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Background A 4
, Llama3.3-70B (7 tokens) mmum
B |nfluenced by RL algorithms such as GRPO, _
large-scale reasoning models exhibit 3 ok
enhanced reasoning capabilities, while Quen2.5-728 7 tokens) g
5|rnulta_neou5|y Incurring pr{?portlonally _ st
excessive token consumption across a 109 okes

wide range of tasks. QuenzoMan T8 (8 ens .
¢ Solution3
. . + 39 tokens
B Farlier approaches often relied on hard- |
. * Solutiond
coded rules or externally imposed | 34tokes

constraints to forcibly correct model ! Soluton$

. 1 42 tokens
behavior. However, such methods tend to 8PT4o 7 tokens]  Souint

disrupt natural reasoning and limit _ 2tk

generalization. Ideally, a reasoning model

should inherently recognize when % Sy
additional reasoning becomes ;Mm“
redundant, enabling self-regulation Claude-35 7 tokens) e
without external intervention. L

FAXEIHE  Chen et al. Do NOT Think That Much for 2+3=? On the Overthinking of o1-Like LLMs



Idea:Train models to self-regulate reasoning length

BIdeal Objective: For different problems, enable the model to
adaptively output an appropriate reasoning length while
minimizing impact on accuracy.

Self-Braking Tuning

ﬁiﬁl’ﬁ 4



Foundation:Analysis of Reasoning Trajectories

u Key InSIth ReaSOﬂlﬂg mOdels genera”y ¢ How many positive whole-number divisors does 196 have?
tend to utilize multiple solutions to address % . '

Foundation Solution: Initiate Reasoning #Token:541

the same problem: Okay, 0 havetofgurs cuthow many pose wholenumber dieors 186 has. ... Puting
all together, 196 can be factored into 242 * 742, So the prime factorization is 2 squared

1 2 . [tiplied by 7 red.Mow, how do | find th ber of divi from here? | think th
. FIrSt SGIUtIGn' Uﬂderstand and analyze the $unnllfll!ﬂistgm::gchex?:nenofa;dmetu?hmanrdth;:lifﬁﬁplyr&u::Euf:;r:ea;l prime

factor, take the exponent, add 1, and multiply all together. In this case, the exponents are 2

Pro blem Step b}’ Step, and then solve the and 2 for primes 2 and 7 respectively. Adding 1 to each gives 3 and 3. Then, multiplying those
together: 3 * 3 = 9. So, does that mean 196 has 9 positive whole-number divisors?

problem gradually Evolution Solution 1: First Check #Token:178

Let me verify to make sure | didn't make a mistake. Listing the divisors manually might

B Other Solutions: serve to reflect on, Verify, and help......Counting these, that's 9 divisors in total. So yes, that matches what | found earlier

using the formula.

sy pplement the solution, yet often overshadow @ Evolution Solution 2: Second Check #Token:134
Just to make sure | didn't miss anything, let me check each number | listed....... So, 196's prime

the main focus and lead to significant token factors are only 2 and 7, with exponents 2 and 2, leading to 9 positive divisors. Hmm, | think

that settles it.

cgnsumptign_ Evolution Solution 3: Third Check #Token:224

Just to make sure | didn't miss anything, let me check each number | listed....... So, 196's prime
factors are only 2 and 7, with exponents 2 and 2, leading to 9 positive divisors. Hmm, | think
that settles it.

Evolution Solution 4: Final Justification #Token:71

| think that's thorough enough. | double-checked the prime factorization, ensured that each
exponent is accounted for, multiplied to get the total number, and then listed all the possible
divisors manually to confirm that there's no mistake. So, | don't think | made any errors here.
196 does have nine positive whole-number divisors.
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Method:Overthinking Identification

B Based Dataset: OpenR1-Math-94K (also applies to other reasoning datasets)
H Division of Solutions:

B Foundation Solution

B Evolution Solution

B Metrics for Identifying Overthinking
B Reasoning Efficiency Ratio(RER): Quantify the structural efficiency of reasoning

_FS
Ils = ﬁ
B Overthinking Marker Ratio(OMR): Capture the linguistic characteristics of

reasoning
TT ‘
1 13 f )i
Kt = — Z]I[w.,; e M|, Ifw; e M]= { if w; e M

0, otherwise

B Overthink Score
Overthink Score = 3 x ki + (1 = 3) x (1 —=7ns) (B=0.1)

F AL R https://huggingface.co/datasets/open-r1/OpenR1-Math-220k




Analysis: Why B =0.17

B Theoretical Insight
B Reasoning efficiency dominance

B Linguistic indicator robustness

B Factual Evidence

B The experiment results show =0.1 (balancing 90% RER and
10% OMR) optimizes SBT-E/D: SBT-E hits 57.83% accuracy
with 1673 tokens (48.9% token cut vs. baseline), while SBT-D
reaches 56.66% accuracy with 1682 tokens.

B Both SBT variants outperform the baseline in token etficiency
(halving tokens) with minimal accuracy loss (<2.7pp), proving
SBT’s ability to eliminate overthinking without compromising

reasoning quality .

¥ A%

Method 3 Acc  #Tok
Bascline - 5936 3277
0.05 5648 1762
0.1 5783 1673
oBT-R 0.15 5652 1874
02 5586 1809
0.05 5624 1678
0.1 56.66 1682
SBTD 15 s621 1784
02 5574 1814




Foundation:LLMSs’Difficulty Awareness Potential AR
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B Key Insight: Large models inherently possess a certain degree of difficulty awareness:
when facing hard-to-solve problems, they naturally allocate more tokens to attempt
solutions—this phenomenon 1s particularly prominent in reasoning models.

B We aim to unlock this potential of LLMs through Self-Braking Tuning (SBT), thereby
enabling adaptive reasoning

SBT-trained models autonomously adjust reasoning length based on task difficulty:

Dataset Difficulty Avg Steps

GSMSK Easy 27.78
MATHS00  Medium 51.32
AMC23 Hard 106.40

AIME25 Very Hard 202.23

¥ A%



Method: Adaptive Inference Data Construction " o SRl ¥

ZHEJIANG UNIVERSITY

B Fixed-structure truncation, uniformly Foundation Solution + Evolution r-ll1|u::L 4 Masked

|
|

retaining Foundation Solution + 1 i SBT-D Format W/{/ "Zf’ |
\

. . Overthink Score < 7, + Masked (7, < Overthink Score <
Evolution Solution \___ ____ _ S .

B SBT-Exact

B Structurally clarify the necessary reasoning - overthinking boundary, suitable for
scenarios pursuing stable efficiency
B SB1-Dynamic
B Step-wise adaptive truncation, gradually appending reasoning steps starting from the
Foundation Solution
B Dynamically adjust reasoning length based on problem difficulty, suitable for reasoning

completeness needs of complex tasks
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Analysis: Impact of overthinking thresholds
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B Different Threshold: 0.2/0.3/0.4

B Proportion of Overthinking Cases:
60%/50%/40%

B The threshold for classitying overthinking
instances affects dataset composition and model
performance greatly, with a 0.2 threshold
working best for SBT-E (cutting tokens by 49%
while keeping 97.4% baseline accuracy) and

classifying ~60% of samples as overthinking

Cascs.
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Method Threshold Acc #Tok
Baseline - 5936 3278
SBT-Exact 0.2 5783 1673
0.3 56.70 1755
04 5738 1834
SBT-Dynamic 0.2 56.66 1682
0.3 5747 1917
04 57.36 1902
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Analysis: Step-level vs. Token-level

B In the SBT-D method, we replace step-level metric Level Ace  #Tok

calculation and truncation position determination with Baseline 5036 3277
Step-Level 56.66 1682
Token-Level 56.24 1753

token-level ones to fully measure the differences between

step-level and token-level approaches.

B The model achieves better performance at the step-level, which indicates that it benefits

from complete logical units rather than more aggressive but potentially incoherent

truncation methods.

¥ A%



Method: Self-Regulating Braking Strategy

B Masked redundant thinking
B Retain a small amount of redundant reasoning, mask it
without calculating loss, and help the model distinguish

between effective reasoning and redundant reasoning

B Masked segments serve as explicit negative examples: models observe
overthinking patterns without receiving gradient reinforcement, which enables
them to conduct discriminative learning of reasoning termination boundaries.

B Natural language guidance

B We further enhance self-regulation by adding clear natural language cues at

reasoning stop points. For example, “Wait, I’ve gotten the same answer multiple

times, time to end the thinking.”

¥ A%




Analysis: Preserved reasoning & redundancy mask

B We divided the number of preserved solutions Reservations & Masked Content  Acc  #Tok
and the corresponding length of masked Baseline 59.36 3277
dund hinki . h . | solution & A few sentences 56.95 1700
redundant thinking to comprehensively explore | solution & 1 solution 5760 1697
the impact of different effective thinking and 2 solutions & A few sentences 57.83 1673

P S 2 solutions & 1 solution 5745 1684

redundant thinking on the entire method.

B Our key 1nsight 1s that preserving two solutions provides the model with a critical internal
signal—"I have obtained the same answer multiple times"—thereby stimulating 1ts active

awareness of stopping reasoning.
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Analysis: NLG vs. Alternative Approaches
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B Among the methods for guiding the appearance of

Guiding Mode Ace  #Tok

the reasoning termination marker , we compared Baseline 5036 3277
three approaches: no guidance, natural language Natural Language  56.66 1682
. . . Special Token 56.61 1797
guidance, and special token guidance. No Guidance 5639 1801

B Natural language guidance leverages the model’s existing capabilities to recognize logical
transitions and reasoning completion, rather than introducing artificial control

mechanisms that require learning new rules, thus offering relative advantages.
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Experiments
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Main Results

» Token Efficiency
SBT cuts tokens by
30.7-62.8% with minimal
accuracy loss, retaining

94.1% accuracy on Llama-
3.1-8B.

» Model Scaling

Larger general models
benefit more (up to
62.8%), while math
models show smaller gains
(30.7-48.9%).

» Variant Trade-offs

Base Model Method GSMSK MATHS500 AIME AMC23 AVERAGE
Acc #Tok Acc #Tok Acc #Tok Acc #Tok Acc #Tok

.+, Baseline 8500 514 8025 1712 16.25 7381 55.94 3503 5936 3277
Qrse;iifnﬁz? SBT-E 8485 426 77.10 1121 13.75 3101 55.63 2044 5783 1673
" SBT-D R4.87 414 77.30 1046 14.17 3381 50.31 1888 56.66 1682
Qwen2.5-Math- Baseline 96.11 1460 92.67 3816 40.83 11904 83.13 6937 78.19 6029
?B-ll’.l‘-}tm{:t SBT-E 9545 997 90.77 2501 38.75 8772 77.19 4443 7554 4178

] SBT-D 9537 956 91.15 2629 38.38 9778 80.06 5208 76.24 4643
Llama-3.2- Baseline 41.85 1639 2522 6624 1.25 13150 938 10210 1943 7906
lB-]_I‘lS[['I:ICI SBT-E 3996 1056 24.35 3180 042 6615 906 4708 1845 3890
SBT-D 41.21 698 25.07 2591 1.04 6821 13.13 4388 20.11 3624

Llama-3.1- Baseline 88.03 1593 5998 9304 958 13663 36.75 9742 4859 8576
SB-[I'I‘-I-[['I:ICI SBT-E 85.03 777 57.60 2292 6.84 5658 33.44 4045 4573 3193
] SBT-D R88.27 997 62.60 3847 7.70 5845 38.12 6476 49.17 429]

SBT-E achieves higher reduction (48.3%) but slightly lower accuracy, whereas SBT-D balances both, even boosting accuracy

by +2.62%.
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Discussion & Future Work

» To be Adaptive: How do we define, quantify, and implement the adaptive reasoning of a
model?

» Balancing overthinking and underthinking:How can we find the optimal reasoning
depth without sacrificing accuracy or insight?

» Moving toward metacognitive control:Can a model truly monitor and regulate its own
reasoning process?

» Beyond Efficiency — Toward Reasoning Wisdom:Should we optimize purely for
efficiency, or for thoughtful, context-aware reasoning?
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Thanks for your listening!

Welcome any questions!

Welcome to contact me: ran159753@tju.edu.cn
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