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Abstract. Multimodal large language models have demonstrated strong
document reasoning capabilities by incorporating explicit thinking pro-
cesses. While this capability significantly improves performance on chal-
lenging tasks, current models apply such deep reasoning uniformly to all
questions, resulting in unnecessary computational overhead for simple
task. This not only degrades user experience but also negatively impact
accuracy on benchmark datasets. We identify the critical need for adap-
tive thinking mechanisms that can intelligently determine when to en-
gage reasoning based on question complexity. To address this, we propose
AdaThinking-E, a novel reinforcement learning framework that learns
adaptive thinking through one-token entropy regulation. Our key insight
is that model confidence in the decision to engage thinking (or not)
can be quantified through entropy analysis of the predicted probability
distribution at critical decision tokens. This observation motivates our
entropy-governed reward mechanism: the training process naturally tran-
sitions from high-entropy exploration, where the model experiments with
different thinking strategies, to low-entropy convergence with confident,
generalizable decision-making policies. Crucially, this approach enables
models to intrinsically discover when to think without requiring manual
intervention or external difficulty labels. Extensive experiments demon-
strate that our approach enables models to be both accurate on complex
problems and efficient on simple ones across diverse document tasks.
Code is available at https://github.com/PriNing/AdaThinking-E.
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1 Introduction

Multimodal large language models (MLLMs) [55–57] have demonstrated remark-
able capabilities in document understanding, ranging from visual text recogni-
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Fig. 1: Different RL training paradigms for the mode switch token in adaptive think-
ing models: (a) Externally Controlled Thinking, the prompt explicitly specifies
the output mode (thinking or non-thinking); (b) Existing Adaptive Thinking, the
model adaptively switches between thinking and non-thinking modes via special token,
using the rule reward values involving subjective human judgments to learn when to
think; (c) Our proposed AdaThinking-E, mode switch token and response tokens are
optimized separately. Entropy regulation is employed to encourage the model to tran-
sition from autonomous exploration to confident decision-making, free from subjective
human bias, thereby achieving truly adaptive thinking.

tion to sophisticated reasoning that solves solid geometry problems, interprets
complex layouts, and answers logic-intensive questions. This progress is largely
driven by recent advances in reinforcement learning [35, 59, 72], which enable
models to generate step-by-step explanations for complex questions.

However, many everyday question don’t require such deep reasoning. Con-
sider a simple question like "Which department issued this memo?"—the an-
swer can be directly extracted from the document header. When applying deep
reasoning to all questions, they incur unnecessary computational overhead on
simple queries and may even introduce hallucinations through excessive delib-
eration. Therefore, we argue document MLLMs require an adaptive thinking
mechanism [66,67,78, 86] that intelligently determines when to engage thinking
based on question complexity. This adaptive capability would enable models to
be both accurate on complex problems and efficient on simple ones.

Despite its importance, adaptive thinking remains largely unresolved. Cur-
rent mainstream MLLMs [5,9,76,77] rely on manual intervention for mode selec-
tion, which lacks flexibility and requires predefined rules that fail to generalize,
as illustrated in Fig. 1(a). Alternative approaches [8, 33, 41, 60] label question
difficulty explicitly, but this introduces subjective judgments, incurs high anno-
tation costs, and ultimately teaches models to follow external labels rather than
develop genuine adaptive capabilities, as illustrated in Fig. 1(b).

To deeply analysis the adaptive thinking behavior, we revisit the probability
distributions of predicted tokens, where the MLLM estimates the conditional
probability of the next token based on previously generated tokens. Intuitively,
the transition between modes is governed by special tokens within the output. If



AdaThinking- 3

the model confidently identifies a question as simple, it assigns a higher proba-
bility to the token representing the non-thinking mode. In contrast, for complex
queries, tokens should have higher probabilities to initiate substantive reason-
ing. Entropy, which quantifies uncertainty in probability distributions, naturally
serves as an indicator of the model’s confidence in mode selection.

This insight motivates our formalization of adaptive thinking as an entropy-
governed curriculum: transitioning from high entropy states with uncertain mode
decisions (exploration) to low entropy states with confident decisions (conver-
gence). During early training, high entropy at mode-switching tokens ensures
balanced exploration of both thinking and direct-answer modes. During later
training, low entropy ensures consistent, confident mode selection aligned with
question complexity.

To achieve this goal, we propose AdaThinking-E, a reinforcement learning
framework that learns adaptive thinking through targeted entropy regulation at
critical decision tokens, as illustrated in Fig. 1(c). The core innovation lies in in-
dependently rewarding entropy dynamics at mode-switching positions: we assign
higher advantages to high-entropy outputs in exploration stages and low-entropy
outputs in convergence stages, enabling a principled transition from uncertainty
to consistency. This mechanism encourages intrinsic self-discovery of when to
think rather than relying on externally injected mode identifiers. Unlike existing
adaptive thinking strategies, we depart from hand-crafted definitions of whether
a query necessitates an internal thinking process. Instead, we encourage the
model to autonomously explore when to think by regulating the entropy. Fur-
thermore, our decoupled optimization scheme ensures that the actual content of
the response focuses exclusively on accuracy, remaining independent of whether
the optimal mode selection is achieved.

While our entropy-based framework provides the mechanism for adaptive
thinking, effective training requires a dataset that captures the full spectrum of
question complexity in document understanding—from simple extraction queries
to complex reasoning tasks. To address this gap, we construct AdaThinking-Doc,
a document-oriented adaptive thinking dataset designed specifically for training
models to develop complexity-aware reasoning capabilities.
In summary, our contributions are three-fold:

– We propose AdaThinking-E, a novel RL framework that learns adaptive
reasoning through entropy-regulated curriculum learning. Unlike prior work
requiring manual mode selection or difficulty labels, our approach enables
models to intrinsically discover when to think through entropy rewards at
decision points.

– We introduce AdaThinking-Doc, the first document understanding dataset
designed for adaptive thinking.

– Extensive experiments demonstrates that AdaThinking-E achieves state-of-
the-art performance across multiple benchmarks, while matching the effec-
tiveness of thinking models with significantly lower token consumption.
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2 Related Work

2.1 MLLMs for Document Understanding

MLLMs demonstrate substantial potential in visual document understanding
(VDU). Based on how multimodal features are extracted, these methods can be
broadly categorized into OCR-dependent MLLMs [19–24,38,39,42,47,48,64,68]
and OCR-free MLLMs [11, 16, 17, 25, 26, 30, 31, 40, 43, 58, 70, 75, 81, 84, 87, 90].
OCR-dependent MLLMs leverage existing OCR models to extract textual and
layout information. In contrast, OCR-free MLLMs enable end-to-end VDU by
directly processing document images. To strengthen perceptual and reasoning
capabilities, researchers have explored both fine-tuning [17, 25, 28, 30, 31, 36, 40,
43, 58, 70, 81] and reinforcement learning approaches [83]. While prior work [1,
2, 49, 50, 77] has improved reasoning efficiency by compressing output length of
reasoning model, these approaches rely on static strategies, limiting their ability
to generalize across varying levels of question difficulty. This underscores the need
for an adaptive thinking framework capable of employing dynamic reasoning
strategies.

2.2 MLLMs with adaptive thinking

Reasoning LLMs [35,72] typically generate a chain of thought (CoT) with inter-
mediate steps before arriving at the final answer, offering clear benefits for tasks
involving complex computation and logical reasoning. However, excessively long
CoT significantly increases inference costs and degrades user experience [9, 13].
Recent studies [18, 37,63,73, 85,88] have explored how generation length affects
model performance, revealing that the optimal reasoning length varies across
tasks. Therefore, the reasoning model should adapt its reasoning depth accord-
ing to the difficulty of the task.

These methods can be broadly categorized into two types: externally con-
trolled reasoning model [5,9,76,77] and adaptive thinking model [1,8,12,33,41,
46, 49, 60, 66, 67, 74, 78, 86]. Externally controlled reasoning model switches be-
tween short-form response and long-chain reasoning using external mechanisms
such as prompt designs. Llama-Nemotron [5] adopts fixed prompt formats like
“reasoning on/off” to switch response mode. In contrast, adaptive thinking mod-
els autonomously select the appropriate response mode based on the question,
without relying on handcrafted prompt templates. Some methods [8, 33, 41, 60]
explicitly estimate question difficulty or token budget using another model, while
others [12,74] use problem-solving rate or observed generation length as implicit
indicators of difficulty. More recent work has further investigated models capa-
ble of switching between thinking/non-thinking modes, most of them [66,78,86]
adopt a strategy of explicitly training the model to select between reasoning
modes. During the cold-start phase, a dual-mode annealing mechanism equips
the model with both reasoning and non-reasoning capabilities, while in the RL
stage, carefully crafted reward functions guide the decision of whether to en-
gage in reasoning. Heavily influenced by the trainer’s subjective intent, such
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approaches fail to reflect a genuine understanding and autonomous exploration
of mode selection by the adaptive thinking model. However, existing methods fail
to examine the core mechanism of mode switching: the probability distribution
when outputting mode-switching tokens. Our method introduces the entropy of
the model-switching token into the reward function. By steering entropy varia-
tions, it guides the thinking/non-thinking mode switching.

3 Methodology

Fig. 2: Overview of AdaThinking-E, a reinforcement learning method for adaptive
thinking via entropy regulation. The framework has two stages: (1) Cold Start: the
model is fine-tuned with AdaThinking-Doc to generate outputs in both thinking and
non-thinking modes; (2) RL: the model optimizes two token types separately using
cold-start weights as initialization. The mode-switching token transitions from high-
entropy exploration to low-entropy decision-making, controlling the sampling
ratio between modes. The response tokens (remaining tokens) optimize for answer
quality. In the bottom-right, the mode-switching token uses Entropy Reward, while
response tokens use content-focused Quality Reward.

In the section, we introduce Adathinking-E, an entropy regulation for refin-
ing model behavior, as illustrated in Fig. 2. The proposed method comprises
two distinct training stages: (1) Cold-start stage, where MLLM is fine-tuned
to support both concise and detailed response modes, and (2) Reinforcement
learning stage, where distinct optimization objectives are designed for different
types of tokens. Specifically, the mode switch token regulates the sampling ra-
tio across different modes by controlling the variations in its entropy, thereby
learning when to think during this process. Meanwhile, the response tokens (i.e.,
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the remaining tokens) strive to generate correct answers to the maximum extent
possible, regardless of the mode selected by the mode switch token.

3.1 AdaThinking-Doc for Cold-start

To ensure that our proposed model can stably output both thinking and non-
thinking modes in the cold start stage, we constructed AdaThinking-Doc dataset
(sourced from existing public datasets) composed of these two modes. For data
with thinking mode, we select Seed1.5-VL [27] to generate a detailed reason-
ing process, which is then validated for logical soundness by GPT-4o-mini [34].
Regarding the design of the data format, we define the mode switch tokens as
/no_think or /to_think, representing the non-thinking and thinking modes, re-
spectively. Meanwhile, the response tokens adhere to the widely adopted format:
<think>empty or think content</think><answer></answer>.

Additionally, we recognized that manually specifying which questions need
thinking, or using model distillation to make this decision, would impose exter-
nal assumptions onto the model being trained. Such predetermined bias would
hinder rather than help the model develop genuine insights during the reinforce-
ment learning (RL) stage. Therefore, to ensure unbiased and random sampling
during RL training, we generate both thinking mode and non-thinking mode
responses for each data point.

3.2 Reinforcement Learning

Following the cold start stage, the model acquires the capability to generate both
thinking and non-thinking responses for arbitrary questions, thereby providing
sufficiently diverse samples for learning adaptive reasoning abilities during the
reinforcement learning stage. To elicit the model’s capacity to intelligently deter-
mine when to engage deep reasoning based on question complexity, we initially
applied GRPO [59] algorithm directly. Unfortunately, as training progressed, we
observed a systematic collapse: the model rapidly converged to exclusively gen-
erating non-thinking responses for all questions, regardless of their complexity.
This behavior stems from a fundamental reward attribution problem in standard
RL formulations. Specifically, when rewards are distributed uniformly across all
tokens in a response, shorter sequences inherently receive higher per-token re-
wards than longer ones, creating an implicit bias against reasoning-intensive
responses. DAPO [82] attempts to mitigate this length bias through reward bal-
ancing mechanisms, fail to capture the nuanced decision-making required for
adaptive thinking, as they treat all tokens uniformly without considering their
distinct roles in mode selection versus content generation.

To gain a deeper understanding of adaptive thinking behaviors, we revisit
existing approaches capable of dual-mode output. Through empirical analysis,
we observe that the critical determinant for mode selection lies in the heuristic-
capable mode switch token, whereas the function of response tokens is merely to
provide the answer deemed correct by the model. This observation implies that
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the decision to initiate reasoning depends exclusively on the mode switch token
and is independent of other tokens.

Building on this insight, we propose a novel reward attribution framework
that explicitly disentangles the contributions of different token types in the
response sequence. Specifically, we categorize tokens into two distinct groups:
mode-switching tokens, which determine the adaptive thinking mode, and re-
sponse tokens, which constitute the actual reasoning content. This decomposi-
tion allows us to formulate a dual-objective reward mechanism that optimizes
each token type according to its functional role:

JAdaThinking−E(θ) =
1∑G

i=1 |oi|

G∑
i=1

L(θ, Ei,0) +

|oi|∑
t=1

L(θ, Âi,t)

 (1)

where θ denotes model parameters, G represents the number of samples, oi repre-
sents the i-th generated response with length |oi|, and L(θ, ·) is the loss function,
which details refer to supplementary materials (Section 1). Critically, we distin-
guish between response tokens (t ̸= 0) optimized via advantage estimates Âi,t

and the mode-switching token (t = 0) optimized via Ei,0 to separately reward
content quality and adaptive thinking mode selection.

3.3 Entropy Reward for Mode-Switching Token

The entropy magnitude reflects the prediction uncertainty; e.g., higher entropy
of the mode-switching token indicates greater decision uncertainty between the
two modes. Therefore, we regulate the entropy of the mode-switching token to
guide the model’s transition from an initial high-entropy exploratory stage to a
low-entropy decision-making stage.
Entropy in Mode Switch Token. Following the standard GRPO algorithm,
for each input question q in the training batch, we sample a group of G re-
sponses from the current policy θ, where each sample independently draws the
mode-switching token according to its predicted probability distribution. This
repeated sampling enables us to observe the model’s mode selection behavior
across multiple trials, thereby providing a robust estimate of its decision en-
tropy. Let ptk and pntk denote the probabilities of the mode-switching token
belonging to thinking mode and non-thinking mode, respectively. For the i-th
sampled response, the entropy reward of its mode-switching token is defined as:

Hi,0 = − 1

ln 2

∑
m∈{tk,ntk}

p(i)m ln
(
p(i)m

)
(2)

where Hi,0 denotes the normalized entropy of the mode-switching token for the
i-th sample among the G samples generated for the current question, p(i)m repre-
sents the probability of mode m in sample i.

We formulate the learning process of adaptive thinking as a two-stage cur-
riculum: (1) High-Entropy Reward for Exploration. In this phase, we aim to
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maintain a relatively high entropy in mode selection, reflecting uncertainty re-
garding when to initiate the thinking process. Consequently, the probabilities
assigned to the two modes, denoted as ptk and pntk, should be approximately
equivalent. We refrain from imposing manual intervention regardless of the mode
selected by the model. This strategy encourages extensive exploration for each
query, allowing the model to discover the most suitable mode autonomously. (2)
Low-Entropy Reward for Decision-Making. Following the comprehensive evalu-
ation facilitated by the exploration phase, the process gradually transitions to-
wards convergence to reinforce decisive mode selection. In this stage, the model
is expected to yield consistent response patterns for specific inputs. Therefore,
we incentivize the mode switch token to generate a low-entropy distribution,
where the probability of one mode (i.e., ptk or pntk) significantly dominates the
other. This shift from high to low entropy indicates that the model has success-
fully identified the optimal mode for a given problem type, marking a transition
from uncertain exploration to confident specialization.
Dynamic Scoring Mechanism. To facilitate a seamless transition from the
exploration phase to the convergence phase, we introduce an adaptive coefficient
αk that varies with the iteration step k. This coefficient ensures that high-entropy
rewards are amplified during the initial stages. Conversely, as k increases, the
gains from high entropy gradually diminish while those from low entropy in-
crease. The specific formulation is as follows:

αk =
1

1 + exp
[
β ×

(
γ − k

K

)] (3)

where K represents the total number of steps, k denotes the current step in-
dex (0 ≤ k ≤ K), γ signifies the proportion of the total steps at which the
inflection point of the transition between two entropy states occurs, and β is the
smoothness coefficient controlling the steepness of the transition.
Decision Feedback. Besides encouraging the model to explore when to think,
we also need to make sure this exploration is reliable. To achieve this, we design
a feedback mechanism inspired by confidence-based voting. For each input, we
sample multiple outputs under two modes: thinking and non-thinking. We then
evaluate which mode tends to give more correct answers, and use this as training
feedback. This enables the model learn when thinking is useful by itself, rather
than relying on predefined human instructions regarding whether to invoke the
thinking process, thus fully unlocking its potential for autonomous exploration.
Specifically, for each sampled rollout group, we label every rollout by (1) its
mode (thinking/non-thinking) and (2) whether its final answer is correct. From
this, we compute for each mode m ∈ {tk, ntk}:
- rm: how often this mode appears in the sampled group (occurrence ratio);
- accm: accuracy of this mode within the group.

Subsequently, we divide accuracy into three levels using thresholds ϵl and ϵh:
low, medium, and high. When accm in both modes falls within the same tier, an
accuracy guidance term A is triggered to regulate the optimization. Specifically,
when accuracy is low in both modes, it guides the model to invoke reasoning;



AdaThinking- 9

when both acctk and accntk are medium-tier or both are high-tier, it guides the
model to bypass reasoning.

Furthermore, we observe that when the model demonstrates a clear propen-
sity in responding to a sample (defined as |rtk−rntk| > ∆r), imbalanced sampling
may lead to unreliable comparisons that compromise training stability. For in-
stance, consider a sampling instance where the model achieves 13/15 correct
answers (acctk = 86.7%) in thinking mode versus 1/1 (accntk = 100%) in non-
thinking mode. Naive RAda would steer optimization toward the non-thinking
direction, contradicting model’s demonstrated correct decisions, which results
in training instability or even optimizing collapse. Therefore, we introduce a
propensity guidance term P which guides the model towards its propensity when
it demonstrates a clear propensity and both modes achieve high accuracy.

Finally, the weight for mode m is computed as:

wm =
accm
acc¬m

+ A(acc,m) + P(acc, r,m,∆r)

More details about each term and its value in different cases are provided in
Supplementary Materials (Section 2).
Entropy Reward. Finally, the overall entropy reward function is formulated
in the following:

Ei,0 = wm

(1− αk)Hi,0︸ ︷︷ ︸
high−entropy

+αk (1−Hi,0)︸ ︷︷ ︸
low−entropy

+ ptk + pntk (4)

where the additive term pt+pnt ensures that the cumulative probability of sam-
pling a mode switch token at the first position approaches 1, thereby precluding
the possibility of the first token being any other alternative identifier.

3.4 Quality Reward for Response Tokens

While entropy regulation governs the mode-switching decision, it remains agnos-
tic to the quality of reasoning and problem-solving within each mode. Specifi-
cally, the entropy reward only determines whether thinking mode is activated,
but cannot assess how well the model reasons in thinking mode or how accu-
rately it responds in non-thinking mode. To address this, we introduce a content-
focused reward function that directly evaluates the problem-solving effectiveness
of the response tokens, thereby ensuring that appropriate mode selection is com-
plemented by high-quality content generation.
Format Reward. The format reward Rf ensures strict adherence to the prede-
fined template structure. This is critical for our entropy-based mode-switching
mechanism that relies on specific token positions. We define isValidFormat(S)
to verify template compliance:

Rf =

{
1, if isValidFormat(S),
0, otherwise.

(5)
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Accuracy Reward. The accuracy reward Racc evaluates whether the final an-
swer ŷ matches the ground truth y, independent of the reasoning mode:

Racc =

{
1, if ŷ = y,
0, otherwise. (6)

4 Experiments

4.1 Training Details

Datasets. All data utilized by AdaThinking-Doc are sourced from the training
sets of publicly available datasets, encompassing both simple information extrac-
tion and complex document reasoning scenarios. Detailed information regarding
the data distribution is provided in the Supplementary Material.
Training Details. We used QwenVL-2.5-7B [4] or QwenVL-3-8B [3] as the base
model. For the Cold-start stage, we fine-tuned using SWIFT [89] with learning
rate 1e-6, 1 epoch, and batch size 4. We then conducted RL training using
VeRL [61] with learning rate 1e-6, batch size 32, 16 samples per prompt, and 1
epoch for 2000 steps. All experiments used 8 NVIDIA A100 GPUs.
Evaluation. We evaluated AdaThinking-E against existing MLLMs, including
non-thinking (NT), thinking (TK), and adaptive thinking (ATK) models, using
VLMEvalKit [15] across multiple benchmarks [32,44,51,53,54,62,71]. GPT-4o-
mini [34] served as the evaluator for tasks requiring large model assessment. All
ablation studies are conducted using Qwen2.5-VL-7B [4] as the base model.

4.2 Main Results

Fig. 3: Comparison of multiple metrics for the adaptive thinking model across doc-
ument understanding benchmarks. Results of AdaThinking-E include non-thinking,
adaptive thinking, and thinking modes. Bar height represents average output tokens,
internal color ratio indicates thinking ratio, and the line plot shows accuracy. In the
blue bars, 0% and 100% thinking ratios correspond to the non-thinking and thinking
modes of AdaThinking-E, respectively.

VQA-based Document Understanding. As shown in Tab. 1, AdaThinking-
E is compared against three types of MLLMs with distinct reasoning modes
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Table 1: Performance comparison of MLLM on on diverse document benchmarks.
"NT", "TK", and "ATK" denote the Non-Thinking, Thinking, and Adaptive Thinking
modes, respectively. "*" indicates that the corresponding mode switch token is proac-
tively inserted at the input stage according to the selected mode during the inference
phase."†" denotes results reproduced from the original implementation.

Model Mode DocVQA InfoVQA TextVal ChartQA CharXivRQ CharXivDQ OCR-Bench OCR-Reasoning

DocOwl-1.5-8B [29] NT 81.6 50.4 68.8 70.5 - - 59.9 -
Monkey-10B [40] NT 66.5 36.1 67.6 65.1 - - 51.4 -

TextMonkey-8B [45] NT 73.0 28.6 65.6 66.9 - - 56.1 -
MiniMonkey-2B [31] NT 87.4 60.1 75.7 76.5 - - 80.2 -

HRVDA-7B [43] NT 72.1 43.5 77.3 67.6 - - - -
InternVL2.5-7B [10] NT 93.0 77.6 79.1 84.8 32.9 68.6 82.2 -
InternVL3-8B [91] NT 92.7 76.8 80.2 86.6 37.6 73.6 88.0 11.5
QwenVL2.5-8B [4] NT 95.7 82.6 84.9 87.3 42.5 73.9 86.4 15.7
QwenVL3-8B [3] NT 96.1 83.1 81.9 89.6 46.4 83.0 89.6 18.5

TextHawk2-7B [84] NT 89.6 67.8 75.1 81.4 - - 78.4 -
Marten-7B [70] NT 92.0 75.2 74.4 81.7 - - 82.0 -

AlignVLM-8B [52] NT 81.2 53.8 64.6 75.0 - - - -
TokenVL-7B [25] NT 94.2 76.5 79.9 86.6 - - 86.0 14.3
DocMark-2B [75] NT - - 74.8 79.8 - - 81.3 7.4
Docopilot-8B [16] NT 92.0 73.3 - 83.3 - - - 11.6

OpenVLThinker-7B† [14] TK 94.6 76.5 81.8 82.7 42.4 66.2 81.4 23.3
R1-Onevision-7B† [80] TK 92.4 76.6 75.4 82.3 37.1 54.9 - 21.2
VLAA-Thinker-7B† [6] TK 95.7 80.1 82.9 87.3 38.9 73.3 83.0 14.4

Kimi-VL-A3B-Thinking [65] TK - - - - 47.7 75.4 82.5 20.5
VL-Rethinker-7B† [69] TK 95.9 78.9 82.7 87.1 43.3 64.9 86.4 14.6
DocThinker-7B [83] TK - - 83.6 - - - - -

QwenVL3-8B [3] TK 95.3 86.0 78.7 88.6 53.0 85.9 81.9 48.4
R-4B† [79] ATK 94.1 67.0 76.6 87.2 56.8 82.9 83.6 22.2

Keye-VL-8B† [66] ATK 90.5 62.6 78.6 82.4 40.0 74.5 85.3 22.6
Mimo-VL-7B† [76] ATK 96.1 79.7 80.6 87.4 56.5 86.8 86.6 -

ARES-7B† [7] ATK 92.1 72.2 80.5 88.2 51.0 79.3 83.1 23.4
AdaThink-E-7B-Qwen2.5* NT 96.3 82.8 84.9 88.4 55.2 82.6 86.9 21.7
AdaThink-E-7B-Qwen2.5* TK 95.1 80.8 84.5 88.5 56.2 83.3 87.3 26.1
AdaThink-E-7B-Qwen2.5 ATK 96.3 82.9 85.3 89.1 56.7 83.5 88.7 26.5
AdaThink-E-8B-Qwen3* NT 96.2 84.7 82.6 89.3 54.2 83.9 88.9 31.2
AdaThink-E-8B-Qwen3* TK 95.7 86.2 80.9 89.9 56.9 86.3 87.7 49.4
AdaThink-E-8B-Qwen3 ATK 96.4 86.3 82.8 90.1 57.3 86.6 89.8 49.7

across multiple document understanding benchmarks, consistently achieving su-
perior performance. On chart-based datasets requiring analytical computation,
such as CharXiv, models equipped with a thinking mode (TK) outperform those
with a Non-Thinking mode. However, in information extraction scenarios, the
advantage of the thinking mode becomes less pronounced and can even lead to
performance degradation due to overthinking-induced hallucinations.

Our proposed AdaThinking-E achieves near SOTA performance across both
information extraction and analytical computation tasks. AdaThinking-E’s adap-
tive thinking surpasses the baseline Qwen2.5-VL by 0.6% on DocVQA, and
achieves improvements of 1.8% and 10.8% on ChartQA and OCR-Reasoning,
respectively. Even compared to R-4B, which also features adaptive thinking,
AdaThinking-E-Qwen2.5 delivers gains of 1.9% and 4.3% on these two datasets.
These results clearly demonstrate AdaThinking-E-Qwen2.5’s superior adaptive
thinking capabilities in document understanding tasks. AdaThinking-E-Qwen3,
trained on Qwen3-VL-Thinking, outperforms Qwen3-VL-Thinking across vari-
ous benchmarks and even surpasses the higher-performing Qwen3-VL-Instruct
on certain tasks. Additionally, in the last six rows of Tab. 1, we compare the
performance of AdaThinking-E under different modes. The thinking and non-
Thinking modes are actively switched via mode switch token. It is evident that
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the adaptive thinking mode consistently matches or exceeds the performance of
each standalone mode across various benchmarks, further validating the adaptive
thinking capabilities of AdaThinking-E.

(a) Main Results (b) Entropy Comparison (c) Thinking Ratio Comparison (d) Ratio Diff Comparison

Fig. 4: Illustrate the trends in entropy and thinking ratio changes during the train-
ing phase. (a) displays the variation curves of three metrics of AdaThinking-E as the
training steps increase. Specifically, "Entropy" represents the average entropy of mode
switch tokens within a step, "Thinking Ratio" indicates the proportion of thinking
samples within a step, and "Thinking/Non-Thinking Ratio" denotes the average dif-
ference in the ratio of thinking and non-thinking modes within the group. (b), (c), and
(d) showcase the comparison of the three metrics between AdaThinking-E, GRPO, and
DAPO under the same reward conditions

Token Count and Thinking Ratio. As illustrated in Fig. 3, we analyzed the
average output length, thinking ratio, and accuracy of each query under different
modes in AdaThinking-E-Qwen2.5, and compared these metrics with advanced
adaptive thinking MLLMs. To ensure fairness in output token length, we uni-
formly added the phrase "Answer the question using a single word or phrase."
in each query, ensuring that the token length of the answer part remains rel-
atively balanced apart from the thinking content. On the CharXivRQ dataset,
AdaThinking-E achieved a comparable level to R-4B with only a 27% thinking
ratio (72 tokens) compared to R-4B’s 82% thinking rate (366 tokens). Moreover,
on CharXivDQ, AdaThinking-E outperformed R-4B by 0.6% in performance with
a lower thinking rate (11% compared to R-4B’s 45%). This demonstrates that
AdaThinking-E exhibits superior document understanding capabilities compared
to other adaptive thinking models.Additionally, on the OCR-Reasoning bench-
mark, AdaThinking-E’s thinking ratio increased to 62%, with an accuracy rate of
26.5%—0.4% higher than its own thinking mode’s 26.1%—while the average to-
ken count decreased by 88. In contrast, R-4B and Keye-VL showed only 33% and
38% thinking ratios, respectively, and their performance decreased by 4.3% and
3.9% compared to AdaThink-E due to excessive non-thinking decisions. These
findings collectively prove AdaThinking-E has a more accurate understanding
of document complexity, maintaining performance while ensuring efficiency, and
shows robust capabilities.

4.3 Training Analyze

To further analyze how entropy influences the learning of mode-switching strate-
gies in adaptive thinking models, in Fig. 4, we visualized the indicators related to
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entropy and thinking ratio during the RL stage. Fig. 4(c) illustrates the changes
in thinking ratios of three strategies. Both GRPO and DAPO quickly tend to-
wards the non-thinking mode during training, resulting in mode collapse.

Fig. 4(a) demonstrates how AdaThinking-E effectively addresses the mode
collapse issue by regulating entropy during training. AdaThinking-E decouples
mode switch token from response tokens, linking the gradient of mode switch to-
ken solely to entropy levels, preventing entropy rewards from affecting response
tokens. During the exploratory stage, entropy remains at a high level, ensur-
ing a balanced sampling with low differences in the number of thinking and
non-thinking modes within the group, which provides high-quality samples for
optimizing mode-switching strategies. As training progresses into the decision-
making stage, mode collapse does not occur, and the proportion of thinking and
non-thinking within the step remains relatively stable.

4.4 Ablation Study

Hyperparameter Setting in Decision Feedback. We conduct comprehen-
sive ablation studies on three key hyperparameters in decision feedback. As
shown in Tab. 2, two benchmarks of complementary difficulty levels, ChartQA
(easier) and OCR-Reasoning (more challenging) are selected to evaluate scenario
specific impacts. In simple scenarios, a lower ϵh increases the activation probabil-
ity of A, thereby amplifying the influence of P. Higher ∆r impose stricter criteria
for determining model propensity, which impedes activation of P, resulting in a
pronounced reduction in the model’s reasoning frequency. In challenging scenar-
ios, the model’s lower accuracy impedes activation of P, while higher ϵl settings
facilitate triggering of A, enhancing both thinking frequency and accuracy. Fur-
thermore, we investigate the performance when relying solely on acc as decision
feedback, omitting P and A. While this configuration achieves comparable scores
in terms of performance, its thinking ratio is significantly higher than the results
obtained with P and A. This suggests that P and A effectively facilitate a deeper
exploration of the transition from thinking to non-thinking modes.

Table 2: Hyperparameter Ablation in Decision Feedback. "Think (%)" represents the
ratio of instances where the thinking mode is activated. "β" serves as the smoothing
coefficient. "-/-" indicates that the parameter is not used.

method ϵl ϵh ∆r
ChartQA OCR-Reasoning

Acc Think(%) Acc Think(%)

w/o A&P -/- -/- -/- 88.1 39.9 25.7 83.4

w A&P 0.2 0.8
0.625 88.6 8.7 25.6 55.1
0.5 88.5 12.5 25.5 54.7

0.375 89.0 23.7 25.8 56.6

w A&P 0.3 0.7
0.625 88.4 3.4 25.9 59.7
0.5 88.9 13.1 26.2 60.3

0.375 89.1 24.3 26.5 61.9
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Entropy Regulation. Tab. 3 compares the performance and thinking ratio on
document benchmarks with various parameter configurations. The first row of
the table represents the cold-start baseline. Compared with Qwen2.5-VL, the
model fine-tuned using AdaThinking-Doc during the cold-start phase achieves
performance gains of 0.6% on ChartQA and 5.9% on OCR-Reasoning, respec-
tively, demonstrating its effectiveness. In rows 2–3, we simulate scenarios that
encourage either high or low entropy throughout the entire process. It can be ob-
served that maintaining consistently high entropy for mode switch tokens leads to
unstable thinking ratios and misallocates challenging queries to the non-thinking
mode, which results in a performance drop of approximately 1.5%. Conversely,
in low-entropy states, the mode-switching tokens gain an overwhelming bias to-
ward non-thinking patterns, causing the model to converge prematurely to a
non-thinking state. This leads to mode collapse and a significant reduction in
the overall score by about 5%.

We explore the configurations of the inflection point γ and the smoothing
coefficient β during the exploration and convergence phases. When γ is larger,
the model accuracy is nearly consistent with that when γ is smaller, but the
overall thinking ratio is 18% higher. This indicates that during the exploratory
stage, due to balanced sampling, the progress of exploring the non-thinking
mode is slowed. An excessively small smoothing coefficient renders the model
insensitive to entropy regulation, leading to suboptimal performance. For a more
comprehensive analysis, please refer to the Supplementary Material.

Table 3: Performance comparison of entropy regulation under different parameter
configurations. "γ" represents the inflection point of the transitionand, and "β" serves
as the smoothing coefficient. "-/-" indicates that the parameter is not used.

stage β γ
ChartQA OCR-Reasoning

Acc(%) Think(%) Acc(%) Think(%)

Cold-start -/- -/- 87.6 9.2 21.6 10.4

RL -/- 1.0 88.1 75.6 23.7 48.4
0.0 87.8 0.0 18.7 0.0

RL 5
0.6 88.4 50.7 25.5 63.3
0.5 88.3 48.3 25.7 67.2
0.4 88.6 40.6 26.1 59.7

RL 10
0.6 88.9 39.3 26.7 83.8
0.5 88.8 30.6 26.9 75.6
0.4 89.1 24.3 26.5 61.9

5 Conclusion

In this work, we introduce AdaThinking-E, a reinforcement learning framework
that enables multimodal large language models to dynamically switch between
thinking and non-thinking modes according to task complexity. By leveraging
one-token entropy regulation, our method incorporates an entropy-based reward
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to guide the transition from exploratory to convergent thinking strategies. This
adaptive thinking allows the model to intrinsically determine when to think with-
out relying on external difficulty annotations, thereby improving efficiency on
simple tasks while preserving accuracy on complex ones. Extensive experiments
across diverse document understanding benchmarks validate the effectiveness of
our approach, demonstrating that AdaThinking-E achieves a favorable balance
between computational efficiency and reasoning performance.
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