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® Existing studies have shown that making a model spend more time thinking through longer Chain
of Thoughts (CoTs) enables it to gain significant improvements in complex reasoning tasks.

® However, we are concerned about a potential issue hidden behind the current pursuit of test-time
scaling: Would excessively scaling the CoT length actually bring adverse effects to a model's
reasoning performance?

[1] Learning to Reason with LLMs. OpenAl
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{b] Results on AIMEXZS

Figure 1: The accuracy and the average number of tokens for each model on MATH300 and
AIME2024. To ensure a fair companson, we tokenized all model outputs using the Qwen2 5

tokenizer.

The preliminary analysis on several existing typical o1-like models along with their
corresponding System-1 thinking models suggests, to some extent, that excessively scaling to
longer CoTs does not maximize test-time scaling effects.
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Figure 2: The accuracy and the average aumber of tokens of LLaMAZ. 1-8B-Instroct and LLaMMA3 1-

BB-Tag under different reasoning efforts (“Low’', “Mediom"™ and “High") on different benchmarks
with varying levels of difficulty.
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Figure 3: The accuracy and the average number of tokens of Qwen2. 5-12B-Instruct and Qwen2 5-

32B-Tag under different reasoning efforts {"Low™, “Mediom' and “High™) on different benchmarks
with varying levels of difficulty.

We fine-tune LLMs on a set of samples, where each problem is paired with three ol-like responses of
different lengths, each assigned a distinct system prompt. Evaluation results show:

® Scaling with longer CoTs can bring negative effects to the model's reasoning performance in
certain domains, especially on easy tasks.

® There exists an optimal reasoning efforts that varies across different tasks of varying difficulty levels. 4
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Table 10: The performance of Qwen2 5-TB-based models on MMLU-Pro and GPQA-Diamond

MMLLU-Pro GPQA-Diamond

Maodel :
Accuracy NTokens  Accuracy #lokens

System-J thinking modely

Crwen2 5-TH-Instract (Temp. = 0.0) 5244 A013R 485 59273

Crwen2 5-TH-Instrsct (Temp. = 1.0)  51.49 ITRR) 3184 537.41
Tirg models

rwen2 5-TB-Tag-Ceneral - Low 5600 167460 3182 2ROEER

rwen2 5-TH-Tag-Ceneral-Medium 5582 234127 3687 303113

wen2 5-TH-Tag-Ceneral-High 5581 263205 I2EI 413R1]

The above findings also hold true in the general reasoning domain as well.
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Figure 4: The statistics of responses under differ- Figure 5: Emparical results of loss masking on
el reasoning efforts for raining the tag models. erroneous steps. Evaluation temperatane ig 0.0,
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® After analyzing the response properties, we find that the number and proportion of erroneous
reasoning rounds consistently increase as the reasoning effort grows. Training the model on
more wrong steps would bring adverse effects to the model's reasoning abilities, which can explain
why scaling with higher reasoning effort leads to worse results.

® The additional results of applying loss masking to the tokens in the identified wrong steps of our
custom-constructed long CoTs, as shown in Figure 5, help validate this claim.
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The illustration of our Thinking-Optimal Scaling method. Our method includes three stages:

Format Imitation enables the base model to learn how to adopt different levels of
reasoning effort to perform System-2 thinking, using a small set of seed data.
Reasoning Effort-Conditioned Generation requires the model to apply System-2
thinking to a large set of problems under different reasoning efforts.
Self-Improvement select the shortest correct response for each problem among all
responses to fine-tune the base model to achieve thinking-optimal test-time scaling.
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Table 3: The results of cur self-improved {(Qwen2 5-32B-TOPS) and further iteratively self-improved
models (Qwen2 5-32B-TOPS-Iter) compared to existing ol-like models using the same base model
on GEMEE, MATHS00, and ATME2024. In each semting, the underlined value represents the best
result for Svatem-1 thinking models, while the bold valoe indicates the best result for System-2

thinking models.
GSMEK MATHS0O AIMEXNZA
Muodel L ,
Accuracy WTokems Accuracy  #Tokens  Acouracy  ¥Tokens
System={ thinking models

Owen2 5-32B-Instruct (Temp. = 0.0)  95.%] 295.01 8420 STHED 16.67 1447 .43
Chwen 5-12B-Instruct (Temp. = 1.00  95.30 204698 R1 R4 555.65 14.67 5542

System-2 thinking models
Qrwi)-32B-Preview 9523 76101 9202 241623 4533 763663
STILL-2.32H 9547  S5T064 9140 200528 4533 6656.11
Sky-T1-32B-Preview 9482 69566  EB4E 202207 31533 535109
Qwen? 5-12E-Random 9500 93845 9016 26TOIS 31933 769130
Qwen2 5-32B-TOPS {ours) 9582 41224 9148 IREI29 4333 726026

Qwen? 5-32B-TOPS:Iter-SFT (ours) 9545 6614 9076 170111 4400  H611.89
COwen2 5-32H-TOFS-Iter-DPC {(ours) 95,80 18481 91.60 1731.72 6.0 642662

® The model trained under thinking-optimal samples (Qwen2.5-32B-TOPS) consistently performs better than
the model trained under thinking-suboptimal samples (Qwen2.5-32B-Random), and outperforms other
distillation-based models.

® The comparison of reasoning tokens used by different models across various domains reflects our model's
ability to exhibit adaptive reasoning depths.

® [terative self-improvement via DPO leads to continuous improvements in both efficiency and effectiveness.
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Table 4: The self-improvement results on LLaMA3 1-BB-Instruct. In each serting, the underdined
value represents the best result for System-1 thinking models, while the bold value indicates the best

result for System-2 thinking models.

CrSMEK MATHSOD AIME2D24
Accuracy WTokens Accuracy W#Tokens Accuracy #Tokens
Syrierms! thinkirg modely
LLaMAJZ 1-BB-Instruct (Temp. = 0.0) B2 18 26223 4700 1801.76 667 5506, H)
LLaMA3 1-BB-Instruct (Temp. = 1.00)  76.Z] 23308 35060 133156 4.67 1651 .28
Svrlerms2 thirkirg modely
LLaMA3. 1-BB-Random-3FT R7.54 1050.05  &h5: IT.23 .67 R165.6%9
LLaMAJ. 1-BB-TOPS-3FT HE.54 STLI0 6128 325401 D  7IG250

The results on LLaMA3.1-8B-Instruct demonstrate the generalizability of our

method on other architectures.
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