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Abstract

Multimodal Large Language Models (MLLMs) have shown
advanced performance in vision-language tasks. However,
existing multimodal reasoning models often suffer from ex-
cessive reasoning steps, leading to high computational costs
and inefficiency. In this paper, we propose the Multimodal
Adaptive Reasoning Model (MARS), which enables adap-
tive adjustment of the reasoning strategy based on ques-
tion difficulty. Specifically, MARS adopts a three-stage train-
ing framework based on our constructed training dataset
(MART): 1) CoT Masking Learning to enhance reasoning
logicality by predicting masked reasoning steps. 2) Adap-
tive Reasoning Instruction Learning to train the model to
skip or keep reasoning steps according to difficulty levels. 3)
CoT Lightweight Reinforcement Learning with the Informa-
tion Bottleneck Principle based GRPO algorithm to reduce
CoT length while maintaining performance and generaliz-
ability. Results on both in-domain and out-of-domain datasets
show that MARS significantly reduces the CoT length (90.2%
decrease) while improving accuracy (0.54%), outperforming
existing SOTA open-source and proprietary MLLMs.

Introduction

Multimodal Large Language Models (MLLMs) demonstrate
strong perception and understanding capabilities in mul-
timodal understanding (Xia et al. 2024) and visual ques-
tion answering (VQA) (Zheng et al. 2024) by fusing mul-
timodal information (Li et al. 2023; Fan et al. 2024). Cur-
rent MLLMs can be categorized into non-thinking mod-
els (Chiang et al. 2023; Wu et al. 2024; Bai et al. 2025) and
thinking models (Team et al. 2025; Anthropic 2025). Non-
thinking models usually have strong instruction-following
capabilities and generate responses efficiently, making them
suitable for a wide range of daily question answering
(Q&A) tasks (Touvron et al. 2023). However, these mod-
els show significant performance deficiencies when dealing
with complex, multi-step reasoning tasks (Lu et al. 2023;
Wang et al. 2024a). Thinking models, on the other hand,
construct long Chain-of-Thought (CoT) to derive answers
step by step, and show better accuracy and stability in tasks
that require complex logical reasoning. However, the pro-
cess of generating CoT is often time-consuming and requires
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Figure 1: Output length of Mimo-RL (baseline) and MARS
across question difficulty (easy: green, medium: yellow,
hard: red, overall: blue). Details are shown in Table 4.

high computational cost (Sui et al. 2025; Yang et al. 2025).
To address the limitation, some studies use selective decod-
ing methods to determine early stopping by confidence (Baj-
pai et al. 2023; Wei et al. 2025), while other works compress
the CoT length by analyzing the contribution of CoT tokens
to the final answer (Xia et al. 2025; Wang et al. 2025a).

However, 1) most of works focus on unimodal reason-
ing tasks (e.g., math). 2) Existing studies also ignore the
question difficulty rating for adaptive reasoning. 3) The lack
of high-quality training data for multimodal reasoning leads
to significant performance decreases due to compression of
the CoT. Accordingly, we aim to make MLLMs capable
of adaptive thinking, intelligently adjusting reasoning strat-
egy according to the difficulty level of the question, leading
to efficient and accurate answer generation. For easy ques-
tions, the model does not need a lengthy CoT and should
skip the reasoning steps to provide the answer directly. For
medium-difficulty questions, reasoning steps are necessary
to improve accuracy but should be kept concise. For hard
questions, we enhance reasoning logic and penalize repeated
ineffective steps to avoid overthinking.

We propose the Multimodal Adaptive Reasoning Model
(MARS). As shown in Fig. 1 and 2, MARS enables adap-
tive reasoning based on question difficulty, and significantly



Question (Easy)

Which point within the image reaches the
deepest depth?
A.Point A B. Point B C. Point C

Question (Medium)

Question (Hard)

Compare the average kinetic energies of the particles in
each sample. Which sample has the higher temperature?
A. sample A B. sample B C. neither; the samples have

This is a Geometry

question, and I'm unsure
about the correct choice

Image:
A square sheet of paper has area
6 cm’. The front of the sheet is

d |
| |
| |
| |
| |
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: 14.97 || the same temperature among the given choices = white and the back is black.
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| : mw's w/s error in all the provided ' vz 133
| 0.00 . . choices given in the text. (4)5 (B)2vz (©) 150 (D) 45
: imo-RL: <think> (1135 Tokens) || Mimo-RL: <think> (594 Tokens)
Mimeo-RL: <thin| 5 Tokens o

: So, let's look at the depth scale on the : S/(t);;l};t sArii‘ﬂ the formula ..ooc oo Mimo-RL: <think> (Overthinking: 14526 Tokens)
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I </think> C | </think> D X
: Il MARS: <think> (96 Tokens)
: MARS: <think> : difficulty: <[difficulty start|>medium<|difficulty end|> MARS: <think> (585 Tokens)
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Figure 2: Comparison of the MARS and Mimo-RL models in multimodal reasoning Q&A tasks of different difficulty levels.

reduces the CoT length compared to the baseline Mimo-
RL (90.2% overall decrease), while maintaining good per-
formance (MARS-42.31% VS Mimo-RL-41.77%). Specifi-
cally, we design a three-stage training framework to achieve
the adaptive reasoning. CoT Masking Learning: We ran-
domly mask reasoning steps in the CoT and train the model
to reconstruct the missing parts from contextual logic, en-
hancing its understanding of the reasoning process and
mitigating overthinking caused by internal logical errors.
Adaptive Reasoning Instruction Learning: We instruct
the model to determine the difficulty level of the question
(easy/medium/hard) before reasoning. For easy questions,
the model skips the reasoning step and answers directly;
for medium and hard questions, model remains the reason-
ing step and generates CoT before giving the answer. CoT
Lightweight Reinforcement Learning: we propose IB-
GRPO by combining the Information Bottleneck (IB) Prin-
ciple with the Group Relative Policy Optimization (GRPO)
algorithm. This approach maintains performance while en-
couraging the model to reduce CoT length based on ques-
tion difficulty through a hierarchical length penalty reward,
achieving a balance between accuracy and efficiency.

Our contributions are summarized as follows: 1) We
propose a three-stage training framework of “CoT Mask-
ing Learning—Adaptive Reasoning Instruction Learning—
CoT Lightweight Reinforcement Learning”, which effec-
tively achieves the adaptive adjustment of reasoning strat-
egy. 2) We construct a Multimodal Adaptive Reasoning
Training Dataset (MART-Dataset), with more than 38,000
human annotated high quality samples from 18 domains and
105 sub-domains, for three-stage training. 3) We propose
the IB-GRPO algorithm, and design a hierarchical length
penalty reward based on the question difficulty to effectively
achieve accurate and low-redundancy CoT generation.
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Related Works
Thinking and Non-Thinking MLLMs

“Thinking” MLLMs generate intermediate reasoning pro-
cesses (e.g., CoT) in multimodal tasks, while “non-thinking”
MLLMs generate final answers directly from multimodal in-
puts (Yue et al. 2025¢; Wang et al. 2025b; Zhang et al. 2025).

Specifically, non-thinking MLLM focuses on cross-modal
alignment and instruction following by inputting visual fea-
tures into a language model through a projection layer, and
then fine-tuning the model with multimodal data to enable
direct answer generation (Dai et al. 2023; Yue et al. 2023;
Zhu et al. 2024). This end-to-end training process is sim-
ple and efficient but lacks intermediate validation, and thus
tends to be incapable of multi-step logic questions (Wang
et al. 2022; Zhao et al. 2023; Yue et al. 2024).

Thinking MLLMs (Xu et al. 2024; Kil et al. 2024), on the
other hand, add the intermediate CoT during training and
inference. MLLMs that employ explicit “thinking” outper-
form direct-response models on complex reasoning tasks.
The CoT enables the model to utilize multimodal informa-
tion step-by-step and avoid omissions (Cheng et al. 2025),
resulting in better performance on tasks such as scientific
Q&A (Wang et al. 2024c; Yue et al. 2025a). However, it is
always accompanied by longer response and higher compu-
tational cost (Qiao et al. 2025; Yue et al. 2025b).

Overthinking Optimization

With the adoption of CoT in large language models, re-
searchers have observed that the generated reasoning pro-
cesses are often excessively long and contain redundant
steps (Bajpai et al. 2023; Sui et al. 2025). Although appro-
priate step-by-step reasoning can enhance the performance
of complex tasks (Kang et al. 2025), excessively long CoTs



CoT Masking Learning

stepl: It lists the race number, race title,
circuit, city/state, date, winner, and team
for each of the eight races in the
championship.

<mask>

step3: However,...... step4:
step5: ...... step6: As a result, choice (C)
in the given text is the right answer.

3

-
Model Output

Target Output ()

Model Input

Query

step2: From the table, ......, as evidenced
by Jim Richards' victory for Volvo Racing
in one of the races.

Adaptive Reasoning Instruction Learning

Instruction: Please answer the question based on the
image and follow this format: 1. First determine the
difficulty level (easy/medium/hard). 2. If easy, provide
null reasoning; if medium/hard, provide step-by-step
reasoning. 3. Finally provide the answer.

Use this exact template format: <think>difficulty:
easy/medium/hard, reasoning: null/step-by-step </think>
answering: answer

2 2
-
Target Out!)ut Q)

<think> difficulty:<|difficulty start/>easy/medium/hard
<|difficulty_end|>

reasoning: <|reason_start/>stepl:
<[reason_end|> </think>
answering: <|lanswer_start[>Final answer<|answer_end|>

Model Input

Query

Model Output

Model Input

CoT Lightweight Reinforcement Learning
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Figure 3: Our proposed three-stage training framework.

often introduce redundant steps and repetitive content (Xue
et al. 2023; Yu, Ma, and Wang 2025), thereby increasing
computational cost and potentially leading to error accumu-
lation, which is termed as “Overthinking”.

To address the challenge of overthinking, researchers
have proposed various optimization strategies. Google pro-
poses the CALM method (Schuster et al. 2022) to design
a confidence-based early stopping mechanism. The AoT-O3
method (Sel et al. 2025) plans the solution in Algorithm-
of-Thought style and penalizes unnecessary steps through a
reward function. The TokenSkip method (Xia et al. 2025)
compresses the CoT length by analyzing the contribution of
tokens in a long CoT to the final answer and skipping those
tokens and sentences with low contribution.

Although recent works have made progress, they ignore
hierarchical thinking based on the question difficulty. Many
easy questions in daily Q&A scenarios do not require com-
plex reasoning. In addition, for extremely difficult questions,
even generating a lengthy CoT may still lead to incorrect
answers, resulting in an inefficient and fruitless “pseudo-
thinking” process. Therefore, it is crucial to enable multi-
modal reasoning models to adaptively adjust their reasoning
strategy and improve their logical consistency in CoT gen-
eration.

Methodology

To address the overthinking issue in current multimodal rea-
soning models, we propose the Multimodal Adaptive Rea-
soning Model (MARS). As shown in Fig. 3, the model adap-
tively adjusts the depth of reasoning according to the dif-
ficulty of questions by the three-stage training framework,
which improves the reasoning efficiency and reduces the
computational cost while ensuring the accuracy.

CoT Masking Learning

In the first stage, we train the model to complete reasoning
chains by randomly masking parts of the reasoning steps in
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the training data, aiming to enhance its ability to understand
and reconstruct the underlying logical structure of the rea-
soning chains. The target of this stage is to enhance the fun-
damental ability of the model to generate logically coherent
CoTs, while enhancing reasoning robustness and reducing
overthinking caused by errors in the CoT.

Given a CoT R = {ry,r9,...,7,} composed of n rea-
soning steps, we randomly sample one step 7 as the target
step to be predicted, and construct an incomplete chain R¥.
The model is then tasked to predict the missing step r based
on the provided question ¢, answer a, image I, and the in-
complete CoT RF. The training objective is to minimize the
negative log-likelihood (NLL) loss of the predicted reason-
ing step. Formally, the objective function is:

T
Lmask = _Zlogp(yt | y<t7Qaa7Rk7I;9)7 (1)
t=1

where r, = {y1,y2,...,yr} is the tokenized ground-truth
reasoning step, 6 denotes the model parameters.

Adaptive Reasoning Instruction Learning

In the second stage, we design a training approach with
task instruction that prompt the model to evaluate the dif-
ficulty level of a question [easy / medium / hard] before
generating the CoT and answer. The model then determines
whether to perform CoT based on the predicted difficulty
level: easy questions are answered directly, while medium
and hard questions are answered by generating a CoT first.
This stage enables the model to classify question difficulty
and selectively apply CoT, allowing for dynamic adjustment
of its reasoning process.

Given a question ¢, an image I, and the answer a, the
training instance also includes a labeled difficulty level d &
{easy,medium, hard} and the CoT R = {ry,ro, ..., 75 }.
Based on these inputs, the model is trained to generate a



structured output in the specified format (shown in Fig. 3).
If the difficulty level is easy, the reasoning part R is set
to null. Otherwise, the model must generate a step-by-step
CoT.

x denote the full input consisting of the question, image,
CoT, labeled difficulty level, and instruction. y denote the
expected output (answer). We optimize the model using the
standard language modeling objective:

T
Eada = - Z IOg P(yt | Y<t, T3 9)
t=1
Here, T is the length of the target output y, y; is the t-
th token in the output sequence, y~; denotes all previously
generated tokens before time ¢, and 6 represents the model
parameters.

@

CoT Lightweight Reinforcement Learning

In the third stage, on the basis of the model’s adaptive rea-
soning ability, we further optimize its ability to control the
length of the CoT through reinforcement learning. We in-
troduce the Information Bottleneck Principle to improve the
GRPO algorithm, and train the model to retain key informa-
tion and compress redundant content. In addition, we design
a hierarchical length penalty reward that constrains the CoT
length based on question difficulty, encouraging the model
to reduce redundant reasoning while ensuring the efficiency
of the CoT.

Reward Computation The reward r is computed by com-
bining two components: the relaxed answer evaluation and
the length penalty based on question difficulty.

We evaluate the correctness of @ against the ground-truth
answer a using the relaxed accuracy criterion (Methani et al.
2020) to calculate the accuracy (acc [0,1]). If both answers
are numerical values (including percentages), we allow a rel-
ative error tolerance ¢ (e.g., 5%).

Next, we define the length penalty as a ReLLU-style linear
function of output length L:

Penalty(L) = A - max(0, L — T). (3)

Here, L is the token count of output y, A is a difficulty-
dependent penalty coefficient, and T is a threshold beyond
which overthinking is penalized. These values are set based
on difficulty level d € {easy,medium, hard}:

(X, Te) ifd=easy
ANT)=< (Am,T) ifd=medium
()\haTh) if d = hard

Finally, the reward is:

r=acc — A-max(0,L—T). 4)

Information Bottleneck (IB) Based GRPO Optimization
We propose the IB-GRPO algorithm, which combines the
Information Bottleneck (IB) Principle with the GRPO algo-
rithm to encourage the model to generate concise and accu-
rate CoT. The IB Principle seeks an intermediate representa-
tion Z that retains essential task-relevant information while
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discarding irrelevant details from input X. This is achieved
by minimizing I(Z; X') while preserving I(Z;Y).
I(Z;X) =B 1(Z;Y). )

min

p(Z|X)

We approximate I(Z; X) via the token-level output en-

tropy and a confidence-based regularization term that en-

courages peaked distributions. Specifically, for each output
token y;, we define:

T

> (ol @) =79 (po(- | 2,t))]

t=1

—> oy =i | w)logpe(ye = j ) ©
t=1 7

—v-mjaxpe(yt =7l x)] ,

where H(-) denotes the entropy, (:) denotes the maxi-
mum confidence, and y is the confidence margin coefficient.
po(y: = j | =) denotes the predicted probability of token
J at position t given input z. This encourages the model to
reduce distributional entropy while increasing confidence in
dominant predictions.

To optimize with reinforcement signals, we follow the
GRPO algorithm. Let ¢ denote current model parameters
and 6,4 the frozen baseline. For each input x, K responses
{y1,...,yx} are generated (temperature=0.6), with asso-
ciated rewards {ry,..., 7k }. The normalized advantage is
computed as:

Tk — Wy
)
Op + €std

1 K
Ay 7 2 (7)
k=1
where 1, = & 34 74, € = 1078, The GRPO objective
is:

K

1 . .
Lorro = — 4 > min (pr A, clip(px, 1
k=1

— €, 1+ GC)Ak) R

®)
where pp = exp (log pg(yk | ©) — log pa,, (yk | ) denotes
the likelihood ratio between current and baseline policies.
€. = 0.2. Finally, the IB-GRPO optimization objective:

Lig-crro = Lcreo + a - Lig, 9)
where « is the coefficient controlling the strength of infor-
mation compression.

Compared to the standard GRPO algorithm, our IB-
GRPO introduces a structured inductive bias inspired by the
Information Bottleneck Principle. By penalizing dispersed
representations and redundant outputs, the model is encour-
aged to generate shorter and coherent reasoning chains. Un-
like the standard GRPO, which often produces lengthy CoT,
IB-GRPO achieves comparable accuracy with significantly
more concise CoT.



MART-Dataset

Training for multimodal adaptive reasoning model relies on
a large amount of high-quality data. Therefore, we con-
struct a Multimodal Adaptive Reasoning Training Dataset
(MART-Dataset) for multimodal adaptive reasoning task
training. We sample data from 21 publicly available mul-
timodal Q&A datasets covering a total of 18 main domains
and 105 subdomains. The dataset contains 38,148 samples
and 42,947 CoT steps (shown in Fig. 4 and Table 1). We di-
vide the MART-Dataset into three subsets, which are used
for the three-stage training. All of the total 36,019 samples
used for training stages 2 and 3 are classified into three dif-
ficulty levels for each question by human annotators with
following criteria. Easy: questions that can be answered di-
rectly by extracting a small amount of explicit information.
Medium: questions that require comparison, combination, or
simple computation of multiple elements in the image. Hard:
questions that need to be answered through lots of steps of
logical reasoning and integration of specialized knowledge.
Each difficulty label is annotated by two annotators, with
disagreements resolved by a extra annotator. Final labels are
determined by majority vote.

Stage 1: CoT Masking Learning. The goal of this train-
ing stage is to avoid the problem of “wrong answers and
overthinking due to flawed CoT steps” by training the model
to complete the masked CoT steps and improve its logical
consistency and causal reasoning ability. We select samples
with a complete CoT from publicly available multimodal
reasoning Q&A datasets. After first filtering, we collect over
10,000 raw samples. Then, to ensure that the questions are
challenging, we use five MLLMs to answer the collect Q&A
samples and set the following filtering strategy: A sample
is retained if the corresponding question is incorrectly an-
swered by more than three MLLMs, indicating that it is chal-
lenging. With the above two-stage filtering strategy, we fi-
nally select 2,129 high-quality samples, containing 24,984
CoT steps. Each sample contains image, question, answer,
and CoT.

Stage 2: Adaptive Reasoning Instruction Learning. To
achieve the adaptive reasoning capability, we construct a
subset for the instruction fine-tuning in the second stage,
aiming to instruct the model to adjust its depth of thinking
according to the question difficulty, thus achieving a bal-
ance between efficiency and performance. The subset con-
tains 5,193 multimodal Q&A samples, each with human an-
notated difficulty level labels [easy, medium, hard] and the
complete CoT, covering 17,963 high-quality CoT steps. Un-
like the first stage which focuses on the CoT complemen-
tation, the training objectives in this stage include the fol-
lowing two main aspects: 1) Question difficulty perception
ability: the trained model has the ability to classify the dif-
ficulty level of the input question, which provides the basis
for the subsequent reasoning strategy selection. 2) Adaptive
reasoning ability following instructions: the trained model
outputs according to the template, including difficulty level,
reasoning steps, and final answer. For easy questions, the
model should skip the reasoning steps and answer directly;
for medium or hard questions, it should generate a CoT be-
fore giving the answer (shown in Fig. 3).
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Figure 4: Statistics of domains for the MART-Dataset.

Training Stage Sample CoT Step
Stage 1 2129 24984
Stage 2 5193 17963
Stage 3 30826 -

Total 38148 42947

Table 1: Statistics of three-stage sample numbers.

Stage 3: CoT Lightweight Reinforcement Learning.
The third training stage aims to further compress redundant
CoT while maintaining performance, enhancing both rea-
soning efficiency and generalization. To support this train-
ing stage, we construct a subset of over 30,000 multimodal
Q&A samples. All samples have human-annotated difficulty
level labels. This subset is used to train the model by the pro-
posed hierarchical CoT length penalty reward and the IB-
GRPO algorithm, making the model to generate more con-
cise CoT according to different question difficulty.

Experimental Setup

Baselines: To comprehensively evaluate the performance
of our proposed MARS model, we conduct comparisons
with 19 proprietary and open-source MLLMs, covering
the parameter scale from 1B to 1000B+. The propri-
etary models include the GPT series (GPT-40, GPT-4o-
mini) (Achiam et al. 2023), Gemini series (e.g., Gemini-
2.0-Flash-Thinking) (Team et al. 2024), and the Claude se-
ries (e.g., Claude 3.7) (Anthropic 2025). For the open-source
MLLMs, we select Qwen series (Bai et al. 2025), LLaVA-
1.5 (Liu et al. 2024), Chart VLM (Xia et al. 2024), Kimi-VL-
A3B-Thinking (Team et al. 2025), MM-CoT (Zhang et al.
2024), MMR (Wei et al. 2024), MC-CoT (Tan et al. 2024),



O T LLM-Acc R-Acc

7B+ MLLMs
Claude-3-Haiku X X 17.81 14.33
GPT-40-Mini X X 27.46 25.17
Gemini-Pro-Vision X X 32.83 32.14
Gemini-2.0-Flash-T X Vv 30.05 33.53
Claude-3-7-Sonnet-T X v 33.63 38.81
GPT-40 X X 33.63 41.79

3B-7B MLLMs
ChartVLM v X 13.83 8.96
Qwen-VL v X 21.98 22.98
Kimi-VL-A3B-Instruct v X 24.68 25.10
Kimi-VL-A3B-Thinking vV 26.56 27.78
Mimo-VL-7B-SFT v X 33.11 37.96
Mimo-VL-7B-RL v / 33.29 41.77
MARS (7B)(Ours) v / 34.21 42.31

Table 2: Results of the out-of-domain evaluation on Scichart.
O=0Open source. T=Thinking model.

Chameleon (Team 2024), CogVLM (Wang et al. 2024b),
and Mimo-VL (Xiaomi 2025).

Datasets: Since most of the well-known datasets included
training subsets have been sampled for the diversity of our
MART-Dataset, we conduct in-domain and out-of-domain
evaluation for fair comparisons. We select the sampled
M3CoT dataset for the in-domain evaluation. We compare
our MARS with other models that have also been trained on
M3CoT training set. To test generalizability and robustness,
we use the SciChart dataset for the out-of-domain evalua-
tion. This dataset has not been trained for any models and re-
flects real-world scientific chart-based Q&A scenarios. The
evaluation is conducted under the “zero-shot” setting with-
out any additional fine-tuning or adaptation.

Settings: We use the Mimo-VL-7B-RL model as the back-
bone model. AdamW is the optimizer with a learning rate
of 2 x 107°. X\, = 0.03,T, = 32,\,, = 0.001,T},
512, \;, = 0.0005,7}, = 1024; o« = 0.5,y = 0.01. For gen-
eration, we use sampling with Top-p = 0.95. For proprietary
models, we use the official API. For open-source models, we
use the official GitHub or Huggingface code and reproduce
it using the default parameters in the paper. We conduct ex-
periments using eight GPUs (H20-96 GB), and report the
average results over five runs.

Evaluation: Following Bai et al. (2023) and Xia et al.
(2024), we use Relaxed-Accuracy (R-Acc) (Methani et al.
2020) and LLM-Accuracy (LLM-Acc) (Xia et al. 2024) for
SciChart dataset. Accuracy (Acc) is used for M3CoT dataset.

Results

Out-of-Domain (SciChart) Performance As shown in
Table 2, on the SciChart dataset, we find that the thinking
capability leads to a significant improvement. The Kimi-
VL-A3B-Thinking model improve the R-Acc by 2.68%
(from 25.10% to 27.78%) compared to its non-thinking ver-
sion. The Mimo-VL-RL model further improved the R-Acc
from 37.96% to 41.77% with the enhanced thinking mech-
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Parameter Acc
0-1B MLLMs
MM-CoT-base 0.2B 44.85
MM-CoT-large 0.7B 48.73
MMR 0.8B 50.64
MC-CoT-base 0.2B 53.51
MC-CoT-large 0.7B 57.69
7B-17B MLLMs
Chameleon 7B 32.30
Qwen2-VL 7B 46.00
LLaMA-Adaper 7B 54.89
LLaVA-V1.5 7B 56.74
CogVLM 17B 58.25
LLaVA-V1.5 13B 59.50
MARS (Ours) 7B 62.55

Table 3: Results of the in-domain evaluation on M3CoT.

anism, on the basis of the excellent performance achieved.
This trend suggests the importance of training models to
think before answering to improve accuracy in complex
tasks. Our proposed MARS model effectively compresses
the CoT length while enabling multimodal adaptive reason-
ing. Results indicate that MARS maintains strong perfor-
mance and achieves state-of-the-art results, with an R-Acc
of 42.31%. This surpasses the base model Mimo-VL-7B-RL
(41.77%), as well as all open-source models and leading pro-
prietary MLLMs, including GPT-40 (41.79%) and Claude-
3-7-Sonnet-Thinking (38.81%).

In-Domain (M3CoT) Performance Since we sample
data from the M3CoT training data to construct our MART-
Dataset, to ensure a fair comparison, we compare MARS
with models that are also trained on M3CoT training set. Ta-
ble 3 shows the performance of current mainstream models.
In the small model group (0-1B), the best performing model
is MC-CoT-large with an accuracy of 57.69%. In the large
model group (7B-17B), several models based on LLaVA and
CogVLM perform well. LLaVA-V1.5-13B achieves the best
accuracy of 59.50%. Our MARS model achieves 62.55%
accuracy using 7B parameters, significantly outperforming
compared models with even larger number of parameters.

Adaptive Reasoning Results For further analysis of per-
formance in different types of questions, we perform break-
down analysis on five types of questions in the SciChart
dataset, including Peak Number, Shape, Peak Position, Peak
Value, and Full Width at Half Maximum (FWHM). We
count the length of the model response for each type of ques-
tion (token number) and accuracy (R-Acc) performance, as
shown in Table 4. From the overall results, MARS signifi-
cantly reduces the tokens required for reasoning while main-
taining accuracy, with the overall R-Acc increasing from
41.77% to 42.31%, while the number of reasoning tokens
decreases considerably from 980.09 to 95.81 (dropped by
90.22%). In terms of question types, it is observed that
MARS has excellent adaptive reasoning ability in differ-
ent difficulty questions: For the easy type questions such



SciChart Peak Number Shape Peak Position Peak Value FWHM Overall
R-Acc Avg. T. R-Acc Avg. T. R-Acc Avg. T. R-Acc Avg.T. R-Acc Avg.T. R-Acc Avg. T
Kimi-VL 38.02 871.23 49.34  509.69 21.21 95461 17.86 102950 9.23 140041 27.78 939.33
Mimo-RL 56.25 424.08 5022 159.87 48.99 2302.03 35.18 1216.52 16.95 90247 41.77  980.09
A (vs Mimo)  11.87 [|87.27% 1194 [6747% 1043 |9533% 10.71 ]92.72% [1.56 179.67% 10.54 ]90.22%
MARS (Ours) 58.12 5398 52.16 52.01 4856 10747 3589  88.54 1539 18345 4231 9581

Table 4: Breakdown results on different difficulty-level five question types. Avg. T.=average tokens. Kimi-VL=Kimi-VL-A3B-

Thinking (16B/A3B), Mimo-RL=Mimo-VL-RL (7B).

as Peak Number and Shape, MARS increases the R-Acc
by 1.87% and 1.94% respectively, while the number of to-
kens decreases by 87.27% and 67.47% respectively, indi-
cating that the model effectively “skips unnecessary think-
ing” and directly gives the correct answer. For medium-
difficulty questions (Peak Value and Peak Position), MARS
maintains strong performance stability. The performance of
Peak Value is especially outstanding, as the R-Acc increases
by 0.71% even though the number of tokens decreases by
92.72%. On the hard FWHM questions, the R-Acc of MARS
decreases slightly (1.56%), but the number of tokens de-
creases by 79.67%, which indicates that the model can still
maintain a good reasoning ability in the face of complex
task, even though it is limited by the reasoning length.

Analysis of the Max Thinking Length Recent stud-
ies (Team et al. 2025) point out that max-thinking-length
significantly affects reasoning performance, we set differ-
ent maximum thinking length to evaluate the performance
of three thinking models, as shown in Fig. 5. From the over-
all trend, KIMI-VL-Thinking (16B/A3B) and Mimo-VL-RL
(7B) models show a significant decrease in R-Acc under
the reasoning length limitation. KIMI-VL-Thinking model
shows a decrease from 27.78% to 22.72% when the max-
imum think length is reduced from 30k to 0.5k, and only
21.34% at the extreme limitation (0.1k). Mimo-VL-7B-RL
shows a relatively smaller decrease under the same limita-
tions, but it still decreases from 41.77% to 33.43% and the
R-Acc drop reaches 8.34%. In contrast, MARS shows sig-
nificantly adaptability. Even when the maximum thinking
length is reduced from 30k to 0.5k, the accuracy decreases
by only 1.35% (from 42.31% to 40.96%), and the leading
performance is maintained across all length limitations.

Ablation Study To verify the effectiveness of each train-
ing stage and the proposed IB-GRPO algorithm, we con-
duct ablation study (shown in Table 5). Specifically, we re-
move or combine four parts in our model: CoT Masking
Learning (Mask), Adaptive Reasoning Instruction Learning
(Ins.), CoT Lightweight Reinforcement Learning (RL), and
IB-GRPO algorithm (IB-GRPO). Using only Stage 2 and
Stage 3, although the reasoning length is reduced (258.33 to-
kens), the accuracy decreases to 38.23%, indicating that the
lack of training on the logical structure of the CoT reduces
the model’s reasoning ability. In the case of the raw GRPO
algorithm without IB-GRPO, the accuracy of the model af-
ter the complete three-stage training is 41.68% with an av-
erage output length of 256.68. After introducing our pro-

34545

45 o2 40.96 41.78 42.15 42.31 42.31
38.69 : — & —— &
_ o 4102 4169 4177
_m— 3953 4036
35 " 372
g 3
g 33.43 2739 27.68 2768  27.78
I~
25| 5134 2219 2272 KIMI-VL-A3B-Thinking
—# Mimo-VL-7B-RL
—A—MARS
15
0.1 0.2 0.5 1 2 4 30
Max Thinking Length (k tokens)
Figure 5: Analysis of the max thinking length.
Mask Ins. RL IB-GRPO R-Acc Avg T.
X X X X 41.77  980.09
X v v X 38.23  258.33
v v X X 40.68  218.65
v X v X 41.15  686.17
v v v X 41.68  256.68
v v v v 42.31 95.81

Table 5: Ablation study. Avg. T.=average tokens.

posed IB-GRPO algorithm, the model achieves a remarkable
compression effect by further decreasing the average tokens
from 256.68 to 95.81 while achieving the accuracy improve-
ment (42.31%). This verifies that the Information Bottleneck
Principle and the hierarchical length penalty reward we in-
troduced are crucial for adaptive reasoning optimization.

Conclusion

In this paper, we propose MARS, a Multimodal Adap-
tive Reasoning Model that adaptively adjusts its reasoning
strategy based on question difficulty. We introduce a three-
stage training framework using the improved IB-GRPO al-
gorithm. The MART-Dataset with over 38k high-quality
human-annotated samples is constructed to support adap-
tive reasoning training. Experimental results demonstrate
strong generalization on both in-domain and out-of-domain
datasets. This work highlights the importance of adaptive
reasoning strategies in improving the efficiency and flexibil-
ity of multimodal reasoning models.
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