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Abstract

Hybrid reasoning language models are com-
monly controlled through high-level Think/No-
think instructions to regulate reasoning be-
havior, yet we found that such mode switch-
ing is largely driven by a small set of trig-
ger tokens rather than the instructions them-
selves. Through attention analysis and con-
trolled prompting experiments, we show that a
leading “Okay” token induces reasoning be-
havior, while the newline pattern following
“</think>" suppresses it. Based on this ob-
servation, we propose Mid-Think, a simple
training-free prompting format that combines
these triggers to achieve intermediate-budget
reasoning, consistently outperforming fixed-
token and prompt-based baselines in terms of
the accuracy-length trade-off. Furthermore, ap-
plying Mid-Think to RL training after SFT
reduces training time by approximately 15%
while improving final performance of Qwen3-
8B on AIME from 69.8% to 72.4% and on
GPQA from 58.5% to 61.1%, demonstrating
its effectiveness for both inference-time control
and RL-based reasoning training. Our code is
available at https://github.com/uservan/
Mid-Think.

1 Introduction

Large language models exhibit a variety of emer-
gent phenomena (Sun et al., 2024; Robinson et al.,
2024), many of which have been actively ex-
ploited to improve model. The work of Attention
Sink (Xiao et al., 2023; Gu et al., 2024) has been
leveraged to accelerate long-context inference. Ex-
plicit </think> tags are used to expose intermedi-
ate reasoning and enable hybrid thinking behav-
iors (Fang et al., 2025; Yang et al., 2025a). Token-
level cues such as “wait” and “alternatively” have
been analyzed to regulate reasoning probability and
entropy, forming the methods like No-Wait (Wang
et al., 2025a) and SpecExit (Yang et al., 2025b).
Speculative Thinking (Yang et al., 2025f) exploits
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Figure 1: Illustration of Mid-Think and its performance
on MATHS500. (a) Overview of Mid-Think comparing
with Think and No-Think. In the Think mode, subse-
quent tokens primarily attend to the cue token “Okay”,
while in the No-think mode, generated tokens focus
on the newline following the </think> marker (i.e., the
\n\n token). Mid-Think combines both cues into a uni-
fied prompting format to induce intermediate reasoning
behavior. (b) Accuracy and (c) average output length
under No-think, Think, and Mid-Think settings. Mid-
Think achieves intermediate-budget reasoning without
additional training, retaining most accuracy gains while
significantly reducing generation length.

structural patterns such as \n\n to coordinate coop-
eration between large and small reasoning models.

As shown in Figure 1, we find that the Think
and No-think behaviors of reasoning models are
largely governed by a small number of trigger
tokens. Using Qwen3-8B as a representative ex-
ample, we compute the average attention from gen-
erated tokens to each prompt token. The analysis
reveals that only a few tokens consistently attracts
substantially higher attention than other prompt
components. Specifically, in the Think mode, rea-
soning behavior is dominated by the “Okay” token
immediately following the <think> tag, whereas in
the No-think mode, the model primarily attends to
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the newline pattern after the </think> tag.

To further verify this phenomenon, we design
multiple prompting formats and evaluate them
on MATHS500, AIME, and GPQA (Rein et al.,,
2024). We observe that prompts containing a lead-
ing “Okay” token consistently induce reasoning
behavior, achieving accuracy and wait count com-
parable to the standard Think mode. In contrast,
</think>+\n\n pattern significantly reduces accu-
racy and wait count, yielding behavior closer to
No-think regime. Together, it demonstrate that
reasoning and non-reasoning behaviors are not de-
termined by high-level instructions, but are instead
dominated by a small set of token-level triggers.

Motivated by this observation, we pro-
pose a new format, termed Mid-Think
(<think>\n\n</think>\n\n<reason>\nOKkay... ),
which enables intermediate-budget reasoning
without any additional training. By explic-
itly integrating both reasoning-activating and
reasoning-suppressing cues, Mid-Think induces a
balanced reasoning behavior between the standard
Think and No-Think modes. The comparison
results of these modes are shown in Figure 1.

Empirically, we find that Mid-Think consistently
achieves performance comparable to, and in some
cases better than, fixed intermediate budgets, ef-
fectively lying on or beyond the Pareto frontier
between accuracy and output length, Mid-Think
outperforms existing training-free approaches pro-
posed in Qwen3, including fixed-token budgets
and prompt-based budget control, demonstrating
a more reliable and fine-grained mechanism for
reasoning budget regulation.

Finally, we apply Mid-Think to RL training after
SFT and observe consistent improvements in both
efficiency and performance. Compared to standard
Think-mode training, Mid-Think significantly re-
duces RL training time while achieving better post-
training results. For Qwen3-8B, a model trained
with Mid-Think attains higher accuracy when eval-
vated in the Think mode on AIME (72.4% vs.
69.8%), while reducing training time from 54 hours
to 46 hours, corresponding to an efficiency gain of
approximately 15%.

2 Motivation: Reasoning Is Governed by
a Few Tokens

This section presents an empirical observation
of an "overfitting” phenomenon in the reasoning
processes. We first analyze the homogenization of

Token DeepSeek Qwen3 OpenR1-Math
<think> v v v
</think> v v v
Okay v v v

Table 1: Occurrence of explicit reasoning-related tokens
in the outputs of reasoning models and training datasets.
OpenR1-Math means the reasoning training dataset of
open-r1/OpenR1-Math-220k

patterns in reasoning modes and datasets. Then
from an attention-based perspective, we observe
that models tend to focus on a small set of specific
tokens: the reasoning mode is largely anchored to
the lexical cue “Okay”, while the non-reasoning
mode is primarily associated with “\n\n” follow-
ing the </think> tag. Finally, we design controlled
experiments with different reasoning formats to
systematically validate this phenomenon.

2.1 "Opverfitting" in Reasoning Initiation

Mainstream reasoning models, such as
DeepSeek (Liu et al., 2024; Guo et al., 2025)
and Qwen3 (Yang et al., 2025a) thinking models,
typically enclose their reasoning processes using
explicit <think> tags. During the reasoning phase,
these models often follow a fixed lexical pattern
to initiate their thoughts, commonly starting with
tokens such as “Okay” or “Alright”.

Beyond model outputs, a substantial portion of
existing fine-tuning data is derived from genera-
tions produced by these reasoning models them-
selves. As a result, such datasets are heavily pop-
ulated with these unified reasoning patterns and
are subsequently used to fine-tune new models.
Representative examples include OpenR1-Math-
220k (Hugging Face, 2025), OpenMathReason-
ing (Moshkov et al., 2025) and so on, which is
summarized in Table 1.

2.2 Attention-Based Evidence of Token-Level
Triggers

A natural question is whether such unified open-
ing patterns may lead to "overfitting", where a
small set of tokens dominates the model reason-
ing behavior and effectively serves as a switch for
different reasoning modes.

To investigate this question, we take Qwen3-8B
as a case study and examine five different gener-
ation settings: (1) No-Think mode, (2) standard
Think mode, (3) a generation starting with the pat-
tern </think> followed by “Okay”, (4) a think-style
generation without explicit <think> tags and (5) a
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Figure 2: Average attention from generated tokens to different opening tokens under five generation modes. Darker
red indicates higher attention received from subsequent tokens. When “Okay” appears at the beginning, the model
n n

produces an explicit reasoning process ("wait", "alternatively"”, etc), and attention is primarily concentrated on
“Okay”. In the No-Think mode, the \n\n following </think> absorbs most of the attention mass.

Mode Format MATHS00 AIME GPQA
Acc (%) Wait Acc (%) Wait Acc (%) Wait
No-think <think>\n\n</think>\n\n 83.2 2082 21.3 447 37.5 459
Think <think>\nOkay 94.6 81367 71.6 40342 60.9 71817
No Think + Okay  <think>\n\n</think>\n\nOkay 92.3 33724 55.3 19360 473 56177
No <think> + Okay \n\nOkay 94.1 80272 72.7 40407 59.3 71914
<reason> + Okay <reason>\nOkay 94.0 81075 72.7 38067 56.6 66105

Table 2: Formats and performance statistics under five different generation modes of Qwen3-8B. The Format column
specifies the exact prompting patterns used to trigger different behaviors. We report accuracy on MATHS00, AIME,
and GPQA, together with the corresponding wait counts. When the prompt begins with “Okay”, both accuracy and
wait statistics closely match those of the Think mode.

generation starting with the pattern <reason> fol-  compositional prompting modes combining the
lowed by “Okay”. For each setting, we let the  triggers discussed above: No-think, Think, No-
model generate tokens and compute the average  think + Okay, No <think> + Okay, and <reason>
attention from subsequent tokens to the opening  + Okay (see Table 2 for exact formats).
tokens. Specifically, we average attention weights We evaluate Qwen3-8B on MATH500, AIME22—
across all layers and attention heads. 24, and GPQA, reporting accuracy and wait count
The results are shown in Figure 2. We find that  in Table 2. Modes containing “Okay” as the open-
in the 4 settings: Think mode, No <think>+“Okay”,  ing cue (No <think> + Okay, <reason> + Okay)
</think>+“Okay” and <reason>+“Okay”, the token  consistently match Think-mode accuracy and wait
“Okay” consistently receives the highest attention ~ count, confirming its role as a reasoning trigger.
from later tokens. This suggests that the model’s  The No-think + Okay setting, however, shows
reasoning behavior is driven primarily by the lex-  degraded performance, as the co-occurrence of
ical cue “Okay”. By contrast, in the No-Think  \n\n</think> and “Okay” induces conflicting sig-
mode, attention is predominantly concentrated on  nals, yielding an intermediate rather than a clean
the \n\n followed by </think> token. reasoning regime.
Together, these observations indicate that the
model uses “Okay” as a trigger to enter the rea- 3 Mid-Think: Intermediate-Budget
soning mode, while relying on the \n\n followed by Reasoning without Training
</think> token as the primary signal to activate the

No-Think behavior. To further quantify this phe- 31 Mid-Think: Implementation

nomenon, we compute the trigger-token attention Building on the observations from the previous
mass for each reasoning mode and report detailed  section, we find that in the Think mode, generated
results in Appendix A.1. tokens primarily attend to the “Okay” cue follow-

ing the <think> tag, whereas in the No-think mode,
attention concentrates on the newline pattern fol-
lowing the </think> tag. Leveraging this insight,

To validate the hypothesized “overfitting” of rea-  we combine these two cues to induce an intermedi-
soning models to token-level cues, we construct  ate reasoning regime without training, enabling the
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Mode Format (literal \n denotes newlines)

Think
</think>{response}<|im_end|>
No-Think
{response}<|im_end|>
Mid-Think

<|im_start|>user{query}<|im_end|><|im_start|>assistant<think>{thinking_content}
<|im_start|>user{query}<|im_end|><|im_start|>assistant<think>\n\n</think>

<|im_start|>user{query}<|im_end|><|im_start|>assistant<think>\n\n</think>

\n\n<reason>\nOkay. ..{thinking_content}</reason>{response}<|im_end|>

Table 3: Prompt formats under three generation modes. Mid-Think combines key tokens from Think and No-Think
(e.g., “Okay” and </think>\n\n) and wraps the thinking content with a special token (e.g., <reason>). The specific
token choice is not essential; we evaluate three variants: <reason>, <begin>, and <less think>.
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Figure 3: Budget-controlled reasoning on MATHS500
using Qwen3-14B. The figure reports the average length
and accuracy under different reasoning budgets. Both
metrics increase steadily as the budget grows, validating
the effectiveness of the budget-control mechanism.

model to reason with a reduced token budget.

As shown in Table 3, we introduce a new
prompting format, termed Mid-Think. Con-
cretely, the format is: <think>\n\n</think>\n\n
<reason>\nOkay. ... This design exploits the joint
presence of the </think> newline cue and the trigger
“Okay”, allowing the model to be simultaneously
influenced by reasoning and non-reasoning signals.

The <reason> tag is introduced to explicitly de-
limit the reasoning content, serving a structural role
analogous to that of the <think> tag. Notably, the
choice of <reason> is not essential; alternative to-
kens can be used to achieve the same effect. In our
experiments, we consider three variants: <reason>,
<begin>, and <less think>.

3.2 Mid-Think Achieves Pareto-Optimal
Performance

To validate the effectiveness of Mid-Think, we
first introduce a budget-controlled evaluation proto-
col that measures a reasoning model’s performance
under different budgets in the standard Think mode,
enabling us to construct a budget—performance
curve. We then place Mid-Think on this curve and
observe that it achieves intermediate-budget rea-
soning behavior and, in some cases, attains Pareto-
optimal performance relative to similar budgets.

n tokens

~
Think : <think>\nOkay, let me break ... | think | am right</think>
0.9 * n tokens

/
0.9 budget : <think>\nOkay, let me break ... | think</think>
0.1 * n tokens

0.1 budget : <think>\nOkay, let me break ... </think>

Figure 4: Overview of the budget-controlled method.
The model first generates a full response. The reasoning
(think) content is then truncated to the specified budget
(in tokens) and concatenated with the remaining prompt,
after which the model generates the final response.

3.2.1 Budget-Controlled Reasoning Baseline

Implementation. To obtain a model’s reasoning
capability under different budgets, we first let the
reasoning model generate a complete reasoning
trajectory in the standard Think mode. Suppose the
full reasoning process contains n tokens. We then
construct budget-controlled variants by retaining
only a fraction of the reasoning tokens according
to a predefined budget ratio.

Concretely, under a budget of 0.9, we keep the
first 0.9 x n reasoning tokens, whereas under a
budget of 0.1, only the first 0.1 x n tokens are pre-
served, as illustrated in Figure 4. This procedure
allows us to systematically control the effective rea-
soning budget and obtain reasoning performance
across different budget levels.

Verification. To verify the effectiveness, we con-
duct experiments using Qwen3-14B on MATHS500.
We evaluate the model under multiple budget set-
tings, including 0.1,0.2,0.3,0.4, 0.5, 0.6, as well
as the No-Think setting (corresponding to a budget
of 0.0) and the standard Think setting (correspond-
ing to a budget of 1.0).

As shown in Figure 3, both the average gener-
ation length and accuracy increase monotonically
with the reasoning budget. This behavior is consis-
tent with the intended effect of the budget-control
mechanism, confirming that the proposed method
provides a reliable and interpretable way to modu-
late the model’s effective reasoning capacity.

6027

4



~@- standard ’ begin [l reason A less_think
0.950

2 0.925
[

5 0.900
3o

v

< 0.875

0.0 0.2 0.4 0.6 0.8 1.0
Reasoning Budget

(a) Qwen3-14B on MATHS500

—@- standard 0 begin [l reason A less_think
0.95

Accuracy
o
o
o

@

o
0
«

0.0 0.2 0.4 0.6 0.8 1.0
Reasoning Budget

(d) Qwen3-8B on MATHS500

~@- standard 0 begin [l reason A less_think

> 0.90

v

Coss

3

g 080 ] A
0.75 @

0.0 0.2 0.4 0.6 0.8 1.0
Reasoning Budget

(g) DeepSeek-7B on MATH500

~@- standard ’ begin [l reason A less_think
0.95

o
©
o

Accuracy

o
o
«

0.0 0.2 0.4 0.6 0.8 1.0
Reasoning Budget

(j) Qwen3-32B on MATHS500

=@~ standard ’ begin [l reason A less_think

o
o

Accuracy
I
S

0.2

0.0 0.2 0.4 0.6 0.8 1.0
Reasoning Budget

(b) Qwen3-14B on AIME

~@- standard ‘ begin [l reason A less_think

o
o

Accuracy
I
’S

o
N

0.0 0.2 0.4 0.6 0.8 1.0
Reasoning Budget

(e) Qwen3-8B on AIME

=@ standard ’ begin [l reason A less_think

I
'S

A

Accuracy
o
w

o
N

010 012 014 016 018 110
Reasoning Budget

(h) DeepSeek-7B on AIME

~@- standard ’ begin [l reason A less_think

o
o

Accuracy
o
S

o
N

0.0 0.2 0.4 0.6 0.8 1.0
Reasoning Budget

(k) Qwen3-32B on AIME

~@- standard ’ begin [} reason A less_think

o
o

B

Accuracy
o
w

o
>

0.0 0.2 0.4 0.6 0.8 1.0
Reasoning Budget

(c) Qwen3-14B on GPQA

=@~ standard 0 begin [} reason A less_think
0.6

Accuracy
b
w

ot

00 02 04 06 08 10
Reasoning Budget

1N
IS

(f) Qwen3-8B on GPQA

~@- standard ‘ begin [l reason A less_think

{

0.0 0.2 0.4 0.6 0.8 1.0
Reasoning Budget

Accuracy

e o o
= = [N
o w o

(i) DeepSeek-7B on GPQA

~@- standard ’ begin [} reason A less_think

o
o

,0

0.0 0.2 0.4 0.6 0.8 1.0
Reasoning Budget

Accuracy
el
w

0.4

(1) Qwen3-32B on GPQA

Figure 5: Comparison between models under different reasoning budgets and Mid-Think across multiple datasets
and model types, including hybrid-thinking (Qwen3-8B, Qwen3-14B, Qwen3-32B) and pure-think (DeepSeek-
R1-Distill-Qwen-7B) models. Mid-Think is evaluated with different tags (<reason>, <begin>, <less think>).
Across all models and datasets (MATHS00, AIME, and GPQA), Mid-Think consistently achieves performance
corresponding to intermediate reasoning budgets, and on GPQA it even surpasses fixed-budget baselines, yielding
Pareto-optimal accuracy—efficiency trade-offs between Think and No-Think mode.

3.2.2 Mid-Think v.s. Different Budget

Experimental Setup. We evaluate a diverse
set of models, including hybrid reasoning mod-
els (Qwen3-8B and Qwen3-14B), a pure super-
vised model (DeepSeek-Qwen-7B), and a purely
RL-trained model (Qwen3-32B). For each model,
we first measure performance under different fixed
budgets ranging from 0.1 to 0.6, as well as the stan-
dard Think and No-think settings, on MATH500,
AIME22-24, and GPQA. We then evaluate the
same models under the proposed Mid-Think mode
and visualize all results jointly for comparison.

Hybrid-Think Model Results. Figure 5
presents the results of Qwen3-8B and Qwen3-14B
on MATHS500, AIME22-24, and GPQA. Across all
three benchmarks, the performance of the proposed

Mid-Think mode consistently aligns with that of an
intermediate budget, approximately corresponding
to a budget of 0.5 in terms of accuracy.

Notably, on GPQA, Mid-Think achieves the
strongest performance, surpassing neighboring bud-
get settings and even exceeding the Pareto fron-
tier defined by the budget—performance trade-off.
These results indicate that reasoning models with
Mid-Think mode can obtain intermediate-budget
reasoning capability in a training-free manner.

Similar trends are observed for Qwen3-14B,
demonstrating that the effectiveness of Mid-Think
generalizes across different model scales.

Pure-Think Model Results. To examine the
effectiveness of Mid-Think on pure reasoning mod-
els, we additionally evaluate DeepSeek-Qwen-7B,
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Model Acc on MATH-500 Avg Length
No-T Mid-T Think No-T Mid-T Think
Phi-4-mini-reasoning 756 89.4 90.6 1,047 3,333 4,031
DeepSeek-R1-Distill-Llama-8B 60.8 72.6 85.6 1,045 2,062 4,345
DeepSeek-R1-Distill-Qwen-2.5-7B  68.2 74.6 86.8 718 1,655 3,957
Qwen3-30B-A3B (MoE) 872 920 940 898 3,007 5,099

Table 4: Accuracy and average generation length on MATH-500 across different model families and architectures.
Mid-Think (Mid-T) consistently improves over No-Think (No-T) while using fewer tokens than Think mode.

Model Acc on LiveCodeBench Avg Length
No-T Mid-T Think No-T Mid-T Think

Qwen3-8B 40.8 49.7 65.9 760 2,212 9,931

Qwen3-14B  46.8 62.7 72.3 509 2,147 8,959

Table 5: Accuracy and average generation length on LiveCodeBench. Mid-Think (Mid-T) generalizes beyond math
reasoning tasks, consistently outperforming No-Think (No-T) with significantly shorter outputs than Think mode.

with results shown in Figure 5. Under Mid-Think
setting, the model’s accuracy tends to align with
smaller-budget regimes. We attribute this behav-
ior to the model placing stronger emphasis on the
</think>\n\n pattern, which biases the effective rea-
soning budget toward shorter reasoning spans.

Nevertheless, on GPQA, Mid-Think still
achieves improved performance, surpassing the
Pareto frontier defined by near-budget. This re-
sult suggests that even for pure thinking models,
Mid-Think can yield favorable trade-offs between
reasoning budget and performance.

RL-Model Results. To assess the effectiveness
on RL-trained models, we evaluate Qwen3-32B on
MATHS500, AIME22-24, and GPQA, with results
shown in Figure 5. We observe that RL-trained
model remains compatible with the Mid-Think
mode, exhibiting performance that closely matches
an intermediate budget of approximately 0.5.

Moreover, on GPQA, Mid-Think again sur-
passes the Pareto frontier defined by near-budget.
These findings indicate that the proposed Mid-
Think strategy generalizes to RL-trained models
and enables favorable budget—performance trade-
offs even at larger model scales.

3.3 Generalization Across Model Families and
Architectures

Across Model Families and Architectures. To
assess whether Mid-Think generalizes beyond the
Qwen family, we evaluate on four additional rea-
soning models spanning different families and
architectures: Phi-4-mini-reasoning (Phi, dense),
DeepSeek-R1-Distill-Llama-8B (Llama, dense),

DeepSeek-R1-Distill-Qwen-2.5-7B (Qwen, dense),
and Qwen3-30B-A3B (Qwen, MoE). All models
were trained on reasoning traces beginning with
“Okay”. As shown in Table 4, Mid-Think consis-
tently outperforms No-Think across all models and
architectures while remaining substantially shorter
than Think mode, demonstrating that the method is
model-family and architecture agnostic.

Beyond Math: Coding Tasks. To assess whether
Mid-Think generalizes beyond mathematical rea-
soning, we evaluate on LiveCodeBench(Jain et al.,
2024) using Qwen3-8B and Qwen3-14B. As shown
in Table 5, Mid-Think maintains its effectiveness
on this coding benchmark: it substantially outper-
forms No-Think in accuracy while generating far
fewer tokens than full Think mode. This demon-
strates that the token-level trigger mechanism is not
specific to mathematical reasoning but generalizes
across task domains.

3.4 Trigger Origin and Robustness

A natural follow-up question is whether the ob-
served trigger dependence is an emergent prop-
erty of model architecture, or a consequence of
training data templates. Our experiments sup-
port the latter. Across Qwen, Llama, and Phi
model families—all of which were trained on
reasoning traces beginning with “Okay”. To
further isolate the effect of training templates,
we test Alibaba-Apsara/DASD-4B-Thinking, a
model whose reasoning traces begin with “We need”
rather than “Okay”. Attention analysis on DASD-
4B confirms that the dominant trigger token shifts
from “Okay” to “We”, suggesting the trigger adapts
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Mode Trigger Acc (%) AvgLen
No-Think — 82.4 2,219
Mid-Think We 88.8 2,796
Think — 90.8 3,516

Table 6: Mid-Think with a template-adapted trigger
(“We”) on DASD-4B-Thinking (MATH-500). The
method remains effective when the trigger is matched
to the model’s training template.

Mode Acc (%) AvgLen
No-Think 83.2 1,013
Mid-Think (We) 82.2 1,104
Mid-Think (Okay) 92.3 2,753
Think 94.6 5,557

Table 7: Sensitivity to trigger token choice on Qwen3-
8B (MATH-500). A mismatched trigger causes Mid-
Think to degenerate to No-Think behavior, confirming
trigger-template alignment is essential.

to the training template. Replacing the Mid-Think
trigger accordingly (“Okay” — “We”) preserves
Mid-Think’s effectiveness, as shown in Table 6.

In contrast, applying a mismatched trigger (e.g.,
using “We” on Qwen3-8B, which was trained with
“Okay”) causes Mid-Think to collapse to near No-
Think behavior, as shown in Table 7. This confirms
that the trigger must match the model’s training
template to be effective, and that the phenomenon
originates from training data rather than model ar-
chitecture.

3.5 Comparison with Fixed-Token and
Prompt-Based Methods

This section compares our approach with exist-
ing training-free methods for achieving intermedi-
ate reasoning capability. Most prior approaches
rely on additional training to control the reasoning
budget. In contrast, the primary training-free al-
ternatives are the fixed-token budget mechanism
in the Qwen3 series and prompt-based budget con-
straints. We therefore compare Mid-Think against
these two training-free baselines.

Experimental Setup. To compare against exist-
ing training-free budget control methods, we use
Qwen3-14B as the backbone model and evaluate
three baselines on MATHS00. First, we adopt the
fixed-token budget strategy provided by the Qwen3
series, setting the maximum generation length to
2k, 3k, and 4k tokens, respectively. Second, we
evaluate the proposed Mid-Think mode under the
same evaluation setting. Finally, we test prompt-

Method Setting Acc(%) Avg Len
Orieinal No-Think 86.3 899
rigma Think 94.4 4904
2k tokens 89.6 2673
Fixed Tokens 3k tokens 91.2 3315
4k tokens 90.8 3793
5k tokens 92.2 4136
Mid-Think training-free 92.1 2589
Prompt-based Prompt 91.2 3131

Table 8: Comparison of training-free budget control
methods on MATHS500 using Qwen3-14B. Fixed To-
kens limits the number of tokens allocated to the rea-
soning process, while Prompt-based methods prepend
explicit instructions encouraging shorter outputs while
preserving accuracy.

based budget control by applying prompting tem-
plates designed to constrain or guide the reasoning
process. The results are summarized in Table 8.
Comparison Results. As shown in Table 8,
while the Fixed Tokens strategy enables budget
control by explicitly limiting the number of rea-
soning tokens, its control is relatively coarse. Un-
der comparable accuracy levels, Mid-Think consis-
tently achieves substantially shorter average gen-
eration lengths. Moreover, fixed tokens require
pre-specifying the token limit without knowing the
difficulty of each instance in advance, which often
leads to insufficient reasoning for harder problems
and consequently degrades accuracy, despite suc-
cessfully constraining output length.
Prompt-based methods also underperform com-
pared to Mid-Think. Although such prompts can
partially reduce the reasoning budget, the result-
ing average generation length remains significantly
higher than that achieved by Mid-Think, indicat-
ing limited controllability. In contrast, Mid-Think
leverages overfitted token-level triggers to induce
intermediate-budget reasoning behavior, providing
a more reliable and fine-grained mechanism for
balancing reasoning quality and output length.

4 Applying Mid-Think to RL Training
after SFT

This section applies the proposed Mid-Think
mode to RL training on top of supervised fine-
tuning (SFT). Prior work has explored RL training
using No-think settings (Xu et al., 2025b) or fixed-
token budgets (Xu et al., 2025c¢) to accelerate and
improve reasoning training. We show that the Mid-
Think mode can also be directly trained via RL,
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Figure 6: Entropy during GRPO. We compare Qwen3-
8B-Base trained in the Think mode with Qwen3-8B
trained under Think, No-think, and Mid-Think modes.
The panel plots entropy versus training steps. Notably,
Mid-Think both increases training entropy.
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Figure 7: Entropy during GRPO. We compare Qwen3-
8B-Base trained in the Think mode with Qwen3-8B
trained under Think, No-think, and Mid-Think modes.
The panel shows entropy versus relative training time.
Notably, Mid-Think reduces overall training time.

enabling more efficient training while improving
overall model performance.

4.1 Experimental Setup

In this section, we conduct RL training using
Qwen3-4B and Qwen3-8B. All models are trained
with the verl framework using the GRPO algo-
rithm, with a learning rate of 1 x 1076 for six train-
ing epochs. We set the maximum generation length
to 16K tokens during training. All experiments are
conducted using 8 NVIDIA H200 GPUs.

We use 2 training datasets, each consisting
of 5,000 samples, sampled from Skywork-
ORI1-RL-Data (He et al., 2025a,b) and
OpenScienceReasoning-2 (NVIDIA et al.,
2025). Models trained on Skywork-OR1-RL-Data
are evaluated on AIME, while models trained on
OpenScienceReasoning-2 are evaluated on GPQA.
This evaluation enables validation across both
mathematical and scientific reasoning domains.

4.2 Experimental Results
4.2.1 Results of Training Entropy

We analyze the evolution of training entropy for
Qwen3-8B under different training modes, as illus-
trated in Figure 6. Specifically, we report entropy
curves on math training data for Qwen3-8B-Base
trained in the Think mode, Qwen3-8B trained in
the Think mode, and Qwen3-8B trained under the
No-think and Mid-Think modes.

Qwen3-8B-Base trained in the Think mode ex-
hibits the highest initial entropy, which rapidly
decreases and eventually collapses. In contrast,
Qwen3-8B trained in the Think mode starts with
substantially lower entropy and remains in a low-
entropy regime throughout training. We attribute
this behavior to the fact that Qwen3-8B, after SFT,
already exhibits a highly fixed reasoning pattern
in the Think mode, thereby limiting exploration
during RL training.

Notably, both the No-think and Mid-Think train-
ing modes lead to higher and more sustained en-
tropy. This indicates that relaxing or partially dis-
rupting the fixed reasoning pattern can effectively
increase policy entropy, facilitating exploration and
improving the stability of RL training.

4.2.2 Results of Training Time

Figure 7 reports the training time under different
training modes. We observe that Qwen3-8B trained
in the Think mode incurs long training time, as
the model generates excessively long reasoning
sequences during optimization. In contrast, Qwen3-
8B-Base exhibits much shorter training time since
it has not undergone prior fine-tuning and does not
produce explicit reasoning traces.

Notably, both the No-think and Mid-Think
modes significantly reduce training time by short-
ening the model’s reasoning outputs. This demon-
strates that controlling the reasoning budget not
only affects learning dynamics but also leads to
substantial gains in training efficiency.

4.2.3 Test Performance.

We report the test performance of Qwen3-8B
and Qwen3-4B after RL training under different
modes on MATH500, AIME, and GPQA, includ-
ing accuracy, average generation length, and wait
count, as summarized in Table 9.

Across all benchmarks, models trained in the
standard Think mode consistently underperform
those trained with the No-think and Mid-Think
modes. Moreover, after No-think training, the
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AIME GPQA
Model  Training  Mode No-think Test Think Test No-think Test Think Test

Acc Len Wait Acc Len  Wait \ Acc Len Wait Acc Len  Wait

No - 21.3 4520 447 71.6 16847 40342 (37.5 1335 459 60.9 9008 71817

Qwen3-8B RL Think 19.3 7624 9423 69.8 13330 34701 |34.7 1567 2179 58.5 9413 52228
RL No-Think 62.9 13591 11936 72.0 18980 34585 |47.8 4435 9863 59.6 9047 59419

RL Mid-Think 27.6 7114 6055 72.4 15318 44142|36.2 1293 1968 61.1 8257 55272

No - 20.0 4605 542  68.7 16699 40089 |36.9 1560 590 53.2 8729 72509

Owen3-4B RL Think 17.6 7973 917 61.1 13347 32118 |35.5 1789 252 47.3 10481 58476
RL No-Think 36.7 17421 20818 69.3 20551 61341 [40.4 6871 17196 48.7 10774 82568

RL Mid-Think 24.9 12492 11271 69.6 15799 40216|38.2 2086 4790 55.3 8696 60790

Table 9: Performance of Qwen3-4B and Qwen3-8B after GRPO training under different modes (Think, No-think,
and Mid-Think) on AIME and GPQA. We report accuracy, average generation length, and wait count. The Direct
setting corresponds to the untrained model. No-think Test evaluates the model under the no-thinking mode, while
Think Test evaluates the model under the standard thinking mode. Models trained with Mid-Think consistently
outperform those trained with Think or No-think when evaluated in the Think mode, while largely preserving

performance under the No-think test setting.

model fails to reliably preserve non-reasoning be-
havior and tends to produce excessively long out-
puts when evaluated in the Think mode.

In contrast, RL training with the proposed Mid-
Think mode achieves a more favorable balance. It
largely maintains the efficiency benefits of the No-
think regime while simultaneously attaining the
highest accuracy under the Think mode.

5 Related Works

Efficient LLM Reasoning. Recent reasoning
models still face significant efficiency challenges,
often producing excessively long outputs (Bandy-
opadhyay et al., 2025; Li et al., 2025; Wang et al.,
2025b). Early approaches such as Kimi 1.5 (Team
et al., 2025b) and Sky-Thought (Team, 2025) re-
duce verbosity by aligning long and short responses
via preference optimization, while TokenSkip (Xia
et al., 2025) and LightThinker (Zhang et al., 2025b)
improve efficiency by pruning redundant tokens
or compressing intermediate thoughts. Beyond
shortening reasoning traces, hybrid thinking meth-
ods (Jiang et al., 2025; Liu et al., 2025a) aim to
control when models reason, typically through ex-
plicit control tokens (e.g., \think, \nothink) (Sui
et al., 2025; Chen et al., 2024; Yang et al., 2026).
This paradigm has been adopted by models such as
Gemini (Team et al., 2025a), Qwen3 (Yang et al.,
2025a), GPT-oss (Agarwal et al., 2025; Zhang et al.,
2025d; Yue et al., 2025), and DeepSeek V3.1 (Liu
et al., 2024), with the latter further scaling hybrid
thinking through large-scale RL.

Reinforcement Learning with Verifiable Re-
wards With the emergence of DeepSeek-R1 (Guo

et al., 2025; Liu et al., 2024), GRPO has become
a widely adopted approach for endowing language
models with reasoning capabilities (Zhang et al.,
2025c; Plaat et al., 2024; Xu et al., 2025a; Yang
et al., 2025e). A growing body of work focuses
on improving GRPO, including variants (Xi et al.,
2025; Nan et al., 2025; Yang et al., 2025d) such
as DAPO (Yu et al., 2025), Dr. GRPO (Liu et al.,
2025b), and GSPO (Zheng et al., 2025). Other
studies specifically address the issue of entropy
collapse in GRPO-based training like Rethinking
Entropy Interventions (Hao et al., 2025; Ganguly
et al., 2026). Several works aim to reduce the high
training cost of GRPO, like It Takes Tivo (Wu et al.,
2025), Thinking-Free Policy. In parallel, recent
research has examined the interaction between su-
pervised fine-tuning (SFT) and GRPO-based RL
like On the Interplay (Zhang et al., 2025a) and
Quagmires in SFT-RL Post-Training (Kang et al.,
2025; Yang et al., 2025¢).

6 Conclusion

We show that hybrid thinking is largely driven
by a small set of token-level triggers. Building on
this, Mid-Think enables training-free intermediate-
budget reasoning by strategically manipulating
these triggers at inference time, achieving a bet-
ter accuracy—efficiency trade-off than fixed-budget
baselines. Beyond inference-time control, Mid-
Think also proves effective as an RL training objec-
tive, yielding models that better balance Think and
No-Think behavior. We hope these findings offer
a lightweight and practical lens for understanding
reasoning in hybrid thinking models.

6032

9



Limitations

While Mid-Think enables intermediate-budget
reasoning, it does not provide fully dynamic or fine-
grained control over arbitrary budget levels (e.g.,
0.1 or 0.7). Moreover, Mid-Think relies on the
presence of existing overfitted token-level behav-
iors, and thus requires identifying such patterns in
advance to realize Mid-Think.
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A Appendix

A.1 Quantitative Attention Analysis

To further quantify this observation, we compute
the trigger-token attention mass for each reasoning
mode on Qwen3-8B. Specifically, we measure the
average attention assigned to trigger tokens relative
to all other tokens in the prompt, and define the
ratio as:

Rati Attention on Trigger Token
atio =
Avg Attention on Other Tokens

ey

Table 10 reports these ratios alongside MATH-
500 accuracy and average generation length. In
No-Think mode, the post-</think> newline to-
ken dominates with a ratio of 5.27 x, suppressing
reasoning. In Think mode, the “Okay” token domi-
nates with a 3.18 x ratio, activating reasoning. Cru-
cially, Mid-Think simultaneously activates both
trigger regions: “Okay” at 2.10x and the newline at
3.08, resulting in intermediate accuracy (92.3%)
and generation length between the two extremes.
This quantitative evidence confirms that Mid-Think
induces a genuinely hybrid attention pattern, rather
than simply averaging the two modes.

Mode Trigger Ratio Acc(%) AvgLen
No-Think \n\n 5.27x 83.2 1,012
Mid-Think  \n\n 3.08x 92.3 2,753
Mid-Think  Okay 2.10x 92.3 2,753
Think Okay 3.18x% 94.6 5,557

Table 10: Trigger-token attention mass ratio, MATH-
500 accuracy, and average generation length under
different reasoning modes on Qwen3-8B. Mid-Think
jointly activates both trigger regions, yielding hybrid
behavior.

A.2 Another Verification of
Budget-Controlled Reasoning Baseline

Previously, we showed that the proposed budget-
controlled reasoning method enables proportional
control over the reasoning budget, resulting in sys-
tematic changes in average output length, accuracy,
and wait count. In this section, we present the
corresponding quantitative results. As shown in
Tables 11 and 12, all three metrics increase mono-
tonically with the reasoning budget, consistently
exhibiting the expected budget—performance trade-
off.

Budget Avg Length Wait Acc (%)

0.0 (No-think) 899.1 329 86.3
0.1 1563.3 10252 87.4

0.2 1879.9 16225 89.2

0.3 2170.8 22293 91.6

0.4 2472.7 27339 92.2

0.5 2852.9 33080 92.8

0.6 3244.6 38788 93.6

1.0 (Think) 4904.3 59288 94.4

Table 11: Verification of budget-controlled method on
MATHS500 with Qwen3-14B. We report average output
length, wait count, and accuracy under different bud-
gets. As the budget increases, all three metrics improve
steadily, demonstrating the effectiveness of the method.

Budget Avg Length Wait Acc (%)

0.0 (No-think) 1012.6 2082 83.2
0.1 2145.3 19679 88.0

0.2 2466.6 26778 89.8

0.3 2709.0 33543 90.3

04 3085.2 40188 92.0

0.5 3456.7 52871 92.8

0.6 3788.3 53260 93.3

1.0 (Think) 5557.4 81367 94.6

Table 12: Verification of budget-controlled reasoning
on MATH500 using Qwen3-8B. We report average output
length, wait count, and accuracy under different budgets.
As the reasoning budget increases, all three metrics im-
prove steadily, demonstrating effective budget control.

A.3 Results of Mid-Think v.s. Different
Budget

Previously, we presented the performance of
Mid-Think across different model scales primar-
ily through visualizations. To provide more con-
crete evidence, we now report the corresponding
quantitative results. Tables 15, 14, and 13 sum-
marize the detailed numerical results. Across all
datasets, Mid-Think—regardless of the specific tag
used—consistently achieves intermediate-budget
reasoning behavior. Notably, on GPQA, certain
Mid-Think variants even outperform standard bud-
get scaling under comparable or lower reasoning
cost.

A.4 Comparison Results on Qwen3-4B

Previously, we focused our analysis on hybrid
models at the 8B and 14B scales. Here, we addition-
ally report results on Qwen3-4B. As shown in Fig-
ure 5, Mid-Think continues to induce intermediate-
budget reasoning behavior on Qwen3-4B, demon-
strating that the effect generalizes to smaller model
scales.
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Figure 8: Comparison between different budget reasoning and Mid-Think on pure-think and RL-based models
across multiple datasets. We report results for Qwen3-4B under varying reasoning budgets, together with Mid-Think
using different tags (<reason>, <begin>, <less think>). Across MATH500, AIME, and GPQA, Mid-Think
consistently achieves performance corresponding to intermediate reasoning budgets, and on GPQA it surpasses
fixed-budget baselines, yielding Pareto-optimal accuracy—efficiency trade-offs between Think and No-Think mode.

Format Budget Avg Length  Wait Acc Format Budget  Avg Length Wait Acc
standard 0.0 899.1 329 86.3 standard 0.0 4084.9 501 229
standard 0.1 1563.3 10252 874 standard 0.1 5884.0 7070 33.1
standard 0.2 1879.9 16225  89.2 standard 0.2 6515.3 10911  37.8
standard 0.3 2170.8 22293 91.6 standard 0.3 7784.5 14455 429
standard 04 24727 27339 922 standard 0.4 8626.4 17597  48.9
standard 0.5 2852.9 33080 92.8 standard 0.5 9449.8 20143 54.7
standard 0.6 3244.6 38788  93.6 standard 0.6 10486.8 21793  57.6
standard 1.0 4904.3 59288 94.4 standard 1.0 15792.0 31686 744
begin 1.0 2805.5 23024  93.1 begin 1.0 11717.4 17083  61.3
reason 1.0 2589.8 20933  92.1 reason 1.0 10862.2 14660  58.7
less_think 1.0 2655.0 21249 933 less_think 1.0 10747.9 14893  61.1

Table 13: Quantitative results of budget-controlled rea-
soning on MATH500 using Qwen3-14B. We report av-
erage output length, wait count, and accuracy under
different reasoning budgets and prompt formats. Stan-
dard budget control exhibits a clear monotonic trade-
off between budget and performance, while alternative
formats (begin, reason, less_think) achieve com-
parable accuracy with substantially reduced reasoning
length.

A.5 Mid-Think to RL Training after SFT on
MATHS500

Previously, we only reported results on AIME.
We now extend our evaluation to Math500 and ex-
amine the effect of applying Mid-Think as the
reinforcement learning objective. Across both
Qwen3-8B and Qwen3-4B, Mid-Think training con-
sistently improves performance under the Think
test setting, while largely preserving behavior un-
der the No-think test setting.

As shown in Tables 16 and 17, models trained
with standard Think supervision remain inferior to
those trained with Mid-Think when evaluated in
Think mode. Meanwhile, Mid-Think training main-
tains competitive accuracy under No-think evalua-
tion, indicating that it serves as an effective interme-
diate reasoning objective that balances reasoning
strength and inference efficiency.

Table 14: Results of budget-controlled reasoning on
AIME using Qwen3-14B. We report average output length,
wait count, and accuracy under different reasoning bud-
gets and prompt formats. Increasing the budget leads to
substantial performance gains, while alternative formats
(begin, reason, less_think) achieve competitive ac-
curacy with reduced reasoning cost compared to stan-
dard full-thinking.

A.6 Training Hyperparameters

To facilitate reproducibility, we summarize the
full set of training hyperparameters in Table 18.
Our setup follows the official VERL GRPO recipe,
and all three training modes (Think, No-Think, and
Mid-Think) use identical hyperparameters to en-
sure a fair comparison.

Response sampling. We sample 8 responses per
prompt during rollout, which provides sufficient
diversity for advantage estimation in GRPO while
remaining computationally tractable. The maxi-
mum response length is capped at 16,384 tokens to
accommodate long chain-of-thought outputs under
the Think setting, while also allowing Mid-Think
responses to naturally vary in length without artifi-
cial truncation.

Training data and epochs. We train on a cu-
rated set of 5,000 problems for 6 epochs. This
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Format Budget Avg Length Wait Acc
standard 0.0 12114 398 394
standard 0.1 1756.2 7836 41.5
standard 0.2 2351.2 13849  41.7
standard 0.3 3005.8 20242 42.0
standard 0.4 3606.8 25896  47.7
standard 0.5 4208.1 30162  46.9
standard 0.6 5000.8 35780 474
standard 1.0 7799.4 50661 63.1
begin 1.0 2160.2 6138 50.4
reason 1.0 1763.0 4159 53.9
less_think 1.0 2073.1 4999 50.4

Table 15: Results of budget-controlled reasoning on
GPQA using Qwen3-14B. We report average output length,
wait count, and accuracy under different reasoning bud-
gets and prompt formats. Standard budget control shows
increasing performance with higher budgets, while al-
ternative formats achieve competitive accuracy with
substantially reduced reasoning cost.

Training Mode Test Acc/Len
NO - No-think  83.2/1013
Think 94.6 / 5557

RL Think No-think  81.9/1392
Think 93.6 /4568

RL No-Think  No-think 91.6/2268
Think 93.6 /6335

RL Mid-Think  No-think 85.8/1374
Think 94.1/5302

Table 16: Performance of Qwen3-8B under different
training regimes. We report accuracy (%) and aver-
age generation length. Each trained model is evaluated
under both No-think and Think test settings. Reason
(Mid-Think) training achieves the best Think-Test accu-
racy with balanced generation length.

relatively compact dataset size is intentional: it re-
duces the risk of reward hacking on easy samples
while maintaining a sufficient diversity of problem
types. Training for 6 epochs strikes a balance be-
tween convergence and overfitting, as we observed
diminishing returns beyond this point in prelimi-
nary experiments.

Optimization settings. We use a learning rate of
1 x 10~% with a warmup ratio of 0.05 and weight
decay of 0.1. The small learning rate is chosen
conservatively to preserve the pretrained model’s
language generation capabilities while allowing the
policy to shift meaningfully under RL. The weight
decay serves as a regularizer to prevent large devia-
tions from the reference policy, complementing the
KL penalty already present in GRPO.

Training Mode Test Acc/Len
No - No-think  83.2/991

Think 94.0/5334

RL Think No-think  80.8 /1362
Think 92.4 /4061

RL No-Think  No-think  88.4 /3234
Think 93.9 /7458

RL Mid-Think  No-think 83.9/ 1852
Think 93.9 /5456

Table 17: Performance of Qwen3-4B on Math500 under
different training regimes. We report accuracy (%) and
average generation length. Each model is evaluated un-
der both No-think and Think test settings. Mid-Think
achieves strong Think-Test accuracy while better pre-
serving No-think behavior compared to standard Think
training.

Hyperparameter Value
Responses per prompt 8
Max response length (tokens) 16,384
Training epochs 6
Training data size 5,000
Learning rate le-6
LR warmup ratio 0.05
Weight decay 0.1
Train batch size 256
PPO mini-batch size 64
Micro-batch size per GPU 16

Table 18: Training hyperparameters for GRPO-based
RL experiments. All three training modes use identical
settings.

Batch configuration. The train batch size is 256,
decomposed into PPO mini-batches of 64, with a
micro-batch size of 16 per GPU. This hierarchical
batching strategy is standard in large-scale RLHF
pipelines and allows gradient accumulation across
multiple forward passes while keeping per-device
memory usage manageable.
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