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Abstract001

Improving the exploration of reasoning is es-002
sential for advancing Large Language Models’003
(LLMs) problem-solving performance. Cur-004
rent methods primarily rely on output-level005
stochasticity, which decode within fixed rea-006
soning patterns of LLM and suffer from in-007
sufficient exploration. In this paper, we intro-008
duce adjusting attention temperature to di-009
rectly modulate the model’s internal focus dur-010
ing reasoning, which enables a dynamic shift011
between exploratory and focused processing.012
We reveal that moderate adjustments preserve013
LLM’s reasoning capability while producing014
problem hardness-dependent benefits: higher015
temperatures facilitate solving complex tasks016
by encouraging wider exploration, whereas017
lower temperatures mitigate overthinking on018
simpler problems. Leveraging this insight, we019
propose a two-stage inference strategy: first,020
attention temperature scaling modulates the021
LLM’s reasoning patterns to diversify the rea-022
soning traces; then, a difficulty-aware aggrega-023
tion scheme is introduced to effectively identify024
the most reliable solution from the generated025
candidates. Extensive evaluations show that026
our method improves Pass@10 by 9.95–16.9%027
and aggregation accuracy by 7.2% across 7 rea-028
soning benchmarks.029

1 Introduction030

Recent years have witnessed remarkable ad-031

vancements in the reasoning capabilities of large032

language models (LLMs) (Jaech et al., 2024; Ope-033

nAI, 2025; DeepSeek-AI, 2025; Yang et al., 2025).034

Techniques such as chain-of-thought (Kojima et al.,035

2023; Wei et al., 2023) and reinforcement learn-036

ing (Ouyang et al., 2022; Rafailov et al., 2024)037

have been instrumental in empowering LLMs to038

tackle complex tasks including mathematics reason-039

ing (Wang et al., 2025a; Balachandran et al., 2025),040

code generation (Yu et al., 2025; Li et al., 2025a),041

and agent scenarios (Zhu et al., 2025; Chakraborty042

Question:  Let △ABC have circumcenter O and incenter I with 

IA⊥OI, circumradius 13, and inradius 6. Find AB⋅AC.

First, the circumradius R 
of triangle ABC is given by 
the formula R = (a)/(2 sin 
A) = (b)/(2 sin B) = (c)/(2 
sin C), where a …

Given OA = OB = OC = 13, 
which means all three 
vertices lie on a circle with 
radius 13. So triangle ABC 
is inscribed in …

Reasoning Chain

Let me think about IA⊥OI. 
In triangle ABC, IA is the 
length from A to the in-
center I, and OI is the 
distance between circum-
center O and incenter I …

Decoding Results

Sampling from 
fixed distribution

(A) Fixed Reasoning Pattern

Let me suppose point A 
Therefore, the answer is 78.

Therefore, we have OI² = A ⋅ I
– 169 final answer is 24.

Earlier, I thought that OI² = 
13 Lx, but let me re-examine 
the derivation. We had IA ⋅
OI =         final answer is 601.

Wait, let me check the alge-
bra again. Left side: 2/(1-cos 
φ)+ cos φ. Minus        I will 
conclude the answer is 601.

Next-token
Prediction

Sampling under
adjustable atten-
tion temperature

✔

×

×

(B) Attention Temperature Modulation

…

✔

…

…

…

…

Figure 1: A case study of Qwen3-1.7B on AIME 2024
Problem 18, where we apply different exploration mech-
anism starting from step 4. (A) Standard LLM sampling
relies on a fixed distribution, which cause the model to
choose tokens like “let” or “therefore”, yet both paths
lead to incorrect answers. (B) Our attention temperature
modulation enables adjustable sampling distributions.
This allows the LLM to strategically sample tokens like
“earlier” or “wait”, triggering reflective reasoning that
leads to correct answers.

et al., 2025). This evolution marks a significant 043

leap towards more reliable and transparent artifi- 044

cial intelligence systems. 045

Most of current methodologies rely on diversity 046

of generation to enhance LLM’s reasoning capa- 047

bility (Wang et al., 2023; Wu et al., 2025b; Shao 048

et al., 2024), which ensures a rich set of poten- 049

tial problem-solving pathways is investigated to 050

increase the likelihood of arriving at a correct so- 051

lution. The standard approach to achieving output 052

diversity is stochastic decoding (Schaeffer et al., 053

2025; Wu et al., 2025a), which draws tokens from 054

the LLM’s next-token-prediction distribution in 055

each time step. While effective, this method only 056

enables exploration within the model’s fixed reason- 057

ing patterns without altering its underlying cogni- 058

tive framework (Niu et al., 2025). This is analogous 059

to the limitation of a local optimization algorithm, 060

which can efficiently sample nearby points in the 061

solution space but lacks the mechanism to escape a 062
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Key States Query
High Attention Temperature = 1.1

Key States Query
Low Attention Temperature = 0.9

Key States Query
Default Attention Temperature = 1.0

Let 𝑨𝑩𝑪 be a triangle inscribed
in circle 𝝎. Let the tangents to 𝝎
at 𝑩 and 𝑪 intersect at point 𝑫,
and let 𝑨𝑫 intersect 𝝎 at 𝑷. If
𝑨𝑩 = 𝟓, 𝑩𝑪 = 𝟗, and 𝑨𝑪 = 𝟏𝟎, 𝑨𝑷
can be written as the form 𝒏/𝒎,
where 𝒎 and 𝒏 are relatively
prime integers. Find 𝒏 +𝒎.

Rectangles 𝑨𝑩𝑪𝑫 and 𝑬𝑭𝑮𝑯 are
drawn such that 𝑫,𝑬,𝑪,𝑭 are
collinear. Also, 𝑨,𝑫,𝑯,𝑮 all lie on
a circle. If 𝑩𝑪 = 𝟏𝟔, 𝑨𝑩 = 𝟏𝟎𝟕, 𝑭𝑮 =
𝟏𝟕, and 𝑬𝑭 = 𝟏𝟖𝟒, and what is the
length of 𝑪𝑬?

Question 1 (easy)

Question 2 (hard)

Integrative Reasoning

Precise Information Retrieval
… Therefore, confident that AP = 100/13,

so m + n = 100 + 13 = 113. ✔
×

… Therefore, the calculation seems con-
sistent. Hence, the answer is 26 + 3 = 29.

… However, since the problem is likely an
integer, and given the proximity to 107, I'll

guess the answer is 107.

×

… I will trust that AP = 100/11, and the
error must be in the power of a point
application. Therefore, m + n = 111. ×

… Hence, e = -187 is invalid, meaning only
e = 3 is valid. Therefore, CE = 104. This
makes sense, and the answer is 104.

✔

…, and the slight discrepancy is due to
rounding or a miscalculation. Therefore, I
will conclude that the length of CE is 107.×

Figure 2: Enhancing LLM’s reasoning exploration by adjusting the attention temperature.

local optimum and discover a fundamentally supe-063

rior region. As shown in Fig. 1, such exploration064

mode is confined to a fixed next-token distribution,065

thus suffering from insufficient exploration.066

To address this limitation, we propose adjust-067

ing attention temperature, which is the scaling068

parameter that controls the concentration of atten-069

tion weights, to dynamically guide the LLM’s in-070

ternal reasoning patterns. Unlike stochastic sam-071

pling methods that only manipulate the output dis-072

tribution, attention temperature operates directly073

within the attention layers, which is LLM’s cogni-074

tive core (Huang et al., 2023; Zheng et al., 2024).075

By modulating the sharpness of attention weight076

distributions, it dynamically adjusts the model’s077

cognitive focus during reasoning process, as shown078

in Fig. 2. Specifically, a high temperature smooths079

the distribution and promotes integrative reasoning080

by broadly attending to multiple key states; while081

a low temperature facilitates precise information082

retrieval by focusing on most critical states. Adjust-083

ing this parameter enables flexible switching be-084

tween divergent exploration and focused execution085

during reasoning, thus allowing LLM to generate086

more diverse and adaptable outputs.087

Our systematic experiments yield two princi-088

pal observations: (1) Although moderate adjust-089

ments to attention temperature create a divergence090

from the pre-training regime, this manageable gap091

does not degrade the output quality or reasoning092

performance of LLMs; (2) The optimal tempera-093

ture setting is difficulty-relevant: for challenging094

tasks, a higher temperature promotes broader ex-095

ploration of the reasoning space, increasing the096

likelihood of discovering a correct solution; con-097

versely, for simpler problems, a lower temperature098

curbs over-thinking (Chen et al., 2025b; Sui et al.,099

2025) and yields more concise and accurate reason- 100

ing chains with lower computational overhead. 101

Building on these insights, we propose a two- 102

stage inference strategy to enhance the reasoning 103

capability of LLMs: (1) We introduce attention 104

temperature scaling, which diversifies exploration 105

by sampling reasoning paths under varied attention 106

temperature settings to increase the likelihood of 107

reaching high-quality solutions. (2) We further pro- 108

pose a difficulty-induced aggregation scheme which 109

estimates problem difficulty and then intelligently 110

aggregates outputs from different temperature con- 111

figurations through weighted voting. 112

Our contributions can be summarized as follows: 113

• We first propose a novel attention temperature 114

modulation to enhance LLM reasoning exploration 115

without compromising its reasoning capability. 116

• We propose a two-stage inference strat- 117

egy combining attention temperature scaling and 118

difficulty-induced aggregation to diversify reason- 119

ing pathways and consolidate LLM results. 120

• Extensive evaluations show that our method 121

improves Pass@10 by 9.95-16.9% and aggregation 122

accuracy by 7.2% across 7 reasoning benchmarks. 123

2 Related Work 124

2.1 Enhancement of LLM Reasoning 125

As the scaling of model parameters and train- 126

ing data reaches practical limits (Kaplan et al., 127

2020; Snell et al., 2025), test-time scaling (TTS) 128

approaches has emerged as a key paradigm for 129

enhancing the reasoning capabilities of LLMs by 130

dynamically allocating additional computational 131

resources during inference (Zhang et al., 2025a). 132

Inference-time scaling methods generally operate 133

under two complementary paradigms: parallel scal- 134

2



ing and sequential scaling. Parallel scaling (Qi135

et al., 2025; Tu et al., 2025) generates multiple136

independent reasoning paths for a single query,137

which are then aggregated through majority vot-138

ing (Wang et al., 2023) or reward model (Lightman139

et al., 2023; Zhang et al., 2025b) to improve an-140

swer robustness. Sequential scaling (Chang et al.,141

2025), on the other hand, iteratively refines the142

model’s answer over multiple steps, often through143

self-refine (Madaan et al., 2023; Shi et al., 2025a)144

or external feedback (Yin et al., 2024), enabling145

stepwise verification (Shi et al., 2025b) and ex-146

tended reasoning depth (Chang et al., 2025).147

Moreover, reinforcement learning (RL) meth-148

ods (OpenAI, 2025; DeepSeek-AI, 2025) offers149

a more powerful approach for test-time scaling150

by iteratively refining a model’s reasoning policy151

through feedback. Unlike inference-time scaling,152

RL-based approaches incentivize the emergence153

of advanced, self-improving reasoning strategies.154

By leveraging techniques that guide multi-step rea-155

soning through learned reward feedback (Ouyang156

et al., 2022; Zhong et al., 2025) or directly optimize157

policies against verifiable task outcomes (Rafailov158

et al., 2024; Shao et al., 2024; Xiong et al., 2025),159

RL enables LLMs to autonomously extend and re-160

fine their reasoning chains. This has been widely161

applied to a diverse range of complex tasks includ-162

ing mathematical reasoning (Wang et al., 2025a)163

and agentic tasks (Zhu et al., 2025).164

2.2 Analysis of LLM Reasoning Mechanism165

Research on the reasoning mechanisms of LLMs166

seeks to understand how these models perform log-167

ical steps internally. This field, known as mechanis-168

tic interpretability, focuses on reverse-engineering169

the models’ internal computations (Hou et al.,170

2023; Wang et al., 2025c). A key approach involves171

circuit analysis and the functional dissection of at-172

tention heads to identify specialized components173

crucial for reasoning, such as iteration heads that174

enable multi-step loops (Cabannes et al., 2024) and175

semantic induction heads that support in-context176

learning and factual recall (Ren et al., 2024). Con-177

currently, other work investigates the limitations178

and characteristic failures of LLM reasoning, re-179

vealing that models may generate computational180

steps without systematically validating results (Lu181

et al., 2025; Zhang, 2025), or may rely on latent182

shortcuts and spurious correlations rather than ro-183

bust logic (Ding et al., 2024; Bronzini et al., 2024).184

Together, these insights form a foundation for de-185

signing more reliable, efficient, and transparent 186

reasoning architectures. 187

3 Preliminary 188

3.1 Decoding Temperature 189

To introduce diversity in text generation, stochas- 190

tic decoding methods sample tokens from the 191

model’s output distribution rather than determinis- 192

tically selecting the most probable tokens. Given a 193

context x<t = (x1, . . . , xt−1), the model produces 194

a probability distribution over the vocabulary V: 195

Pθ(v | x<t) =
exp(h⊤

t Wv)/τ∑
v′∈V exp(h⊤

t Wv′)/τ
, (1) 196

where Wv denotes the output embedding for token 197

v, and τ is the decoding temperature. Stochastic 198

decoding methods sample next token xt on this 199

probability distribution. For example, Top-k Sam- 200

pling restricts the sampling space to the k most 201

probable tokens, and Top-p Sampling dynamically 202

selects the smallest set of tokens whose cumula- 203

tive probability exceeds threshold p. Both operate 204

on LLM’s output distribution, with no intention of 205

altering LLM’s inherent cognitive patterns. 206

3.2 Attention Temperature 207

Previous research indicates that feed-forward 208

layers in LLMs are typically used for storing knowl- 209

edge (Geva et al., 2021; Chen et al., 2025a), while 210

attention layers, due to their dynamic contextual 211

awareness and ability to model interrelationships, 212

are associated with complex functions like reason- 213

ing (Chen et al., 2025c; Jin et al., 2025). 214

In attention blocks, attention weights αi are typ- 215

ically derived through a softmax transformation of 216

scaled dot-products between the query and keys: 217

αi = exp

(
q⊤ki√

dk

) / n∑
j=1

exp

(
q⊤kj√

dk

)
. (2) 218

Here, the scaling factor 1/
√
dk prevents gradient 219

vanishing issues that arise from large dot-product 220

values in high-dimensional spaces. 221

Based on it, the concept of attention tempera- 222

ture is introduced to further control the "peakiness" 223

or concentration of the attention distribution. By 224

incorporating a temperature parameter τ > 0 into 225

the softmax computation, we obtain: 226

αi(τ) = exp

(
q⊤ki

τ
√
dk

) / n∑
j=1

exp

(
q⊤kj

τ
√
dk

)
.

(3) 227
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In practical implementations, we introduce atten-228

tion temperature by directly modifying the scaling229

factor (1/
√
dk → 1/(τ

√
dk)). This obviates the230

necessity of incorporating an additional configura-231

tion parameter to the source code of LLMs.232

233
T = your attention temperature234
for i in range(num_hidden_layers):235

layer = model.model.layers[i]236
layer.self_attn.scaling /= T237238

3.3 Reasoning Patterns239

Regulating the attention temperature essentially240

modifies the attention entropy, i.e., the degree of241

peakedness or uniformity in attention, which can242

be formulated as follows:243

Definition 1 (Attention Entropy) Given the at-244

tention weights at ∈ Rt−1 from query at time step t245

to previous keys, the attention entropy Hattn(a
t) is246

computed on the normalized top-K weights. Specif-247

ically, let {at(j)}
K
j=1 be the K largest weightsLet248

âtj = at(j)/
∑K

k=1 a
t
(k), we define:249

Hattn(a
t) = −

K∑
j=1

âtj log â
t
j . (4)250

Here K is a fixed hyperparameter independent of251

sequence length.252

As the counterpart, decoding entropy measures253

the uncertainty of LLM’s output:254

Definition 2 (Decoding Entropy) Given next-255

token probability distribution pt ∈ RV at time step256

t, the decoding entropy Hpred(p
t) is defined as:257

Hpred(p
t) = −

V∑
i=1

pti log p
t
i. (5)258

Prior works (Wang et al., 2025b; Li et al., 2025b)259

have suggested that enhancements of LLM rea-260

soning is primarily driven by optimizing a small261

fraction of "forking tokens" with high decoding262

entropy, including logical connectives (e.g., "how-263

ever", "wait") and key reasoning terms (e.g., "sup-264

pose", "define"). Intuitively, these tokens signify265

cognitive shifts in the model’s reasoning process.266

For instance, "wait" may indicate a moment of re-267

flection, while "suppose" introduces a hypothetical268

scenario. Such reasoning steps often require inte-269

grating information from previous context.270

In this work, we observe that the generation of to-271

kens with high decoding entropy tends to co-occur272

GSM8K MATH500 AIME2024 HMMT
0.0

0.2

0.4

0.6

0.8

1.0

Co
rr

el
at

io
n

Qwen-1.7B
Qwen-4B
DeepSeek-R1-Distilled-Qwen-7B
DeepSeek-R1-Distill-Llama-8B

Figure 3: Solution tokens are grouped by decoding en-
tropy, and the correlation between average decoding en-
tropy and attention entropy is computed across chunks.
The correlation is low on simple tasks (GSM8K) but
stronger on challenging tasks.

with high attention entropy, indicating that LLM at- 273

tends to a broader set of information when produc- 274

ing these pivotal tokens. We quantitatively validate 275

this correlation across four mathematical reasoning 276

datasets and visualize the results in Figure 3. It sug- 277

gests that elevated attention entropy may support 278

greater reflection and exploration during reasoning, 279

while lower attention entropy encourages more de- 280

terministic thinking. Inspired by this finding, we 281

propose to modulate the attention temperature to 282

steer the reasoning patterns of LLMs. 283

4 How attention temperature influence 284

LLM’s reasoning behaviour? 285

Prior research on attention temperature has pri- 286

marily focused on its optimization during the train- 287

ing phase of LLMs (Zou et al., 2024; Ram et al., 288

2025), while inference typically relies on a fixed 289

and static value. Therefore, directly adjusting at- 290

tention temperature at inference stage will create a 291

train–inference gap, which may potentially lead to 292

unpredictable and suboptimal model behaviors. In 293

this paper, we rule out the existence of this risk, in- 294

stead, we reveal that LLM’s reasoning exploration 295

can be enhanced via attention temperature modula- 296

tion during decoding. 297

4.1 Impact on Output Quality 298

To assess the impact of attention temperature t 299

on output quality, we adopt the following evalu- 300

ation protocol. Let Q = {q1, q2, . . . , qn} denote 301

a benchmark of n questions. For each question 302

qi ∈ Q, the model generates an answer ai(t) under 303

attention temperature t. Each question-answer pair 304

(qi, ai(t)) is then scored by an evaluation function 305

f according to four predefined quality levels: 306

Level I: Output consists of nonsensical or gar- 307

bled tokens. Level II: Output is grammatically 308
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Okay, so far, let me think aboutthis answer. 𝟐 ≤ 𝜽 and 𝜽 ≤ 𝟑 ≤
𝟐𝝅 into a range of 𝒑 in the

𝒘 𝟏 is that the 𝝅 and way, 𝝅 =
𝟑𝝅 ? 𝝅 ? 𝝅 and 𝝅 /𝝅? 𝝅? 𝒓? …

To convert a point fromrectangular (𝒙,𝒚) coordinates topolar coordinates, we need tofind the radius rand the angle 𝜽.The formulas for …

To convert from rectangular topolar coordinates, we use the
formulas 𝒓 = 𝒙𝟐 + 𝒚𝟐,and 𝜽 =
arctan(𝒚/𝒙) , Let's try a differentapproach by using the …

To solve this problem, I will firstwrite out the steps for each partof the problem. First, I will writeout the steps for each part of theproblem. Then, after that, …

Figure 4: We show examples for each output quality level. Our analysis on Qwen3-1.7B reveals that variations in
attention temperature between 0.9 and 1.1 have negligible effects on LLM output quality. Within this range, LLM’s
reasoning performance slightly improves as the attention temperature increases.

coherent but irrelevant to the given task. Level III:309

Output contains contextually appropriate sentences310

but lacks coherent reasoning. Level IV: Output311

demonstrates a clear reasoning process, even if the312

final answer is incorrect.313

The overall output quality metric S(t) at atten-314

tion temperature t is computed as the mean score315

across all questions in the benchmark:316

S(t) =
1

n

n∑
i=1

f(qi, ai(t)). (6)317

Our experiment results with DeepSeek-R1 as318

evaluator f (Figure 4) show that output quality re-319

mains stable for attention temperatures between320

0.9 and 1.1, with a limited effect from 0.8 to 1.3.321

However, temperatures below 0.5 or above 1.7 fre-322

quently lead to reasoning chains irrelevant to the323

input, indicating that only extreme values substan-324

tially degrade output quality.325

Building on these findings, we further examine326

LLM’s task-performance on reasoning benchmarks327

under the optimal temperature range of 0.9 to 1.1.328

Results on the MATH-500 benchmark (Figure 4)329

indicate a slight overall improvement as tempera-330

ture increases. Notably, this positive correlation331

is more consistent on challenging tasks, whereas332

performance on simpler benchmarks like GSM8K333

shows a marginal decline with higher temperature334

(as shown in Appendix). We will elaborate on this335

phenomenon in following section.336

4.2 Impact on Reasoning Capability337

For deeper investigation, we examine how ad-338

justing attention temperature shapes internal rea-339

soning in LLMs. A central issue is that whether340

tuning attention temperature, rather than decoding341

temperature, can foster more diverse and adaptive342

reasoning pathways.343

Our analysis specifically examines the perfor-344

mance variations resulting from attention temper-345

ature adjustments on reasoning benchmarks with346

 

Figure 5: Accuracy (line) and average tokens (bars) for
Qwen3-1.7B on MATH-500 across attention tempera-
tures, grouped by difficulty level.

varying difficulty levels. Using the results from 347

Qwen3-1.7B on the MATH-500 benchmark (Fig- 348

ure 5) as a representative example, we identify two 349

distinct patterns: 350

(1) For problems of lower difficulty (e.g., Level 351

1-2), reducing the attention temperature yields 352

more concise responses, which helps prevent the 353

model from "over-thinking" and avoid potential 354

performance degradation associated with elongated 355

reasoning chains. 356

(2) Conversely, for highly challenging problems 357

(e.g., Level 4-5), elevating the attention tempera- 358

ture promotes the generation of longer and more 359

exploratory reasoning paths. This effectively broad- 360

ens the model’s thinking basis and increases the 361

likelihood of arriving at the correct solution. 362

This phenomenon can be interpreted through 363

how temperature modulates the softmax distribu- 364

tion within the attention mechanism. A lower tem- 365

perature sharpens the distribution, encouraging de- 366

terminism and focus that is beneficial for straight- 367

forward problems. A higher temperature softens 368

the distribution, introducing beneficial stochasticity 369

that allows the model to consider a wider array of 370

information or reasoning steps for complex prob- 371

lems. Compared to adjusting the decoding temper- 372

ature which primarily affects token-level sampling 373

diversity, modulating the attention temperature di- 374
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Table 1: Pass@K (%) of different scaling methods, including random sampling (RS), decoding temperature sampling
(DTS) and attention temperature sampling (ATS), on seven reasoning datasets.

Model Method MATH500 AIME2024 AIME2025 HMMT GSM8K GPQA HumanEval

P@1 P@10 P@1 P@10 P@1 P@10 P@1 P@10 P@1 P@10 P@1 P@10 P@1 P@10

Hunyuan-1.8B-Instruct
RS 50.4 83.9 16.7 36.7 16.7 46.7 10.0 26.7 53.4 74.3 22.6 66.6 28.7 65.8

DTS 52.6 87.4 16.7 43.3 20.0 46.7 13.3 33.3 57.2 75.8 24.6 82.3 31.6 69.1
ATS 54.1 89.6 20.7 43.3 26.7 53.3 16.7 36.7 59.7 77.3 24.8 83.1 35.2 72.8

Qwen3-0.6B
RS 49.8 84.8 3.7 16.7 9.0 56.9 13.3 20.0 46.7 79.6 24.6 73.7 20.7 41.5

DTS 49.8 85.4 3.7 16.7 17.7 60.0 13.3 33.3 48.0 79.6 26.5 73.7 25.6 44.5
ATS 50.3 85.9 3.7 16.7 18.7 66.7 17.7 36.7 48.5 80.1 26.8 74.4 26.8 48.8

Qwen3-1.7B
RS 72.4 92.6 18.0 50.0 26.0 53.4 15.3 33.3 75.2 93.2 25.2 70.7 42.7 68.3

DTS 73.5 92.8 21.0 53.3 30.0 56.7 16.7 36.7 76.1 94.2 26.6 71.2 47.6 72.6
ATS 74.0 93.3 25.0 50.0 25.4 66.7 16.7 36.7 76.6 94.7 26.9 72.0 48.2 78.1

DeepSeek-R1-
Distilled-

Qwen-1.5B

RS 76.6 91.2 16.7 43.3 20.7 43.4 13.7 26.7 55.8 90.7 22.7 66.7 3.7 12.2
DTS 78.2 92.8 17.7 43.3 23.0 46.7 13.0 33.3 62.3 91.9 24.2 72.7 4.9 13.4
ATS 78.7 93.3 20.0 46.7 22.3 46.7 14.0 33.3 62.8 92.4 24.4 73.4 6.1 14.0

rectly influences the model’s focus and information375

routing during reasoning, leading to more funda-376

mental changes in the reasoning patterns.377

5 Thermometer of Thoughts378

In this section, we propose a two-stage inference379

strategy for LLM sampling: first, attention tem-380

perature scaling modulates the LLM’s reasoning381

patterns to diversify the reasoning traces; then, a382

difficulty-aware aggregation scheme is applied to383

effectively identify the most reliable solution from384

the generated candidates. We apply and evaluate385

these methods under the following benchmarks,386

models, and implementation settings:387

Datasets: We primarily focus on mathematical388

reasoning problems, including GSM8K (Cobbe389

et al., 2021), MATH500 (Hendrycks et al.,390

2021), AIME2024, AIME2025 (Team, 2025), and391

HMMT (Balunović et al., 2025). Additionally, eval-392

uations are also performed on the general reasoning393

task GPQA (Rein et al., 2024) and coding task Hu-394

manEval (Chen et al., 2021).395

Models: To evaluate our proposed method,396

we employed four recently released, reasoning-397

specialized large language models, including398

Hunyuan-1.8B-Instruct (Cao et al., 2025), Qwen3-399

0.6B, Qwen3-1.7B (Yang et al., 2025), and400

DeepSeek-R1-Distilled-Qwen-1.5 (DeepSeek-AI,401

2025).402

Implementations: Our experiments were con-403

ducted on four NVIDIA RTX 4090 GPUs, with404

parallel acceleration implemented using vLLM.405

5.1 Attention Temperature Scaling406

To alter the model’s focus during the reasoning407

process for output diversity, we introduce attention408

temperature scaling. In our experiments, we sys- 409

tematically vary the attention temperature from 0.9 410

to 1.1 in increments of 0.02. For each temperature 411

value, we generate 10 reasoning traces per question. 412

To evaluate the quality of generated solutions, we 413

employ the Pass@K which measures the probabil- 414

ity that at least one of k generated solutions passes 415

all verification tests. Let n be the total number 416

of generated samples and c the number of correct 417

ones, it is defined as: 418

Pass@K = 1−
(
n− c

k

)/(n
k

)
. (7) 419

We compare our attention temperature scaling 420

approach against two established baselines for gen- 421

erating diverse reasoning paths. First, the random 422

sampling baseline generates multiple reasoning 423

chains through standard stochastic sampling with 424

fixed sampling temperature (τpt = 0.8). Second, 425

the decoding temperature scaling baseline (Wu 426

et al., 2025a) varies the decoding temperature from 427

0.2 to 1.2 in increments of 0.1 and also generate 10 428

reasoning chains per temperature setting. 429

Experimental Results: The results are shown in 430

Table 1. It can be observed that on mathematical 431

reasoning tasks, our proposed attention temperature 432

sampling method achieves improvements of 16.9% 433

and 9.95% over the conventional next-token ran- 434

dom sampling on the Qwen3-1.7B and DeepSeek- 435

R1-Distilled-Qwen-1.5B respectively. The im- 436

provements also consistently exceed 1.5% com- 437

pared to decoding temperature sampling. Our 438

method also shows significant gains on general 439

reasoning tasks. This indicates that adjusting the 440

attention temperature can indeed enhance output 441

diversity in LLMs. 442
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Table 2: Relative improvement (%) of D-induced over Majority voting across datasets. ∆ = D-induced−Majority
Majority ×100%.

Model Method MATH500 AIME2024 AIME2025 HMMT GSM8K GPQA

Hunyuan-1.8B-
Instruct

Majority 64.40 50.00 36.67 13.33 77.13 31.31
D-induced 66.80 56.67 43.33 16.67 78.70 32.32
∆ (%) +3.59 +13.33 +18.16 +25.06 +2.03 +3.23

Qwen3-0.6B
Majority 59.20 13.33 23.33 10.00 55.72 27.78

D-induced 61.60 20.00 26.67 13.33 57.48 28.60
∆ (%) +4.05 +50.04 +14.32 +33.30 +3.16 +2.95

Qwen3-1.7B
Majority 67.60 66.67 46.67 20.00 82.56 30.81

D-induced 70.20 73.33 50.00 23.33 84.21 32.54
∆ (%) +3.85 +9.99 +7.13 +16.65 +2.00 +5.61

DeepSeek-R1-
Distilled-

Qwen-1.5B

Majority 67.60 46.67 36.67 23.33 55.04 27.78
D-induced 71.80 46.67 40.00 23.33 56.80 29.29
∆ (%) +6.21 0.00 +9.08 0.00 +3.20 +5.44

5.2 Difficulty-Induced Aggregation443

Building on attention temperature scaling, we444

propose a difficulty-induced aggregation method445

to optimally consolidate the results from different446

temperature configurations.447

Let T = {τ1, τ2, . . . , τk} be a set of k distinct448

attention temperature values, where τ1 < τ2 <449

· · · < τk. For each temperature τi, we generate n450

reasoning paths, resulting in a total of nk candidate451

solutions for a given problem q. We first estimate452

the problem difficulty by analyzing the consensus453

among low-temperature generations. Let Tlow =454

{τ1, τ2, . . . , τk′} be the subset of k′ lowest temper-455

atures (k′ < k). For each temperature τi ∈ Tlow,456

we have answer set Ai = {ai1, ai2, . . . , ain}.457

The confidence score for low-temperature gener-458

ations is computed as:459

Clow = max
a∈

⋃k′
i=1 Ai

∑k′

i=1

∑n
j=1 I(aij = a)

nk′
. (8)460

Based on the confidence threshold θ, we employ461

different aggregation strategies462

If Clow > θ, we classify the problem as simple463

and directly employ majority voting on the low-464

temperature generations:465

afinal = arg max
a∈

⋃k′
i=1 Ai

k′∑
i=1

n∑
j=1

I(aij = a). (9)466

If Clow ≤ θ, the problem is considered chal-467

lenging. We then aggregate all generations with468

temperature-dependent weights:469

afinal = arg max
a∈

⋃k
i=1 Ai

k∑
i=1

w(τi) ·
n∑

j=1

I(aij = a).

(10)470
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Figure 6: Hyperparameter analysis for D-induced.

The weighting function w(τi) assigns higher 471

weights to high-temperature generations: 472

w(τi) =
exp(β · τi)∑k
j=1 exp(β · τj)

, (11) 473

where β > 0 is a scaling parameter that controls 474

the emphasis on high-temperature explorations. 475

This adaptive approach ensures computational 476

efficiency for simple problems while maintain- 477

ing robust exploration capabilities for challeng- 478

ing tasks, effectively balancing the exploration- 479

exploitation tradeoff in LLM reasoning. 480

Experimental Results: In Table 2, we compare 481

our difficulty-induced aggregation (D-induced) 482

method against the majority voting. Overall, D- 483

induced achieves an average relative improvement 484

of 7.2% across all settings. The gains are most 485

pronounced on challenging competition datasets 486

(e.g., AIME, HMMT) with an average improve- 487

ment of 16.9%, compared to more moderate gains 488

on GSM8K and GPQA (2.6% and 4.3%, respec- 489

tively). This demonstrates that D-induced is a 490

more suitable aggregation scheme for attention- 491

temperature scaling, especially for complex reason- 492

ing tasks. 493

Hyperparameter Analysis: We conduct hyper- 494

parameter analysis using the Qwen3-1.7B model 495

on the GSM8K and GPQA datasets, focusing on 496
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Figure 7: Reasoning Patterns Analysis.

the impact of the confidence threshold Clow and497

the weighting parameter β on the aggregation per-498

formance. As shown in Figure 6, both datasets499

achieve optimal performance when Clow = 0.4 and500

β = 1.25.501

6 Further Discussion502

6.1 Reasoning Patterns Analysis503

To systematically interpret the impact of atten-504

tion temperature on the reasoning process, we de-505

compose the model’s reasoning chain into consec-506

utive segments, each representing a coherent step507

(e.g., a logical deduction or evidence integration).508

The relationship between adjacent segments is cate-509

gorized into two types: (1) continuation relations,510

where the subsequent segment follows naturally511

from the previous one (e.g., entailment or elabora-512

tion), and (2) transition relations, which involve513

shifts such as reflection, correction, or exploration514

of alternatives (e.g., sentences begin with “wait” or515

“alternatively”). This analysis allows us to examine516

how attention temperature influences the logical517

flow in a semantic level.518

To quantify the reasoning pattern, we propose519

the Continuation Tendency Score (CTS), which520

measures the model’s propensity for linear or di-521

vergent reasoning. Formally, for a dataset D with522

N samples, denote that sample i have a reasoning523

chain segmented into Si parts, i.e., it has Si − 1524

adjacent pairs. For each pair (sj , sj+1), indicator525

Icont(sj , sj+1) equals 1 if the relation is a continua-526

tion. The sample-level continuation is defined:527

CTSi =
1

Si − 1

Si−1∑
j=1

Icont(sj , sj+1). (12)528

We use DeepSeek-R1 for measuring this metric,529

with detailed configurations and prompts provided530

in Table 5 the Appendix. In Figure 7, we present531

experimental results on AIME 2024. It shows that532

as the attention temperature increases, the distribu-533

tion of the CTS metric gradually shifts downward,534
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Figure 8: Inconsistent attention temperature across
heads can lead to degraded reasoning performance.

indicating that the LLMs engage more readily in 535

behaviors such as reflection and alternative explo- 536

ration. In contrast, no such trend is observed with 537

the increase of decoding temperature. 538

6.2 Layer/Head-wise Adjustment 539

In previous experiments, we applied a uniform 540

attention temperature across all attention heads 541

in the LLM. We further explore the possibility 542

of layer-wise and head-wise adjustments. How- 543

ever, given the large number of attention heads in 544

modern LLMs, exhaustively searching all possi- 545

ble configurations leads to an exponentially large 546

exploration space. Instead, we employ a simple ran- 547

dom sampling strategy: for the layer-wise method, 548

we uniformly sample a value from the set 0.90, 549

0.95, 1.00, 1.05, 1.10 for all heads within the same 550

layer; for the head-wise method, we sample inde- 551

pendently for each head. We present the results 552

on two mathematical reasoning tasks, as shown in 553

Figure 8. It can be observed that the layer-wise 554

method leads to an average decrease of 2.37% in 555

Pass@10, while the head-wise method exhibits a 556

further reduction of 2.91%. This suggests that a 557

consistent attention temperature across the model 558

helps maintain stable reasoning patterns, thereby 559

facilitating higher performance. 560

7 Conclusion 561

In this paper, we demonstrate that modulating 562

attention temperature dynamically can shift LLM 563

reasoning between exploratory and focused modes, 564

thus enhancing LLM’s output diversity without 565

compromising quality. We show that higher tem- 566

peratures benefit complex tasks by broadening ex- 567

ploration, while lower temperatures prevent over- 568

thinking on simpler problems. Our attention tem- 569

perature scaling and difficulty-induced aggregation 570

consistently boost reasoning performance across 571

benchmarks, offering a novel pathway for efficient 572

LLM reasoning. 573
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Limitations574

Since our work involves modifying the source575

code of LLMs, we are unable to evaluate the perfor-576

mance of API-based LLMs like GPT-5. Moreover,577

due to resource constraints, we did not investigate578

whether adjusting attention temperature helps pro-579

mote reasoning exploration for larger-scale LLMs580

like Qwen3-32B or DeepSeek-R1. We plan to in-581

vestigate it when additional resources become avail-582

able.583

Ethical Considerations584

This work is based on the publicly available585

datasets, all of which contain English text, and586

the associated questions are also in English. We587

comply with all dataset licenses, and confirm the588

content contains neither private nor offensive infor-589

mation. We utilized Claude-3.7-Sonnet to assist us590

with code generation.591
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A How adjusting attention temperature877

affects reasoning performance?878

In the main text, we compared the impact of879

different attention temperatures on the reasoning880

performance of LLMs on MATH500. Here, we881

provide results on two additional datasets: GSM8K882

and GPQA. The problems within the former are883

relatively simpler, so when the attention tempera-884

ture is low, LLMs can engage in focused reasoning,885

thereby avoiding the drawbacks of overthinking886

and achieving better performance. In contrast, the887

effect of attention temperature on GPQA is less888

pronounced.889

0.90 0.94 0.98 1.02 1.06 1.10
Attention Temperature

0.45

0.46

0.47

0.48

0.49

0.50

A
cc

ur
ac

y 
(Q

w
en

3-
0.

6B
)

Qwen3-0.6B
Qwen3-1.7B

0.740

0.745

0.750

0.755

0.760

0.765

0.770

A
cc

ur
ac

y 
(Q

w
en

3-
1.

7B
)Accuracy on GSM8K

0.90 0.94 0.98 1.02 1.06 1.10
Attention Temperature

0.24

0.25

0.26

0.27

A
cc

ur
ac

y 
(Q

w
en

3-
0.

6B
)

Qwen3-0.6B
Qwen3-1.7B

0.24

0.25

0.26

0.27

A
cc

ur
ac

y 
(Q

w
en

3-
1.

7B
)Accuracy on GPQA

B Dataset890

Our comprehensive benchmark is composed of891

four challenging datasets meticulously selected to892

evaluate the advanced mathematical reasoning and893

deep scientific knowledge capabilities of LLMs.894

These datasets represent problems at the highest895

echelons of academic competition and expert-level896

understanding. Here are the detailed descriptions897

of the datasets included in our benchmark:898

MATH-500 (Hendrycks et al., 2021): A com-899

prehensive collection of 500 mathematical prob-900

lems spanning diverse fields such as algebra and901

number theory. This dataset is designed to evaluate902

the general mathematical reasoning ability of mod-903

els across a wide range of difficulties and topics.904

AIME (Team, 2025): Features problems from905

the 2024 and 2025 American Invitational Math-906

ematics Examination, a prestigious high school 907

mathematics contest known for its exceptionally 908

challenging problems. The dataset contains 60 909

problems that require deep mathematical insight 910

and creative problem-solving skills. 911

HMMT (Balunović et al., 2025): Comprises 912

problems from the Harvard-MIT Mathematics 913

Tournament, one of the most prestigious high 914

school mathematics contests in the United States. 915

The problems in this dataset are renowned for their 916

unique difficulty and require sophisticated mathe- 917

matical thinking. 918

GPQA-Diamond (Rein et al., 2024): A chal- 919

lenging dataset consisting of 198 multiple-choice 920

questions at a graduate-level difficulty across biol- 921

ogy, physics, and chemistry. The questions were 922

crafted by domain experts, and even specialists in 923

these fields achieve only about 65% accuracy, mak- 924

ing this an extremely rigorous test of specialized 925

scientific knowledge. 926

GSM8K (Cobbe et al., 2021): The Grade 927

School Math 8K dataset contains 8,500 high- 928

quality, linguistically diverse grade school math- 929

ematics word problems created by OpenAI. The 930

dataset is divided into 7473 training problems and 931

1319 test problems, with solutions presented in 932

natural language format containing step-by-step 933

reasoning processes. 934

HumanEval (Chen et al., 2021): Created by 935

OpenAI, this dataset consists of 164 hand-written 936

programming problems designed to evaluate code 937

generation capabilities in LLMs. Each problem 938

includes a function signature, docstring, and as- 939

sociated test cases, requiring models to generate 940

Python code that satisfies the given specifications. 941

C Models 942

To comprehensively evaluate the mathematical 943

reasoning capabilities, we selected four representa- 944

tive open-source large language models that span 945

a range of model sizes and architectural character- 946

istics. These models represent the state-of-the-art 947

in efficient mathematical reasoning and instruction 948

following capabilities. 949

Hunyuan-1.8B-Instruct (Cao et al., 2025): A 950

lightweight instruction-tuned large language model 951

developed by Tencent, featuring 1.8 billion pa- 952

rameters. It implements Grouped-Query Atten- 953

tion (GQA) for efficient inference and natively 954

supports an extensive 256K context window for 955

long-text tasks. The model is optimized for ver- 956
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Dataset Domain Answer Format # Samples License
Mathematical Reasoning

MATH-500 Diverse Mathematical Fields Free-form 500 CC BY-SA 4.0
AIME 2024 Competition Math Integer (0-999) 60 CC BY-NC-SA 4.0
HMMT Competition Math Free-form 60 CC BY-NC-SA 4.0
GSM8K Grade School Math Free-form (Number) 8,500 MIT License

Scientific Reasoning

GPQA-Diamond Graduate Science Multi-Choice (4) 198 MIT License
Code Generation

HumanEval Programming Problems (Python) Code Implementation 164 MIT License

Table 3: An overview of the datasets in our benchmark.

Configuration Hunyuan-0.5B-Instruct Qwen3-0.6B Qwen3-1.7B DeepSeek-R1-Distilled-Qwen-1.5B
(Tencent, 2025) (Qwen Team, 2024) (Qwen Team, 2024) (DeepSeek, 2024)

Parameters (B) 0.512 0.6 1.7 1.5
Hidden Size 1,024 1,280 1,536 1,536
Layers 24 24 24 24
Attention Heads 16 20 24 24
KV Heads 2 5 6 6
FFN Hidden Size 2,732 3,840 5,504 5,504
Max Sequence Length 256K 8,192 8,192 8,192
Vocabulary Size 152,064 151,936 151,936 151,936
Attention Type GQA GQA GQA GQA
Precision BF16/FP16 BF16/FP16 BF16/FP16 BF16/FP16

Table 4: Overview of the large language models evaluated in our study.

satile deployment across edge devices and high-957

concurrency servers, delivering competitive perfor-958

mance in mathematical reasoning, code generation,959

and agent capabilities960

Qwen3-0.6B (Yang et al., 2025): Smallest961

model in the Qwen3 series, featuring 0.6 billion962

parameters. Despite its compact size, it maintains963

strong performance across a variety of language964

understanding and generation tasks. This model965

serves as an important baseline for evaluating the966

minimal computational requirements for mathemat-967

ical reasoning, making it particularly relevant for968

resource-constrained applications.969

Qwen3-1.7B (Yang et al., 2025): A mid-sized970

model in the Qwen3 family that offers enhanced971

reasoning capabilities compared to its smaller coun-972

terpart. With 1.7 billion parameters, it provides a973

good balance between performance and compu-974

tational cost, demonstrating improved instruction975

following and more robust mathematical reasoning976

compared to the 0.6B variant.977

DS-R1-Distilled-Qwen-1.5B (DeepSeek-AI,978

2025): A distilled version of DeepSeek’s reason-979

ing model, built upon the Qwen architecture. This980

model represents knowledge distillation techniques981

applied to reasoning capabilities, compressing the982

reasoning proficiency of larger models into a more983

computationally efficient 1.5B parameter pack- 984

age. It specializes in step-by-step reasoning pro- 985

cesses while maintaining competitive performance 986

on mathematical benchmarks. 987
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Task: Compute the continuation tendency score pi for the provided question-answer pair.

Step 1 – Segment the Answer: Decompose the model’s answer into consecutive, semantically coherent segments. Each
segment should represent a distinct reasoning step. Segments typically correspond to: a premise or fact extraction; a logical
deduction or inference; a calculation or comparison; a conclusion or synthesis. Segments should be natural breaks in the
reasoning flow. Number the segments sequentially as (s1, s2, . . . , sSi ).

Step 2 – Classify Adjacent Relations: For each adjacent pair of segments (sj , sj+1), classify the relationship as either:

• Continuation: The subsequent segment follows naturally from the previous one, for example:
- Entailment: sj+1 is logically implied by sj ;
- Elaboration: sj+1 provides details or examples for sj ;
- Specification: sj+1 makes sj more concrete;
- Consequence: sj+1 states a consequence of sj .

• Transition: The subsequent segment represents a shift, for example:
- Reflection: Rethinking or reconsidering previous points;
- Correction: Fixing an error or misconception;
- Alternative exploration: Considering different approaches;
- Meta-reasoning: Commenting on the reasoning process itself;
- Hesitation: Phrases like "wait", "actually", "alternatively", "on second thought".

Step 3 – Compute continuation tendency score pi: For a segmentation with Si segments, there are Si − 1 adjacent pairs.
The continuation indicator function Icont(sj , sj+1) returns 1 if the relationship is CONTINUATION, and 0 if the relationship
is TRANSITION. Then compute the sample-level continuation score as:

pi =
1

Si − 1

Si−1∑
j=1

Icont(sj , sj+1). (13)

Table 5: Prompt for computing the continuation tendency score pi.
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