao et al., 2024) suffers
from format collapse (Wu et al., 2025), where mod-
els tend to over-rely on the reasoning format with
the highest accuracy. To overcome this issue, we
propose GRPO-ALP, a novel variant of GRPO de-
signed to promote adaptive reasoning by encour-
aging exploration of less frequent formats with
relatively lower accuracy during training. While
related to Ada-GRPO (Wu et al., 2025), which
also addresses format imbalance, our approach
goes further by explicitly incorporating response
length into the optimization objective. This enables
GRPO-ALP not only to achieve balanced format
selection but also to guide the model in trading
off reasoning accuracy against computational effi-
ciency. In comparison to traditional LRMs, ARM2

demonstrates improved efficiency on straightfor-
ward, intuitive tasks while preserving competitive
performance on reasoning-intensive tasks.

In summary, our contributions are as follows:
1) ARM2 achieves a strong balance between per-
formance and efficiency, reducing token usage by
over 70% on average across six in-domain and
six out-of-domain datasets, spanning both text and
multimodal settings. 2) ARM?2 first incorporates
executable code into adaptive reasoning, improv-
ing code reasoning accuracy and providing a more
efficient alternative to long CoT reasoning. 3) We
conduct systematic experiments to validate the de-
sign of ARM2, including ablation studies on its
components as well as analyses of length penalty
strength and backbone model initialization.

2 Related Work
2.1 Overthinking

Capable of performing elaborative reasoning at in-
ference time, Large Reasoning Models (LRMs)
achieve substantial performance gains across a
wide range of reasoning benchmarks (Jaech et al.,
2024; Guo et al., 2025). However, not all tasks
require such an intensive reasoning style, and
prior studies have shown that LRMs often incur
unnecessary token overhead on relatively simple
tasks (Chen et al., 2024). More critically, this in-
efficiency not only leads to computational waste
but also undermines the model’s overall effective-
ness, as it may produce misleading or confusing
content, such as repeated reflections, unwarranted
self-doubt, or overconfident simulation (Fan et al.,
2025; Cuadron et al., 2025), which could have
been avoided with more direct responses (Alom-
rani et al., 2025). This challenge is particularly
troublesome because the very strength of LRMs
lies in their extended reasoning steps, making their
resolution appear paradoxical (Sui et al., 2025).

2.2 Controllable and Adaptive Reasoning

To improve the efficiency of LRMs, previous work
has incorporated length constraints into the reward
function (Aggarwal and Welleck, 2025; Luo et al.,
2025b; Hou et al., 2025) under reinforcement learn-
ing optimization, encouraging shorter responses
while maintaining correctness. While this strat-
egy can indeed reduce response length at inference
time, it has a key limitation: it relies on accurately
estimating the task’s complexity. If the estimation
is imprecise, the model’s performance may be sig-
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Figure 1: Comparison of reasoning behaviors across models. Unlike the SFT and GRPO models, which consistently
rely on a single reasoning format, ARM?2 exhibits adaptability by selecting reasoning formats.

nificantly affected (Wu et al., 2025). Another line
of research focuses on adaptive reasoning, which
allows models to switch among different reason-
ing formats, such as short CoT for easy tasks and
long CoT for more complex ones (Zhang et al.,
2025; Luo et al., 2025a). However, this strategy
also faces two major limitations: the restricted set
of reasoning styles available for handling diverse
tasks, and the reliance on task-specific supervision
during training without incorporating length aware-
ness into reasoning control. To address these chal-
lenges, we propose ARM2, a unified model capable
of flexibly switching among five reasoning styles
for different tasks, while explicitly incorporating
length awareness into the reasoning process.

3 Methodology

In this paper, we introduce ARM?2, a multi-modal
reasoning model that adaptively adjusts its reason-
ing formats based on tasks while maintaining con-
sistent performance compared to vanilla reasoning
models. To train ARM2, we adopt the following
training pipeline: /) Data Construction, building
multi-modal QA datasets with diverse reasoning
formats; 2) Supervised Fine-tuning (SFT), teach-
ing the model to reason using different formats;
3) Length-aware Reinforcement Learning (RL), en-
abling the model to select the most suitable rea-
soning format to balance performance and token
efficiency; and 4) Inference, applying the trained
model for adaptive reasoning across tasks.

3.1 Data Construction

Our training dataset consists of both a plain-text
reasoning part and a multi-modal reasoning part.
For the plain-text part, we adopt the AQuA-Rat
dataset (Ling et al., 2017) used in ARM (Wu et al.,
2025). To activate the multi-modal reasoning ca-
pability of ARM2, we further collect data from
VisualWeblnstruct (Jia et al., 2025) to extend the
modality to vision. While Direct Answer and Short
CoT rationales are directly provided within the
dataset, we augment it with Code-Text, Code-Exec,
and Long CoT rationales using GPT-40 (OpenAl,
2024) and Doubao-Pro-1.6-Thinking (Seed et al.,
2025). Moreover, all rationales in the code reason-
ing format are verified for executability using an
external interpreter. This enables ARM2 to support
executable code generation during inference. To
ensure high-quality supervision, we filter out in-
stances whose rationales yield incorrect answers,
resulting in a curated dataset of 15.1K distinctive
training examples spanning all reasoning formats.

For the reinforcement learning stage, the flex-
ibility of RLVR allows us to leverage datasets
that contain only questions and answers. Specif-
ically, we incorporate three text-only datasets:
CommonSenseQA (CSQA) (Talmor et al., 2019),
GSMEK (Cobbe et al., 2021), and AIME 1987-
2023 (AIME), covering a spectrum from simple
commonsense reasoning to complex mathematical
problem solving. In addition, we include three
multimodal datasets, including MME RealWorld
(MMEWorld) (Zhang et al., 2024), Geometry3K
(GEO3K) (Lu et al., 2021), and MMK12 (Meng
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Table 1: Data distribution of training set in two stages.

Dataset Modality Format Size
Supervised Finetuning

AQuA-Rat Text Multiple-Choice  3.0K

Text Free-form 7.8K

VisualWeblnstruct  Text&Vision Multiple-Choice  1.9K

Text& Vision Free-form 2.2K

Total 15.1K
Reinforcement Learning

CommonsenseQA Text Multiple-Choice  4.9K

GSM8K Text Free-form 7.4K

AIME Text Free-form 0.9K

Geometry3K Text&Vision Multiple-Choice  2.0K

MME RealWorld  Text& Vision Free-form 4.0K

MMK12 Text& Vision Free-form 4.0K

Total 23.2K

et al., 2025), covering tasks from perception-
focused to advanced visual reasoning, ensuring
a broad range of reasoning difficulties. The de-
tailed dataset distribution is provided in Table 1.
We provide further details of dataset collection and
preprocessing in Appendix A.1.

3.2 Supervised Fine-Tuning

To enable the model to quickly grasp the five rea-
soning formats and facilitate parsing in the subse-
quent reinforcement learning stage, we adopt SFT
as our cold-start strategy. Specifically, we train the
backbone model on the dataset constructed in Stage
1 using the standard auto-regressive objective, for-
mally defined as:

|Y']
p(Y | X) =[] polys | Xt.<i), 0

i=1

where 6 denotes the trainable parameters, and X
and Y represent the input and output token se-
quences, respectively. However, the model trained
via SFT does not learn to select reasoning formats
adaptively based on task requirements. The SFT
model often relies excessively on direct reason-
ing across tasks, rather than engaging in informed
decision-making (see Appendix A.2).

3.3 Length-aware Reinforcement Learning

Reinforcement Learning has demonstrated its ef-
fectiveness in enhancing the reasoning capabilities
of language models (Guo et al., 2025), often yield-
ing better generalization than SFT. However, tradi-
tional RL algorithms tend to constrain exploration
due to reward functions focused on a single objec-
tive, such as accuracy. While this design may be

acceptable in certain contexts, it can lead to the for-
mat collapse problem when applying Group Rela-
tive Policy Optimization (GRPO) (Wu et al., 2025).
Specifically, format collapse refers to GRPO dis-
proportionately favoring the reasoning format with
the highest accuracy, thereby discouraging explo-
ration of other formats, which results in excessive
and unnecessary token usage. For example, ap-
plying Code-Exec indiscriminately for all tasks is
inefficient, especially for perception-oriented tasks
that do not require advanced reasoning.

To address this limitation, we propose GRPO-
ALP, a novel extension of GRPO that promotes
diversity in reasoning formats to mitigate format
collapse, while incorporating a length-aware re-
ward penalty. By explicitly integrating response
length into the optimization objective, GRPO-ALP
enables the model to balance reasoning accuracy
with computational efficiency, thereby supporting
more adaptive and cost-effective format selection.

Following ARM (Wu et al., 2025), GRPO-ALP
incorporates a format encouragement factor to am-
plify the reward r; corresponding to the response o;
for less frequently sampled reasoning formats, pre-
venting their disappearance and ensuring adequate
learning. Formally, we scale the original reward r;
(a binary value indicating accuracy, either 0 or 1)
to 7} as follows:

- Ty, 2

where F'(0;) denotes the number of times the rea-
soning format corresponding to o; appears within
its group O. In this way, underrepresented formats
receive proportionally larger rewards, encouraging
balanced exploration and mitigating the risk of for-
mat collapse.

In addition to encouraging the exploration of
less frequent reasoning formats, GRPO-ALP fur-
ther applies a length penalty to longer formats. This
encourages more concise reasoning when possible
and allows shorter, efficient formats to stand out
when they are sufficient to solve the problem. For-
mally, we further scale the reward r; to r/ by:

ri = pit) i, 3)
B —exp [ —n- i lwin 4)
T P lmax - lmin +e€ '

where [; denotes the length of the response as-
sociated with o0;, and [,i,, and I,y represent the
minimum and maximum response lengths within
the group, respectively. A is a hyperparameter that
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controls the strength of the length penalty, and € is
a small constant added to avoid division by zero
when lax = lnin.

To further stabilize the reward signal through-
out training, we apply a cosine decay sched-
ule (Loshchilov and Hutter, 2017) to dynamically
adjust the amplified reward. Specifically, given the
intermediate reward r} = «; - 3; - 73, we compute
the final training reward 7; by modulating 7} with
a cosine decay factor over the course of training:

7i(t) = Decay(r, t,T), )

where ¢ is the current training step and 7' is the
total number of training steps. The cosine decay
function is defined as:

Decay(ry,t,T) = b+0.5- (r; —b)- (1 + cos (n . %)) ,
(6)
where b = 1 is the baseline reward to which the
decayed reward converges. This schedule gradu-
ally reduces the influence of reward amplification
as training progresses, encouraging exploration in
the early stages and promoting stability and conver-
gence in the later stages.
We adopt the standard advantage fli,k compu-
tation in GRPO, which is computed based on the

group of reshaped rewards 7 = {71, 72, ,rg}:
5 7; —mean({71,72, - ,rG})
Air = .
ST RS v

The model is finally optimized by maximizing
the standard GRPO objective (Shao et al., 2024).

3.4 Inference

During inference, we set the temperature to 0.7 and
the top-p value to 1.0. For all evaluation datasets,
we use accuracy as the primary metric. For all rea-
soning formats except the code reasoning format,
the final answer is directly generated by the model.
For the code reasoning format, if the generated
code is executable, we run it using an external in-
terpreter to produce the final answer (Code-Exec);
if execution fails, the model’s generated output is
used instead (Code-Text).

4 Experiments

4.1 Experimental Setup

Model We adopt Qwen-2.5-VL-7B (Bai et al.,
2025) as our backbone model due to its strong per-
formance and demonstrated potential in reinforce-
ment learning. In addition to the base model, we

also evaluate Mimo-7B (Xiaomi, 2025), including
both its SFT and RL versions, to further examine
the effectiveness of GRPO-ALP on different rea-
soning models. A detailed analysis of the impact
of model choice is provided in Section 6.5.

Baselines We compare ARM2 with models
trained using SFT, GRPO (Shao et al., 2024), and
Ada-GRPO (ARM) (Wu et al., 2025) to evaluate
the effectiveness of our proposed GRPO-ALP. For
fairness, all baselines are trained on the same data
as ARM2, and the maximum response length is
capped at 4,096 tokens to control inference cost.

Evaluation For evaluation, we assess the general-
ization capability of ARM2 using two types of test
sets: in-domain (ID) and out-of-domain (OOD).
The ID sets correspond to the datasets used in RL
training, most of which are standard benchmarks.
Specifically, we merge AIME24 and AIME2S5 into
a single AIME test set, and for MME World and
MMK12, we randomly sample 2K instances from
each dataset (see Appendix A.1 for details). To fur-
ther examine generalization, we select six OOD
datasets distinct from the ID sets: OBQA (Mi-
haylov et al., 2018), MATHS500 (Lightman et al.,
2023), GPQA-Diamond (Rein et al., 2024) (rang-
ing from easy to hard), BLINK (Fu et al., 2024),
ChartQA (Masry et al., 2022), and MMMU (Yue
et al., 2024) (covering perception and reasoning).

5 Results

5.1 Main Results

We evaluate ARM?2 on both in-domain and out-of-
domain datasets, demonstrating its effectiveness in
balancing token efficiency and task performance,
as shown in Table 2. Specifically, we make the
following summary based on the observation:

SFT and GRPO achieve task-specific strengths
but lack adaptability. We observe that Qwen-
2.5-VL-7Bgr7r and Qwen-2.5-VL-7Bgrpo each
excel on certain tasks. For instance, SFT per-
forms strongly on MMEWorld, while GRPO shows
advantages on GSM8K. However, neither model
maintains consistent benefits across all bench-
marks, indicating that they do not capture adap-
tive reasoning strategies. SFT consumes the fewest
tokens, which allows it to perform well on tasks
requiring minimal reasoning, such as MMEWorld,
but it suffers substantially on more complex tasks,
such as GSMS8K. In contrast, GRPO achieves
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Table 2: Performance of various models on in-domain and out-of-domain evaluation datasets. For consistency with
the training setup and to respect computational limits, the maximum pixel size is set to 512x28x28. For parsing, we
adopt Qwen-2.5-14B-Instruct as the LLM judge. “f” indicates the test set is a processed subset.

Accuracy (1) | #Tokens (])
In-Domain
Text Text & Vision ‘ Text Text & Vision
Models Avg. Avg.
> CSQA GSM8K AIME MMEWorldf GEO3K MMKI2 CSQA  GSMSK AIME MMEWorld GEO3K MMKI12
Qwen-2.5-VL-7B 70.2 86.3 33 27.3 35.6 427 442 180 291 1050 138 376 496 422
Qwen-2.5-VL-7Bspp 75.6 333 0 482 228 536 389 51 53 92 114 129 87 88
Qwen-2.5-VL-7Bgrpo 79.0 87.5 10.0 434 403 507 51.8 633 636 3729 557 1333 1462 1392
ARM-7B 79.0 84.3 10.0 45.7 315 493 500 174 282 1959 321 1035 754 754
ARM2-7B 78.7 83.6 10.0 46.5 37.6 505 512 107 222 1219 124 391 301 394
A (ARM2 — Qwen-2.5-VL-7Bgrpo) -0.3 3.9 0 +3.1 2.7 0.2 -0.6 -83.1% -65.1% 67.3% 77.7% 70.7% -79.4% -71.7%
Out-of-Domain
Text Text & Image Ave ‘ Text Text & Image Ave
8 g.
Models OBQA MATH500 GPQA-Diamond ~ BLINK  ChartQA MMMU OBQA MATHS500 GPQA-Diamond BLINK  ChartQA MMMU
Qwen-2.5-VL-7B 66.6 60.8 25.8 41.6 67.9 324 492 149 561 616 134 106 341 318
Qwen-2.5-VL-7Bspp 85.7 244 322 422 67.0 454 495 51 78 84 135 81 105 89
Qwen-2.5-VL-7Bgrpo 85.0 56.4 32.7 44.8 732 492 571 525 2367 3569 728 553 1460 1534
ARM-7B 86.2 50.3 30.3 45.0 76.8 479 561 220 771 1013 395 259 678 556
ARM2-7B 86.2 53.0 32.8 47.1 73.0 504 57.1 142 580 820 145 151 285 354
A (ARM2 — Qwen-2.5-VL-7Bgrpo) +1.2 34 +0.1 +2.3 0.2 +12 0 -73.0% -75.5% 77.0% 80.1% 72.7% -80.5% -77.6%
[T #Token B Acc.
107 1 ARM2 787 222 1 ARM2 83.6 1219 memmmm———m ARM2 eeesssssssssss——" |
22 @ w/o FE  |m— 77 8 45 @ w/o FE |ness— 5 O 176 =@ w/oFE | 0
1748 1 w/olLP 79 2826 1 w/oLP 43 19598 1 w/oLP 10
10s 1 w/o EC 78.3 202 ¢ 1 w/o EC 774 1726 s w/o EC s 3.3
180 120 60 0 77 7715 78 785 79 300 200 100 0 0 225 45 67.5 0 2000 1333 667 0 0 2.5 5 7.5 10
CSQA GSM8K AIME
124 s ARM2  eeesssssssssssssmn | 46.5 3914 [ ARM2 376 301 ¢ 1 ARM2 50.5
25 M w/oFE e—— 453 <
1 wioLP a7 56 @ w/o FE |me—— 0.8 27 1 w/o FE | — 50 .4
z" e T 1035 ee—— w/o P — | .5 754 mm——— /0 LP |ee——19 3
[E——— e ——
330 wie 47 767 CEEEEE T w/0 EC [ 33 6 TR0 w/0 EC ee— 5().]
400 267 133 o 35 38 a1 44 a7
1100 733 367 0 0 95 19 285 38 800 533 267 0 30 3675 435 5025 67
MMEWorld GEO3K MMK12
142 & 1 ARM2 86.2 580 mmmmm ARMZ | 53 P R e B G I ——
22 @ w/oFE | 85 159 m w/o FE |m—23 4 820 mmmm w/o FE |mmmm 208
220 1 1 w/oLP 86.2 771 8 1 w/oLP 50.3 1015 EEE w/oLP e 303
316 e w/o EC jmmm— 4.8 204] 1 1 w/oEC 46 3034 w/0 EC jmmmm 298
400 267 133 0 84 84.75 855 86.25 87 2200 1467 733 o o 15 30 45 60 4000 2667 1333 0 29 30 31 32 33
OBQA MATHS500 GPQA-DIAMOND
145 M ARM2  jeessss——— 47 | 151 ¢ 1 ARM2 73 285 M1 ARM2 | 50 .4
261 w/oFE |m 424 28 M w/oFE ps— 63.6 20 1 W/oFE |— 457
395 @ w/o LP |— 5 2591 1 w/oLP 76.8 678 M w/o LP |ee— 17 9
1456l w/oEC |mmmmm 43 4 400 1 w/o EC 69.7 2600 & 1 w/oEC 474
1600 1067 533 0 42 435 45 465 48 400 267 133 o 50 57.5 65 725 80 3000 2000 1000 o 40 4275 455 48.25 51
BLINK ChartQA MMMU

Figure 2: Ablation study of ARM2 across 12 datasets. “w/o FE” denotes the removal of format encouragement
rewards while retaining length penalty rewards. “w/o LP” denotes the removal of length penalty rewards while
retaining format encouragement rewards. “w/o EC” denotes disabling the code interpreter during both training and
inference, forcing the model to reason solely in the code-text format.

strong results on GSMS8K but expends excessive 5.2 Ablation Study
tokens on easier tasks such as CSQA, and even per-
forms worse than the more token-efficient SFT on  To evaluate the effectiveness of each module, we
MMEWorld. We further study this in Section 6.1.  conduct ablation experiments by removing it in-
dividually and measuring the performance of the
ARM2 learns to reason adaptively and achieves  resulting models. Specifically, we remove the for-
better token efficiency than the previous adap- mat encouragement reward (“w/o FE”), the length
tive reasoning strategy. Compared with SFT and  penalty reward (“w/o LP”), and executable code
GRPO, ARM?2 consistently reduces token usage  (“w/o EC”) during training and inference, respec-
by more than 70% on average relative to GRPO,  tively. The results are reported in Figure 2. Our
while maintaining strong performance across both  findings are summarized as follows: /) Without
in-domain and out-of-domain tasks. Moreover, by  format encouragement, models tend to generate
leveraging the length-aware GRPO-ALP, ARM2  extremely short responses, resulting in perfor-
demonstrates superior token efficiency, saving over ~ mance degradation. In this setting, the length
30% compared with the previous strategy ARM. penalty reward disproportionately penalizes longer
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Figure 3: Length distribution of different models across
three representative datasets. The dashed vertical line
indicates the average token cost for each dataset.

outputs, which significantly harms performance
and leads to large drops across almost all tasks.
2) Without the length penalty, responses become
substantially longer, yet performance does not
improve and may even decline. As shown in
Figure 2, removing the length penalty increases
average token usage significantly, but yields no
corresponding gains in performance. 3) Without
code execution, both performance decreases and
token usage increase. We find that code execu-
tion has a positive effect, boosting performance
and substantially reducing token costs, especially
in the OOD datasets. We attribute this to the fact
that, with reliable code execution, tasks requiring
heavy reasoning can be offloaded to code, reducing
the need for Long CoT and thus improving token
efficiency. We provide a detailed study in Sec-
tion 6.3. In summary, each module offers distinct
advantages, collectively contributing to enhanced
performance and efficiency.

6 Analysis

6.1 Distribution

To illustrate why ARM2 reduces token usage
and how it adaptively adjusts reasoning formats
across tasks, we present the length distributions
of Qwen-2.5-VL-7Bgrr, Qwen-2.5-VL-7Bgrpo,
and ARM?2 on three representative datasets in Fig-
ure 3. These datasets, CSQA, GEO3K, and AIME,
cover easy, medium, and hard difficulty levels, re-
spectively. We observe that the distribution of
Qwen-2.5-VL-7Bg g is concentrated at lower to-
ken costs, while Qwen-2.5-VL-7Bgrpo exhibits a
more dispersed distribution with higher token costs.
In contrast, as task difficulty increases, the peak of
ARM? gradually shifts toward higher token counts,
demonstrating its ability to allocate longer reason-
ing adaptively when needed. The reasoning format
distribution is provided in Appendix A.2.
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Figure 4: ARM2 vs GRPO with varying token budgets.

Table 3: The performance comparison between ARM2
with and without executable code.

w/ Code-Exec w/o Code-Exec

Prop.(%) Acc. Prop. (%) Acc.
MATHS500 52.6 47.7 22.8 38.6
ChartQA 474 70.3 27.8 65.2
MMMU 42.0 50.2 21.9 49.8

6.2 Test-Time Scaling

Test-time scaling enables models to allocate addi-
tional tokens at inference to deliver a more reliable
answer. We investigate whether ARM2 can benefit
from this strategy, particularly under the same to-
ken budget as the original reasoning models. Our
analysis focuses on two reasoning-intensive tasks,
GSMBS8K and GEO3K, where ARM?2 initially lags
behind GRPO. We implement test-time scaling via
majority voting (Wang et al., 2023): sampling mul-
tiple responses and adopting the most frequent one
as the final prediction. To ensure fairness, we con-
strain the overall token budget and compare per-
formance accordingly. The results are presented in
Figure 4. Our findings show that, although ARM2
exhibits a slight performance drop at lower token
budgets (e.g., on GSM8K and GEO3K), test-time
scaling effectively mitigates this gap. Moreover, as
the token budget increases, ARM2 even surpasses
GRPO under the same budget, demonstrating that
GRPO-ALP not only improves token efficiency but
also preserves reasoning capability when sufficient
budget is available.

6.3 The Effect of Executable Code

In Section 5.2, we show that incorporating exe-
cutable code can substantially reduce token costs
while simultaneously improving performance. We
hypothesize that executable code enhances the ac-
curacy of code reasoning and thereby substitutes
for lengthy chain-of-thought reasoning. To vali-
date this, we examine the proportion and accuracy
of code reasoning before and after introducing the
code interpreter across three OOD datasets, as re-
ported in Table 3. We observe that both the propor-
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Figure 6: Training trends of ARM2 on text and multi-
modal datasets with different backbone models.

tion of code and its accuracy increase with the use
of executable code, confirming its effectiveness.

6.4 Length Penalty Strength

We further examine the effect of different values of
A, which controls the strength of the length penalty.
Specifically, we vary A from 0.25 to 1 and report
the results in Figure 5. The results reveal that the
optimal response length is highly task dependent.
For relatively easy or perception-oriented tasks
such as CSQA and MMEWorld, shorter outputs
tend to perform better, since they reduce redun-
dancy, avoid over-reasoning, and align with the
fact that these tasks typically require only shal-
low reasoning or factual recognition. However,
on reasoning-intensive tasks such as GSM8K and
MMKI12, stronger length penalties harm perfor-
mance, since the models truncate reasoning chains
prematurely and fail to capture the multi-step logic
needed for correct answers. To balance perfor-
mance and efficiency, we set A as 0.5 for all model

training in this paper unless otherwise specified.

6.5 Backbone models

For ARM2, we further investigate the effect of
different backbone initializations. Specifically,
we compare Mimo-RL and Mimo-SFT (Xiaomi,
2025), which are initialized with RL and SFT, re-
spectively. In addition, we evaluate our own GRPO-
initialized Qwen backbone, which is trained with
GRPO for 50 steps on the same RL datasets.

The training dynamics of accuracy and response
length for these models are illustrated in Figure 6.
Our findings suggest several key observations:
1) Stronger backbones yield substantial gains.
On the training set, Mimo-based models achieve
nearly a 10% improvement in accuracy compared
to the weaker model Qwen, highlighting the impor-
tance of initialization quality. 2) Instability from
RL initialization Despite its higher starting perfor-
mance, Mimo-RL exhibits noticeable oscillations
when trained on multimodal datasets. This insta-
bility ultimately reduces its effectiveness and sug-
gests that continual fine-tuning from an RL back-
bone may amplify variance in cross-modal learn-
ing. 3) Limited gains from GRPO initialization.
The comparison between models with and without
GRPO initialization shows only marginal differ-
ences, indicating that lightweight GRPO pretrain-
ing alone does not provide a decisive advantage
for ARM2. Greater benefits arise when GRPO is
combined with large-scale post-training, as demon-
strated in Mimo-RL.

7 Conclusion

In this paper, we propose ARM2, a multimodal rea-
soning model capable of adaptive reasoning across
tasks. ARM?2 is trained with GRPO-ALP, a variant
of GRPO that incorporates format encouragement
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and a length penalty, enabling the model to select
among five distinct reasoning formats with high
token efficiency. Furthermore, ARM2 integrates
executable code into reasoning, which preserves
performance while substantially reducing token us-
age. Comprehensive experiments validate the ef-
fectiveness of ARM?2, and ablation studies confirm
the soundness of its design. Overall, ARM?2 offers
a promising direction for adaptive reasoning by
leveraging the complementary strengths of differ-
ent reasoning formats.

8 Limitations

In this paper, we propose ARM2, a multimodal
reasoning model that can adaptively switch among
reasoning formats. Our current implementation
assumes a finite set of reasoning formats during
training. While this choice does not cover an un-
bounded space of possible formats, it provides a
practical and controllable interface for format-level
adaptation. Importantly, these formats do not re-
quire manual engineering: as demonstrated in Ap-
pendix A.1, they can be automatically generated us-
ing existing strong closed-source models. We there-
fore treat the use of a predefined format set as an
implementation choice that enables reliable train-
ing and evaluation, rather than a hard constraint
of the approach. Due to computational constraints,
we focus on a 7B model in this study. Training at
this scale already requires substantial resources, so
we leave larger-scale training to future work. We
expect the proposed mechanism to be compatible
with larger backbones and more extensive training.
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A Appendix

A.1 Dataset Collection and Preprocessing

For CSQA, GSMS8K, and GEO3K, we adopt the
standard training sets for RL training and the vali-
dation/test sets for evaluation. For datasets without
official training splits, including AIME and MME-
World, we construct our own training and test sets.
Specifically, for AIME, we collect problems and
corresponding solutions from 1987-2023, reserv-
ing the 60 problems from 2024-2025 as the test
set. For MMEWorld, we randomly sample 4,000
instances for training and 2,000 instances for test-
ing. For MMK12, we use the standard test set for
evaluation and randomly sample 4,000 instances
from the training set for RL training.

A.2 Reasoning Format Distribution

In Figure 7, we show the distribution of reasoning
formats across three models and three datasets. The
SFT model tends to rely heavily on direct reason-
ing for all tasks, while the GRPO model predomi-
nantly favors long chain-of-thought reasoning. In
contrast, ARM2 demonstrates adaptive reasoning
by adjusting its format selection according to task
characteristics.
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Figure 7: Reasoning format distribution.
A.3 Implementation Details

A.3.1 Data Collection

For VisualWeblnstruct, each question is paired with
both an answer and a rationale (short CoT). To ob-
tain long CoT reasoning, we prompt Doubao-V1.6-
Thinking, with the prompt provided below. For

code-based reasoning, we prompt Doubao-V1.6-
Thinking to generate a function, which is then ex-
ecuted by an external Python interpreter. We re-
tain only those cases where both the long chain-of-
thought and the generated code yield the correct
ground truth.

Prompt for generating Long CoT:

r

You are a helpful assistant who can help
me extract the answer and rationale
from the following text. Note that you
should help me remove special characters
and only return plain text. Except for
the final answer, all the rest in the
response should be regarded as rationale
Besides, you should tell me whether
the question type is free-form or
multiple-choice. For a multiple-choice

question, only return the answer in ['A
', 'B'," Cc', D'].

Remove the unit if the answer is a
number. Follow the format: Answer: xxx\n
\nRationale: xxx\n\nFormat: xxx

Question: <PLACEHOLDER>

Prompt for generating Code:

(For the following questions and answers,
generate a function that solves the
question. The function should return a
dictionary with the field 'answer': <
answer>, as well as the values for
intermediate decisions. Ensure that both
the function and its call are wrapped
in <CODE>...</CODE>, and that the
emulation of its execution is wrapped in
<QUTPUT>...</OUTPUT>. The code should
be written in Python and should be
executable. The answer in the function
must be returned using the variable
answer.

<EXAMPLE >

Question: <PLACEHOLDER>

A3.2 SFT

We train the SFT model using LoRA (Hu et al.,
2022), with a rank of 8. The maximum sequence
length is set to 8,192 tokens, and training is per-
formed for up to 6 epochs. We use a learning rate
of 2 x 10~ with a cosine scheduler and a warmup
ratio of 0.1. The validation split is 0.1, sampled
from the training set. The batch size for training is
2 per GPU, with a gradient accumulation step of 8.
The SFT model is trained through 8 x A100, which
took ~12 hours.

A33 RL

We implement reinforcement learning using the
VERL framework (Sheng et al., 2024). The training
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batch size is set to 480, with a mini-batch size of 96.

During the rollout stage, each instance generates
8 samples, with a temperature of 0.7 and a top-p

value of 1.0. The learning rate is fixed at 1 x 1075,

The RL model is trained through 8 x A100 for 150
steps, which took~12 hours.
A.3.4 Data Examples

We provide an example with four reasoning formats
below.

P
Question:

<image>

The following bullet points appear in a
proposal.

What is the most likely heading for the
section these bullet points are in?
Reduce medical errors by 25% within one
year of implementing the new EHR system.
Increase patient satisfaction with the
EHR system by 10% within one year of
implementation.

Reduce administrative costs associated
with the EHR system by 15% within one
year of implementation.

<ANSWER >
Project Objectives
</ANSWER >

<COT>

The bullet points outline specific,
measurable goals to be achieved within a
specified timeframe after implementing

a new EHR system. They focus on outcomes
or targets that the proposal aims to
achieve, which aligns with the heading

\"Project Objectives.\" The other

options do not match the content of the
bullet points as closely.

</COT>

<ANSWER >

Project Objectives

</ANSWER>

<CODE >
def determine_heading_for_bullet_points
O:
headings = [
"Potential Solutions”,
"Project Objectives"”,
"Statement of the Problem”,
"Implementation Plan”
]
bullet_points = [
"Reduce medical errors by 25%
within one year of implementing
the new EHR system.",
"Increase patient satisfaction
with the EHR system by 10%
within one year of
implementation.”,
"Reduce administrative costs
associated with the EHR system
by 15% within one year of
implementation.”

1

# Analysis:

# The bullet points are all specific
, measurable targets to be achieved
after implementation.

# This matches the definition of "
Project Objectives” best.

# They are not solutions, not a
problem statement, and not an
implementation plan.

answer = "Project Objectives”
index = headings.index(answer)
return {

'bullet_points
'chosen_heading ':
"heading_index ':
"answer ': answer

bullet_points,
answer ,
index,

b

>>> determine_heading_for_bullet_points
O
</CODE >
<OBSERVATION>
output = {
'bullet_points': [
"Reduce medical errors by 25%
within one year of implementing
the new EHR system."”,
"Increase patient satisfaction
with the EHR system by 10%
within one year of
implementation."”,
"Reduce administrative costs
associated with the EHR system
by 15% within one year of
implementation.”
i
'chosen_heading ': 'Project
Objectives ',
'"heading_index ': 1,
"answer ': 'Project Objectives'
}</0BSERVATION>
<ANSWER >
Project Objectives
</ ANSWER >

<LONG_COT>

Got it, let's see. The question is about
finding the right heading for those

bullet points. First, I need to remember
what each section title means.

The bullet points are all about specific
, measurable goals: reduce errors by
25%, increase satisfaction by 10%,
reduce costs by 15. All within a year of

implementing the EHR. \n\nNow look at
the options:

- Potential Solutions: That's what you
might do to solve a problem, not the
goals.

- Project Objectives: Objectives are the
specific goals a project aims to
achieve. That fits because these are the
things the project (implementing the
EHR) wants to accomplish.

- Statement of the Problem: That's about
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the issues or problems that need to be
addressed, not the goals.

- Implementation Plan: That's how you'll
carry out the project, like steps or
timeline, not the goals themselves.

So the bullet points are clearly the
objectives of the project. The heading
should be Project Objectives.
</LONG_COT >

<ANSWER >

Project Objectives

</ANSWER >
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