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Abstract001

Self-evolving reasoning seeks to improve002
large language models (LLMs) through itera-003
tive feedback, yet existing approaches often004
rely on external supervision or rigid mem-005
ory mechanisms, limiting scalability in truly006
unsupervised settings. We propose SEER,007
an unsupervised Self-Evolution framework008
for Experience-aware Reasoning that enables009
LLMs to self-improve using only intrinsic ver-010
ification signals. SEER treats reasoning as a011
sampling process and employs MCMC-based012
exploration to generate diverse reasoning tra-013
jectories. It leverages exploration consensus,014
the agreement across sampled trajectories, to015
identify inputs with meaningful learning po-016
tential, and distills compact key-point experi-017
ences from these trajectories. Candidate ex-018
periences are then validated through experi-019
ence confidence, which measures whether in-020
jecting an experience increases decision stabil-021
ity and reduces uncertainty. Only experiences022
that pass this intrinsic, label-free verification023
are stored in a persistent memory bank. Dur-024
ing inference, SEER dynamically retrieves ex-025
periences only when the model’s confidence is026
low, enabling selective and low-noise memory027
injection. Extensive experiments show that028
SEER consistently outperforms strong reason-029
ing baselines, highlighting SEER as a practi-030
cal step toward scalable, training-free, unsu-031
pervised self-evolution in LLMs.032

1 Introduction033

Large language models (LLMs) are increas-034

ingly shifting from one-shot decoding to iterative035

reasoning—a paradigm in which solutions are re-036

fined through multi-step deliberation, revision and037

self-correction (Zhan et al., 2025; Li et al., 2025a).038

This shift has enabled stronger performance on039

complex tasks, and has motivated a growing body040

of work that seeks continuous improvement with-041

out retraining the entire model, e.g., via iterative042

optimization (Shinn et al., 2023) or by reusing043

past trajectories through context-based memory 044

(Ouyang et al., 2025). The long-term frontier of 045

this line of research is self-evolution: an open- 046

ended mechanism where the model improves itself 047

through recursive feedback loops, gradually ac- 048

cumulating reusable knowledge and adapting be- 049

yond a single task distribution (Wu et al., 2025a; 050

He et al., 2025b; Acikgoz et al., 2025). 051

Despite encouraging progress, existing self- 052

evolving frameworks remain limited by two struc- 053

tural constraints: reliance on external supervision 054

or rigid retrieval strategies. Training-based meth- 055

ods (Zhao et al., 2025; Yan et al., 2025; Wu et al., 056

2025b; Wang et al., 2025a) typically depend on ex- 057

plicit reward signals to drive reinforcement learn- 058

ing or policy optimization. In open-ended do- 059

mains, however, such rewards are often sparse, 060

ambiguous, or expensive to construct, making su- 061

pervision a fundamental bottleneck and hindering 062

scalability to genuinely unsupervised settings (Yue 063

et al., 2025; He et al., 2025a). Inference-only al- 064

ternatives (Liu et al., 2025) avoid gradient updates 065

but lack principled mechanisms for experience val- 066

idation and adaptive usage. Without intrinsic sig- 067

nals to assess experience quality or model con- 068

fidence, these approaches either store noisy raw 069

trajectories or over-compress them, and typically 070

retrieve context indiscriminately for every query. 071

Such static retrieval not only wastes computation 072

but can also degrade performance by injecting ir- 073

relevant information into otherwise simple reason- 074

ing tasks. 075

This work aims to study a question: Can LLMs 076

self-evolve in a fully unsupervised manner, using 077

only intrinsic signals to (i) explore better reason- 078

ing paths, (ii) verify which experiences are benefi- 079

cial, and (iii) retrieve them only when needed? 080

To this end, we propose SEER, an unsupervised 081

Self-Evolution framework for Experience-aware 082

Reasoning. SEER eliminates the reliance on gold 083

labels, human feedback, and reward models. In- 084
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stead, it relies on a set of intrinsic verification085

signals available within any LLM, which capture086

both the exploration consensus among its reason-087

ing outcomes and its experience confidence during088

improved generation. These internal signals form089

a closed feedback loop that enables self-evolution090

without external supervision.091

SEER instantiates a closed-loop, fully unsuper-092

vised self-evolution pipeline with three coupled093

components: (1) MCMC-based trajectory ex-094

ploration to discover diverse, high-quality reason-095

ing trajectories without external rewards; (2) ex-096

perience distillation and filtering to extract com-097

pact key-point experiences and retain them only098

when they increase exploration consensus and im-099

prove experience confidence; and (3) dynamic100

entropy-aware gating to retrieve and inject the101

verified experiences only under sustained uncer-102

tainty, avoiding unnecessary overhead on easy in-103

stances. Together, these modules enable unsuper-104

vised self-correction, compact experience repre-105

sentation, and adaptive memory usage within a sin-106

gle training-free framework.107

We conduct extensive experiments to evaluate108

the effectiveness of SEER on mathematical reason-109

ing, code generation and domain expertise bench-110

marks using Qwen2.5 and Qwen3 series models.111

The results show that our method achieves signifi-112

cantly improved reasoning performance and versa-113

tility across diverse domains. Further analyses in-114

dicate that our method can universally enhance rea-115

soning capabilities across different model scales116

without compromising performance stability.117

2 Related Work118

Self-Evolving Reasoning Recent work frames119

self-evolving reasoning primarily as an inference-120

time process. Leading search-based methods, such121

as LATS (Zhou et al., 2024) and DSER (Liu122

et al., 2025), integrate verbal reinforcement and123

Monte Carlo Tree Search to actively prune reason-124

ing paths without parameter updates. Sustaining125

such evolution requires robust context engineering126

to optimize information processing across three127

dimensions: collection via vector-based memory128

(Wu et al., 2022); management for hierarchical ab-129

straction (e.g., MemOS (Li et al., 2025b)); and130

usage through Retrieval-Augmented Generation131

(RAG) (Lewis et al., 2020) and multi-agent co-132

ordination (Qian et al., 2024). This synergy cul-133

minates in memory-centric frameworks like Rea-134

soningBank (Ouyang et al., 2025) and Memory- 135

R1 (Yan et al., 2025), which leverage managed 136

trajectories to guide future inference. Comple- 137

mentarily, training-time self-evolution represents 138

another critical frontier, where frameworks like 139

AbsoluteZero (Zhao et al., 2025) bootstrap capa- 140

bilities via reinforcement learning and self-play 141

(Wu et al., 2025b). However, the critical limita- 142

tions persists: training methods are largely con- 143

strained by the bottleneck of external supervision 144

in open-ended domains, while inference-centric 145

approaches struggle with rigid retrieval strategies 146

and a lack of intrinsic mechanisms to validate the 147

quality of accumulated experiences. 148

Entropy as a Reasoning Signal Moving beyond 149

its traditional role as a static uncertainty metric, 150

entropy is increasingly reconceptualized as a dy- 151

namic reasoning signal that reveals the model’s in- 152

ternal cognitive state. Lee et al. (2025) identify 153

that entropy fluctuations correlate linearly with 154

the perception of task difficulty. In this context, 155

high-entropy regions are not merely noise, but are 156

identified by Cheng et al. (2025) as critical junc- 157

tions where the model engages in logical branch- 158

ing or self-verification. Crystallizing this perspec- 159

tive, Wang et al. (2025b) posit that these moments 160

constitute a “high-entropy minority” that carries 161

the densest reasoning information. They demon- 162

strate that while the majority of tokens are redun- 163

dant, these high-entropy signals pinpoint exactly 164

where the model attempts to bridge logical gaps, 165

acting as the primary driver for acquiring and re- 166

fining complex reasoning behaviors. 167

3 Method 168

In this section, we propose SEER, a fully unsuper- 169

vised Self-Evolution framework for Experience- 170

aware Reasoning in LLMs without any external 171

supervision, including gold labels, human feed- 172

back, and reward models. Unlike typical methods 173

that rely on curated annotations or learned eval- 174

uators, SEER is driven entirely by the model’s 175

intrinsic verification signals: (i) exploration con- 176

sensus, capturing the agreement of reasoning out- 177

comes across sampled trajectories, and (ii) expe- 178

rience confidence, reflecting the model’s internal 179

certainty during generation. These intrinsic sig- 180

nals serve two roles: they guide exploration to- 181

ward diverse yet plausible reasoning paths, and 182

they validate whether distilled heuristics genuinely 183

stabilize the model’s decisions. Figure 1 illustrates 184
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Figure 1: Overview of the SEER framework. The pipeline consists of three key phases: (1) Diverse Trajectory Ex-
ploration via MCMC sampling to generate diverse reasoning paths; (2) Experience Memory Construction utilizing
dual-stage filtration and dynamic management to distill valid experiences; and (3) Experience-Aware Reasoning
which retrieves and utilizes stored experiences when inference uncertainty is high.

its overall architecture.185

3.1 Diverse Trajectory Exploration186

Standard decoding strategies (e.g., greedy search187

or temperature sampling) often under-explore the188

solution space, leading to limited reasoning diver-189

sity and mode collapse. Following the “reasoning190

as sampling” perspective (Karan and Du, 2025),191

we treat reasoning generation as sampling from a192

sharpened distribution induced by the base model.193

Importantly, this exploration remains fully unsu-194

pervised: it uses only the base model likelihood195

and does not require any external reward signal.196

Let x denote the input query and z = (z1, . . . , zT )197

be a reasoning trajectory. We define the target198

power distribution as follows:199

π(z | x) ∝ Pθ(z | x)α, (1)200

where α ≥ 1 controls distribution sharpening.201

Larger α upweights high-likelihood trajectories202

while still allowing diverse exploration over mul-203

tiple modes. A theoretical comparison to tempera-204

ture sampling is provided in Appendix A.1.205

Direct sampling from π is intractable due to206

the unknown normalization constant. We there-207

fore apply Metropolis-Hastings (MH), using a pro-208

posal distribution q(z′|zt) instantiated by the base209

model Pθ with an appropriate temperature (e.g.,210

τ = 1/α). Given current state zt, a proposed tra-211

jectory z′ is accepted with probability: 212

A(z′, zt) = min

(
1,

Pθ(z
′ | x)α · q(zt | z′)

Pθ(zt | x)α · q(z′ | zt)

)
. (2) 213

Iterating this procedure yields a set of diverse rea- 214

soning trajectories T = {z(1), . . . , z(K)} that re- 215

flect multiple plausible plausible solution modes. 216

The full procedure is formally summarized in Al- 217

gorithm 1 at Appendix A.2. 218

3.2 Experience Memory Construction 219

The trajectories are transient and usually contain 220

instance-specific artifacts. SEER thus converts 221

these trajectories into a experience memory bank, 222

which stores generalizable reasoning key point ex- 223

periences. Crucially, experience acquisition is per- 224

formed in a label-free manner: a candidate expe- 225

rience is accepted only if it measurably improves 226

the model’s intrinsic verification signals, namely 227

exploration consensus and experience confidence. 228

3.2.1 Trajectory-to-Experience Distillation 229

MCMC sampling yields an evolving trajectory 230

chain Zx = {z(0), . . . , z(K)}. However, directly 231

storing raw trajectories is undesirable, as they 232

inevitably conflate reusable reasoning strategies 233

with instance-specific content (e.g., numbers, en- 234

tity names, surface wording). We therefore in- 235

troduce contrastive key-point distillation that ex- 236

tracts a minimal and generalizable procedural up- 237

date from consecutive MCMC states. 238
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Contrastive Key-Point Distillation. Given two239

adjacent trajectories z(t−1) and z(t), we construct240

a deterministic contrastive input ∆(z(t), z(t−1)) ≜241

PACK(x, z(t−1), z(t)), where PACK(·) concate-242

nates the problem x and the two trajectories with243

separators, exposing what changed between them.244

We then extract key-point experiences:245

k(t) = Φextract
(
∆(z(t), z(t−1)) | x, ρcontrast

)
, (3)246

where ρcontrast is a contrastive meta-instruction that247

asks for the minimal procedural update turning248

z(t−1) into z(t). Φextract is implemented by the249

same base LLM under a teacher prompt role (or250

an identical frozen copy), requiring no labels, hu-251

man feedback, or reward models.252

Why contrasting consecutive states helps? This253

design acts as a semantic sieve. Adjacent trajecto-254

ries typically share the same instance-specific de-255

tails (e.g., constants, entity names) while differing256

primarily in their reasoning operations (e.g., de-257

composition choice, constraint handling, or error258

correction). By distilling from the differential sig-259

nal ∆(z(t), z(t−1)) rather than from a single trajec-260

tory in isolation, the extractor is encouraged to ig-261

nore static problem-specific content and focus on262

the reasoning shift. As a result, the memory bank263

stores generalized experiences that are more likely264

to transfer across inputs, instead of memorizing265

the particulars of the current problem.266

3.2.2 Dual-Stage Experience Filtering267

A distilled experience kcand is not guaranteed to268

be correct or transferable. Moreover, experiences269

extracted from different problems can vary drasti-270

cally in signal quality: some problems are too hard271

(model outputs are essentially random), while oth-272

ers are too easy (the model is already stable),273

both of which provide little useful learning signals.274

To avoid noisy experiences, SEER adopts a dual-275

stage, label-free filtering pipeline driven only by276

intrinsic verification signals: exploration consen-277

sus and experience confidence, which are opera-278

tionalized via self-consistency (SC) and predictive279

entropy, respectively.280

Stage 1: Potential Filtering (input-level). This281

stage filters experiences indirectly by selecting282

which problem inputs are worth learning from.283

Given an input x and its reasoning trajectories284

from MCMC sampling, we compute the base-285

line exploration consensus score, operationalized286

via self-consistency, denoted as S1 (details in Ap- 287

pendix B). We keep only those inputs whose base- 288

line consistency falls into an empirical “learning 289

zone”: 0.2 < S1 < 0.8. All experiences dis- 290

tilled from inputs outside this interval are dis- 291

carded. The motivation is to selectively focus 292

memory construction on informative cases: when 293

S1 ≤ 0.2, trajectories are highly divergent with 294

no consensus, so extracted experiences are likely 295

dominated by noise or lucky guesses; when S1 ≥ 296

0.8, the model already converges to a stable so- 297

lution mode, so extracted experiences tend to be 298

redundant and offer limited marginal gain. By 299

restricting to intermediate-consistency inputs, we 300

prioritize problems where the model is uncertain 301

yet not random, thereby yielding higher-quality 302

and more generalizable experiences. 303

Stage 2: Efficacy Verification (experience-level). 304

Inputs passing Stage 1 only indicate potential 305

learnability; they do not guarantee that a specific 306

kcand is helpful. Stage 2 thus performs a counter- 307

factual self-test on the same input x to assess the 308

experience confidence by comparing the model 309

states before and after injecting kcand. Let (S1, E1) 310

be the baseline SC score and average entropy com- 311

puted from the original generation (no injection), 312

and let (S2, E2) be the corresponding metrics af- 313

ter injecting kcand into the context and re-sampling 314

(entropy details in Appendix B). We accept kcand 315

into the memory bank B if and only if S2 > S1 and 316

E2 < E1. The first condition enforces improved 317

exploration consensus across trajectories, while 318

the second requires increased experience confi- 319

dence during generation, jointly filtering out can- 320

didates that merely shift outputs without provid- 321

ing reliable guidance. This dual criterion enables 322

SEER to validate experiences without any external 323

labels or reward models, committing only those 324

that yield measurable intrinsic improvements. 325

3.2.3 Experience Memory Maintenance 326

The memory bank B = {ei}Mi=1 stores entries as 327

key-value pairs: a query representation qi (source 328

problem context) and a verified experience ki, 329

together with lightweight metadata (e.g., access 330

counts and timestamps). To avoid redundancy, we 331

apply semantic deduplication at insertion time: if 332

the cosine similarity between kcand and an existing 333

ki exceeds a threshold δ, we overwrite the old en- 334

try; otherwise we create a new entry. 335

To maintain relevance under continual updates, 336
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we periodically prune the bank every Tprune inser-337

tions using a utility score:338

U(ei) = Nhit(i) · exp
(
−λ · (tcurr − t

(i)
last)
)
, (4)339

where Nhit(i) is the access frequency of entry ei,340

λ is a time-decay coefficient, tcurr denotes the cur-341

rent time step, and t
(i)
last represents the time step of342

the most recent access to entry ei. Entries with the343

lowest utility are removed, enabling B to evolve344

toward robust and frequently useful experiences.345

The storage schema is detailed in Appendix D.346

3.3 Experience-Aware Reasoning347

Standard retrieval-augmented generation (RAG)348

pipelines typically retrieve for every query, which349

often (i) wastes tool/context budget on easy in-350

stances and (ii) introduces irrelevant or even mis-351

leading memories due to purely lexical match-352

ing. SEER instead treats memory as optional as-353

sistance: it is invoked only when the model is354

genuinely uncertain and the retrieved experiences355

are further filtered for structural alignment and356

functional utility. This design keeps inference357

lightweight on confident cases while providing tar-358

geted guidance when uncertainty persists.359

Uncertainty-based Adaptive Gating. We esti-360

mate generation uncertainty using smoothed Shan-361

non entropy H̄t, computed as a moving average362

over a local sliding window (Appendix C). Com-363

pared to raw token-level entropy (and the entropy364

used in B.2), H̄t captures sustained uncertainty365

rather than transient fluctuations, making it a more366

reliable trigger for memory usage. We then define367

an adaptive gate G controlled by a threshold γ:368

G = 1 ⇐⇒ H̄t > γ.369

When G = 0, the model continues decoding370

purely with its parametric knowledge. When G =371

1, the model retrieves experiences from the mem-372

ory bank and conditions its subsequent reasoning373

on the retrieved guidance. In this way, SEER374

avoids “always-on retrieval” and instead performs375

uncertainty-driven memory invocation.376

Memory Reranking and Synthesis. Once the377

gate is activated, directly retrieving by embedding378

similarity can still erroneously return experiences379

that are textually similar but logically mismatched.380

To ensure that injected memories are both isomor-381

phic to the current problem and useful for the cur-382

rent reasoning state, we adopt a systematic three-383

step retrieve-rerank-synthesize pipeline:384

(1) Problem-Anchored Retrieval. We first re- 385

trieve a candidate set Mcand of top-K experiences 386

using problem-level similarity. Each memory en- 387

try stores the embedding of its source problem 388

E(q(i)). Given the current input x, we compute 389

cosine similarity between E(x) and E(q(i)) and 390

retrieve the top-K entries. This problem-anchored 391

strategy prioritizes structural similarity (problem 392

isomorphism) rather than superficial overlap be- 393

tween the current query and the experience text. 394

(2) Utility-Aware Reranking. Even struc- 395

turally similar experiences may be irrelevant to 396

the model’s current partial solution. We there- 397

fore rerank candidates by state-conditioned util- 398

ity. Specifically, we prompt the model to act as a 399

scorer and assign each candidate a relevance score 400

si based on its expected helpfulness to the current 401

partial generation y<t. We then select the top-N 402

experiences (N < K) with the highest si, filtering 403

out incompatible candidates. 404

(3) Dynamic Synthesis. Naively concatenating 405

multiple experiences can fragment context and in- 406

troduce redundancy or conflicts. We thus perform 407

an in-context synthesis step that rewrites the se- 408

lected top-N experiences into a single coherent in- 409

struction block Isyn. This synthesis removes dupli- 410

cated advice, resolves inconsistencies, and yields 411

a compact guidance prompt that is easier for the 412

model to follow, thereby stabilizing subsequent de- 413

coding and reducing uncertainty. 414

3.4 Comparison to Previous Work 415

Table 2 presents our comparisons to prior work 416

in three key aspects. First, SEER establishes a 417

fully unsupervised self-evolution paradigm. Un- 418

like Absolute Zero (Zhao et al., 2025), Memory- 419

R1 (Yan et al., 2025), and Socratic-Zero (Wang 420

et al., 2025a), which rely on external reward mod- 421

els (teacher model), or EvolveR (Wu et al., 2025b) 422

which relies on ground-truth annotations to drive 423

updates, SEER requires no external supervision. 424

Second, distinct from them that utilize syn- 425

thetic questions and reasoning trajectories (Zhao 426

et al., 2025), contrastive positive and negative can- 427

didate pairs (Wang et al., 2025a), or solutions ver- 428

ified against ground truth (Wu et al., 2025b) as 429

evolution sources, SEER innovatively leverages 430

the model’s intrinsic verification signals to evolve 431

purely from self-distilled reasoning experience. 432

Finally, SEER adopts a training-free memory 433

construction mechanism. In contrast to training- 434

based approaches (e.g., EvolveR, Memory-R1) 435
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Method Math Code Knowledge
GSM8K MATH500 AIME24 AIME25 HumanEval MBPP GPQA MMLU

Qwen2.5-1.5B
CoT SC 68.7 34.2 - - 43.3 60.7 26.5 67.0
ToT 64.2 30.4 - - 42.1 57.8 22.5 53.6
LATS 65.0 27.6 - - 41.5 58.6 24.3 57.3
Reflexion 70.4 36.2 - - 43.9 60.2 26.1 62.4
DSER 70.0 31.2 - - 43.3 63.9 26.5 61.7
SEER (Ours) 72.9 44.6 - - 58.5 67.3 28.1 67.5
Qwen2.5-7B
CoT SC 85.8 50.2 3.33 2.50 61.0 75.4 38.1 75.2
ToT 83.7 42.2 0.00 0.00 59.1 71.4 30.3 63.8
LATS 84.2 41.6 0.83 0.00 60.4 72.8 28.5 64.8
Reflexion 85.3 51.6 1.67 1.67 62.2 74.5 34.1 68.5
DSER 84.5 50.4 2.08 1.67 61.6 74.6 36.3 71.7
SEER (Ours) 88.4 60.8 5.83 5.00 68.9 78.7 40.1 76.8
Qwen2.5-32B
CoT SC 92.9 58.4 6.67 4.17 64.0 85.7 48.6 83.7
ToT 91.6 56.8 1.67 1.25 62.2 81.6 36.7 69.3
LATS 91.8 51.6 2.50 1.67 64.6 83.9 37.6 70.3
Reflexion 92.0 61.4 3.33 4.17 63.4 84.1 41.6 73.3
DSER 92.1 59.2 3.33 3.33 65.2 83.9 43.4 67.4
SEER (Ours) 93.1 66.2 9.17 7.50 76.8 88.2 50.1 84.0
Qwen3-8B
CoT SC 90.8 61.0 15.83 10.42 63.4 71.2 45.2 78.4
ToT 89.4 58.8 11.67 6.67 62.2 68.6 34.5 65.8
LATS 90.7 55.8 12.08 7.50 63.4 69.1 33.6 66.9
Reflexion 91.3 61.6 13.75 8.75 64.0 69.9 35.4 70.3
DSER 92.7 58.6 12.91 9.58 65.8 70.8 36.3 73.0
SEER (Ours) 96.4 67.4 17.92 15.83 73.2 74.6 46.1 79.2
Qwen3-14B
CoT SC 92.5 62.2 17.08 14.58 62.2 74.6 40.3 81.4
ToT 89.9 61.0 12.50 10.83 60.4 69.0 32.1 68.5
LATS 90.0 59.6 13.33 11.67 61.6 69.9 30.7 69.6
Reflexion 90.3 62.2 14.58 13.75 62.8 71.4 34.1 73.0
DSER 90.8 60.8 15.42 12.91 64.6 73.6 34.7 77.3
SEER (Ours) 92.8 69.6 19.17 18.33 70.1 76.3 42.3 81.9

Table 1: Main results across math reasoning, code generation, and domain expertise tasks. Best results are bolded.

that require expensive gradient-based parameter436

optimization, SEER avoids this computational bur-437

den. While DSER is also training-free, its evolu-438

tion source is primarily based on transient explo-439

ration rollouts, which treats reasoning as a tempo-440

rary Markov chain. SEER, conversely, focuses on441

accumulating long-term retrievable experience, of-442

fering better generalization than transient rollouts443

Method Supervision Evolution Source Training-Free
SEER (Ours) None Experience 3

DSER None Exploration Rollouts 3

Absolute Zero RM Synthetic Data 7

Memory-R1 RM Synthetic Data 7

Socratic-Zero RM Contrastive Pairs 7

EvolveR GL Verified Data 7

Table 2: Comparison to prior work. “RM” and “GL”
denote reward models and gold labels, respectively.

4 Experiments444

4.1 Experimental Setup445

Benchmarks and Metrics. We evaluate SEER446

on three domains to assess generality: (1) Math-447

ematical reasoning: GSM8K (Cobbe et al., 448

2021), MATH500 (Lightman et al., 2023), 449

AIME24 (Zhang and Math-AI, 2024), and 450

AIME25 (Zhang and Math-AI, 2025). For the 451

AIME benchmarks, we report the mean accuracy 452

over 8 runs to account for variance; we exclude 453

the 1.5B model on AIME where it achieves 0% ac- 454

curacy. (2) Code generation: HumanEval (Chen 455

et al., 2021) and MBPP (Austin et al., 2021). (3) 456

Domain expertise: GPQA (Rein et al., 2023) and 457

MMLU (Hendrycks et al., 2021), covering expert- 458

level knowledge in biology, physics, and chem- 459

istry. Unless otherwise specified, we report stan- 460

dard task metrics (e.g., accuracy / exact match for 461

QA-style tasks and pass@1 for code generation). 462

Baselines. To comprehensively evaluate SEER, 463

we benchmark it against five representative state- 464

of-the-art methods: CoT-SC (Wang et al., 2023), 465

which employs majority voting over multiple sam- 466

pled paths; tree search methods including ToT 467

(Yao et al., 2023) and LATS (Zhou et al., 2024), 468

which utilize lookahead planning and Monte Carlo 469
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GSM8K MATH500 AIME24 AIME25

Model Baseline SEER ∆ Baseline SEER ∆ Baseline SEER ∆ Baseline SEER ∆

General Purpose Models
Qwen2.5-7B-Base 85.8 88.4 +2.6 49.8 60.8 +11.8 3.33 5.83 +2.50 2.50 5.00 2.5
Qwen2.5-7B-Instruct 89.3 91.2 +1.9 75.6 77.8 +2.2 13.3 17.5 +4.20 9.17 13.33 4.16

Math Specialized Models
Qwen2.5-Math-7B 89.6 91.7 +2.1 55.4 67.6 +12.2 4.17 9.17 +5.00 3.33 9.17 +5.84
Qwen2.5-Math-7B-Instruct 90.0 93.5 +3.5 78.2 81.5 +3.3 13.33 14.17 +0.84 10.00 14.17 +4.17

Table 3: Versatility analysis of SEER across different Qwen2.5 variants.

Tree Search; and self-correction approaches like470

Reflexion (Shinn et al., 2023) and DSER (Liu471

et al., 2025), which focus on verbal reinforcement472

and iterative self-evolution, respectively.473

Implementation Details. To ensure reproducibil-474

ity, we utilize the open-weights Qwen2.5 and475

Qwen3 series as base models, while employing476

GPT-4o as the score model to get relevance score477

during inference in Section 3.3 and the extrac-478

tor for generating high-quality reasoning experi-479

ences during memory distillation. We configure480

the MCMC process with N = 15 steps and tem-481

perature τ = 0.25 to ensure sufficient exploration,482

limiting distilled experiences to 1024 tokens. For483

adaptive inference, we employ all-MiniLM-L6-v2484

as the embedding model, with the gating threshold485

γ empirically optimized on the validation set.486

4.2 Main Results487

Effectiveness. As presented in Table 1, SEER488

consistently yields superior performance across489

diverse domains, outperforming both standard490

prompting and advanced inference-time search491

baselines. In mathematical reasoning, the method492

demonstrates remarkable effectiveness on com-493

plex tasks. For instance, it boosts Qwen3-14B to494

18.33% on the rigorous AIME25 benchmark and495

improves Qwen2.5-32B to 66.2% on MATH500.496

Furthermore, SEER exhibits strong capabilities:497

on code generation, Qwen2.5-32B achieves a sub-498

stantial jump to 76.8% on HumanEval, while also499

setting new highs on knowledge-intensive bench-500

marks like MMLU (84.0%).501

Versatility. To comprehensively assess the adapt-502

ability of our framework, we extend our evalua-503

tion to four distinct variants of the Qwen2.5-7B504

series. As illustrated in Table 3, for the Base mod-505

els which typically lack instruction-following op-506

timization, SEER unlocks dormant reasoning po-507

tential, yielding substantial gains of up to 12.2%508

on MATH500. Furthermore, even on the highly 509

specialized Math-Instruct model, SEER breaks 510

through the performance ceiling, contributing an 511

additional 4.17 points on the challenging AIME25 512

benchmark. These results confirm that SEER acts 513

as a versatile enhancer, providing gains that are or- 514

thogonal to standard supervised fine-tuning. 515

Stability. Given the dynamic nature of our 516

self-evolving memory, the chronological order of 517

queries could theoretically bias the accumulated 518

experience. To rule out such order sensitivity, we 519

conducted a rigorous stability test by performing 520

10 independent runs on MATH500 with randomly 521

shuffled dataset sequences. As visualized in Fig- 522

ure 3, SEER exhibits exceptional stability across 523

all model scales. Specifically, Qwen2.5-32B main- 524

tains a steady performance with an average accu- 525

racy of 66.20%, where fluctuations are strictly con- 526

fined to a negligible range (65.8%–66.6%). Simi- 527

larly, the 7B and 1.5B models converge to stable 528

averages of 60.80% and 44.60% respectively, ex- 529

hibiting minimal variance across runs. 530

4.3 Ablation Studies 531

To rigorously evaluate the contribution of each 532

component within the SEER framework, we con- 533

ducted a systematic ablation study across different 534

model sizes. The results, presented in Table 4, 535

offer several critical insights. First, replacing 536

MCMC sampling with standard temperature sam- 537

pling results in a notable performance drop (e.g., 538

-5.2% with Qwen2.5-1.5B on MATH500). This 539

underscores the necessity of MCMC’s acceptance- 540

rejection mechanism in navigating complex solu- 541

tion spaces. Second, removing experience distilla- 542

tion, i.e., using raw reasoning traces directly, leads 543

to a decline in accuracy. Raw trajectories often 544

contain redundant or irrelevant tokens that dilute 545

the context window, whereas distilled experiences 546

provide focused, high-density guidance. Finally, 547

eliminating the entropy gate leads to a significant 548
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(b) Sensitivity to Gating Threshold
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Figure 2: Sensitivity analysis of reasoning performance on MATH500 across five model scales with respect to
MCMC exploration steps N (a) and entropy threshold γ (b).
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Figure 3: Performance stability of SEER across 10 runs
with randomly shuffled execution orders on MATH500.

performance drop. This underscores the critical549

role of the gating mechanism: by selectively acti-550

vating retrieval only during high-uncertainty mo-551

ments, ensuring that the model receives necessary552

guidance without disrupting the reasoning flow.553

MATH500 Accuracy (%)

Backbone SEER w/o MCMC w/o Distill w/o Gate

Qwen2.5-1.5B 44.6 39.4 39.6 40.4
Qwen2.5-7B 60.8 58.0 56.0 56.6
Qwen3-8B 67.4 63.2 62.0 62.8
Qwen3-14B 69.6 65.8 64.6 65.2
Qwen2.5-32B 66.2 63.8 64.2 63.4

Table 4: Ablation study on MATH500 across different
size of models.

4.4 Parameter Sensitivity Analysis554

We evaluate the sensitivity of our approach to two555

pivotal hyperparameters: the number of MCMC556

steps (N ) and the entropy threshold (γ) across five557

model scales. As depicted in Figure 2(a), the accu-558

racy on MATH500 consistently improves as N in- 559

creases from 5 to 25. We observe a notable perfor- 560

mance surge before N = 15 followed by a gradual 561

plateau, suggesting that N = 15 serves as an effi- 562

cient elbow point for balancing computation and 563

reasoning quality. Simultaneously, under identi- 564

cal decoding configurations (e.g., a fixed temper- 565

ature), Figure 2(b) reveals a performance curve re- 566

garding the entropy threshold γ, where all model 567

scales achieve their peak accuracy at γ = 0.6 . 568

The performance degradation observed at extreme 569

threshold values, such as γ = 0.2 or γ = 1.0, high- 570

lights the necessity of a moderate gating threshold 571

to filter reasoning paths effectively. 572

5 Conclusion 573

In conclusion, we propose SEER, a fully unsu- 574

pervised framework for self-evolving reasoning 575

in large language models. SEER replaces ex- 576

ternal supervision with model-intrinsic verifica- 577

tion, identifying inputs with emergent learning po- 578

tential and validating experiences through consis- 579

tency gains and experience confidence. By inte- 580

grating these intrinsic signals with MCMC-based 581

exploration and teacher-guided distillation, SEER 582

constructs a high-quality experience memory bank 583

that enables autonomous self-evolution without 584

access to ground-truth labels. Extensive exper- 585

iments demonstrate that SEER consistently out- 586

performs strong baselines on complex reasoning 587

tasks, highlighting its effectiveness as a training- 588

free approach to self-evolving reasoning. 589
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Limitations590

To further enhance the framework’s robustness591

and generalization, future work will focus on the-592

oretically characterizing the relationship between593

sampling diversity and experience convergence.594

Additionally, we aim to integrate large-scale un-595

supervised experience accumulation to systemati-596

cally support reasoning across broader domains.597
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A Details on Power Sampling Strategy760

In this section, we provide a theoretical analy-761

sis comparing our proposed approach with stan-762

dard temperature sampling following previous763

work (Karan and Du, 2025), followed by the com-764

plete pseudo-code for the MCMC implementation.765

A.1 Comparison with Temperature Sampling766

A distinction must be drawn between standard tem-767

perature sampling (with temperature τ = 1/α)768

and sampling from the globally sharpened power769

distribution Pθ(z)
α. While both methods serve770

to concentrate probability mass on high-likelihood771

regions, they differ fundamentally in the commu-772

tativity of aggregation and exponentiation opera-773

tions regarding future probabilities.774

A.1.1 Mathematical Formulation775

Let zt denote the token at step t, and let z>t repre-776

sent a complete future trajectory.777

Standard Temperature Sampling: Standard778

sampling operates locally. At step t, the model779

first computes the marginal probability of zt by780

marginalizing over all futures, and subsequently781

sharpens this sum.782

Ptemp(zt|z<t) ∝ (Pθ(zt|z<t))
α

783

=

(∑
z>t

Pθ(zt, z>t|z<t)

)α

(5)784

Power Distribution Sampling: In contrast, the785

Power Distribution is defined on the global se-786

quence space. The formulation necessitates sharp-787

ening the joint probability of every complete path788

prior to marginalization.789

Ppower(zt|z<t) ∝
∑
z>t

(Pθ(zt, z>t|z<t))
α

790

=
∑
z>t

Pθ(zt, z>t|z<t)
α (6)791

A.1.2 Divergence due to Jensen’s Inequality792

The mathematical discrepancy between Eq. 5 and793

Eq. 6 induces a critical behavioral divergence de-794

rived from Jensen’s Inequality. Since the function795

f(x) = xα is convex for α > 1, the operations796

of summation and exponentiation do not commute,797

leading to distinct sensitivities:798

Algorithm 1 Diversity-Enhanced Exploration via
MCMC (Power Sampling)
Require: Query x, Base Model Pθ , Sharpening α, Steps N ,

Burn-in B
Ensure: Set of diverse trajectories T
1: Define target density: π(z) ∝ Pθ(z|x)α
2: Initialize z0 ∼ Pθ(·|x); T ← ∅
3: for t = 0 to N − 1 do
4: Step 1: Proposal (Local Edit)
5: Sample cut-off index k ∼ Uniform(1, |zt|).
6: Keep prefix z<k and sample suffix z′>k ∼ Pθ(· |

x, z<k).
7: Form candidate z′ = [z<k; z

′
>k].

8: Step 2: Acceptance Decision
9: Compute acceptance probability A:

10: A = min

1,
π(z′)

π(zt)︸ ︷︷ ︸
Target Ratio

· Pθ(zt,>k|z<k)

Pθ(z′>k|z<k)︸ ︷︷ ︸
Correction q(zt|z′)/q(z′|zt)


11: Step 3: Update and Collect
12: Sample u ∼ U [0, 1].
13: if u < A then
14: zt+1 ← z′

15: else
16: zt+1 ← zt
17: end if
18: {Collect samples after burn-in period}
19: if t ≥ B then
20: T ← T ∪ {zt+1}
21: end if
22: end for

• Sensitivity to Marginal Aggregate (Stan- 799

dard Temperature Sampling): By sum- 800

ming prior to exponentiation, standard sam- 801

pling preserves the rank ordering of tokens 802

based on their total marginal mass. It fa- 803

vors high-entropy states where the probabil- 804

ity mass is distributed across many moder- 805

ately likely futures, rather than identifying 806

sparse, high-likelihood trajectories. 807

• Sensitivity to Pathwise Maxima (Power 808

Sampling): By exponentiating prior to sum- 809

mation, the Power Distribution dispropor- 810

tionately amplifies tokens associated with 811

specific high-likelihood complete trajecto- 812

ries. The convexity of the power func- 813

tion suppresses the contribution of low- 814

probability paths, effectively acting as a soft- 815

maximization over future outcomes. 816

This property renders Power Sampling theoret- 817

ically superior for reasoning tasks involving inter- 818

mediate steps that possess low marginal probabil- 819

ity but are necessary precursors to the global max- 820
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imum likelihood trajectory.821

A.1.3 Numerical Analysis822

We illustrate this divergence through a modified823

numerical analysis with α = 2 (temperature τ =824

0.5). Consider a decision boundary at step t be-825

tween two candidate tokens, z(A) and z(B).826

1. Candidate A (High-Entropy): Leads to 3827

distinct diverse futures, each with moderate828

probability p = 0.15. Total marginal proba-829

bility:
∑

p = 0.45.830

2. Candidate B (Low-Entropy): Leads to a831

single distinct future with probability p =832

0.40 (assuming negligible mass elsewhere).833

Total marginal probability: 0.40.834

Under the base model distribution (α = 1), Can-835

didate A is strictly preferred because its aggre-836

gated mass is higher (0.45 > 0.40).837

Scenario 1: Standard Temperature Sampling838

(α = 2) The standard mechanism sharpens the ag-839

gregated marginals first:840

• Weight for A: (0.15 + 0.15 + 0.15)2 =841

0.452 = 0.2025842

• Weight for B: 0.402 = 0.1600843

Result: The model retains the preference for A844

(0.2025 > 0.1600). The sampling process fails845

to penalize Candidate A for accumulating its mass846

from multiple mediocre outcomes.847

Scenario 2: Power Distribution Sampling (α =848

2) The power distribution sums the sharpened path849

likelihoods:850

• Weight for A: 0.152 + 0.152 + 0.152 = 3 ×851

0.0225 = 0.0675852

• Weight for B: 0.402 = 0.1600853

Result: The preference is strongly reversed in854

favor of B. Since 0.1600 ≫ 0.0675, the Power855

Distribution correctly identifies that Candidate B856

enables the global maximum likelihood trajectory.857

This highlights the method’s ability to filter out858

"noisy" high-entropy tokens in favor of "sparse"859

pivotal tokens.860

A.2 Algorithmic Workflow of Power 861

Sampling 862

In this section, we detail the procedural workflow 863

of our MCMC-based Power Sampling. The core 864

objective is to simulate samples from the target 865

distribution π(z|x) ∝ Pθ(z|x)α by constructing 866

a Markov chain. As outlined in Algorithm 1, 867

the process begins with an initial trajectory gen- 868

erated via standard sampling. In each iteration, 869

we perturb the current state to propose a new can- 870

didate reasoning path and apply the Metropolis- 871

Hastings acceptance criterion. This mechanism 872

ensures that the stationary distribution of the chain 873

aligns with our target Power Distribution, effec- 874

tively guiding the model toward high-likelihood 875

reasoning modes. 876

B Calculation of Consistency Metrics 877

In this section, we detail the mathematical formu- 878

lation of the SC score and entropy used in our fil- 879

tering mechanism. These metrics are computed in 880

a label-free manner, relying solely on the distribu- 881

tion of sampled reasoning paths. 882

B.1 Self-consistency metric 883

Sampling and Notation. For a given in- 884

put problem x, we sample K reasoning paths 885

{r1, r2, . . . , rK} from the policy model πθ. Let 886

yi denote the final answer derived from the path ri. 887

As ground truth labels are not utilized during this 888

phase, we estimate the "correct" answer based on 889

the majority consensus. 890

Majority Vote. We first identify the majority con- 891

sensus answer ŷ, which is the answer with the 892

highest frequency among the sampled paths: 893

ŷ = argmax
v∈V

K∑
i=1

I(yi = v) (7) 894

where V represents the set of unique answers gen- 895

erated across the K paths, and I(·) is the indicator 896

function which equals 1 if the condition is met and 897

0 otherwise. 898

Consistency Score (S). The consistency score 899

quantifies the model’s confidence in the consensus 900

answer. It is defined as the empirical probability 901

of observing ŷ: 902

S(x) =
1

K

K∑
i=1

I(yi = ŷ) (8) 903
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What is the smallest 

positive perfect cube that 

can be written as the sum 

of three consecutive 

integers?

Query Context

Predecessor Limitation:Relied on 

heuristic trial and error without formally 

establishing the divisibility constraints on 

the cube root?

Refinement Strategy: Transitioned to an 

algebraic construction(3x = k3) to 

rigorously deduce that the cube root must 

be a multiple of 3.

Reasoning Shift

Key point:

When solving integer constraints

If trial and error is inefficient

Then switch to algebraic 

formulation to identify prime factor 

requirements explicitly

Key Point

Figure 4: Visualization of a standardized entry in the SEER memory bank.

A score S(x) → 1 indicates that the model con-904

sistently converges to a single solution (low un-905

certainty), whereas S(x) → 0 implies high diver-906

gence among reasoning paths.907

B.2 Average Process Entropy908

To capture the model’s intrinsic uncertainty909

throughout the entire reasoning process (rather910

than just the final answer distribution), we calcu-911

late the average token-level entropy.912

Let each sampled reasoning path ri con-913

sist of a sequence of Li tokens, denoted as914

{wi,1, wi,2, . . . , wi,Li}. At each time step t, the915

model outputs a probability distribution over the916

vocabulary V , denoted as P (w | x,wi,<t). The917

entropy at this specific step is calculated as:918

Hi,t = −
∑
w∈V

P (w | x,wi,<t) logP (w | x,wi,<t). (9)919

The final entropy metric E (e.g., E1) is defined920

as the average entropy across all steps and all K921

sampled paths:922

E(x) =
1

K

K∑
i=1

(
1

Li

Li∑
t=1

Hi,t

)
. (10)923

A lower value of E indicates that the model is924

more confident and decisive in its step-by-step rea-925

soning process, while a higher value suggests high926

uncertainty or confusion during generation.927

C Uncertainty Quantification Details928

In this section, we provide the detailed formula-929

tion for the uncertainty quantification mechanism930

described in Section 3.3.931

Raw Token Entropy. At any generation step t,932

given the input query x and the preceding context933

z<t, the model outputs a probability distribution 934

Pθ(v | x, z<t) over the vocabulary V . Similar to 935

B.2, the raw Ht is calculated as : 936

Ht = −
∑
v∈V

Pθ(v | x, z<t) logPθ(v | x, z<t) (11) 937

Smoothed Entropy via Sliding Window. We ob- 938

serve that raw entropy Ht is susceptible to high- 939

frequency noise caused by trivial lexical variances 940

(e.g., the choice between interchangeable function 941

words or punctuation) that do not necessarily re- 942

flect genuine reasoning difficulties. To filter out 943

these token-level fluctuations and capture the cog- 944

nitive load over a logical segment, we employ a 945

sliding window smoothing mechanism. 946

Let w be the window size (set to w = 5 in our 947

experiments). The Smoothed Shannon Entropy H̄t 948

is calculated as the moving average of the raw en- 949

tropies over the local context window: 950

H̄t =
1

min(t, w)

min(t,w)−1∑
j=0

Ht−j . (12) 951

This smoothing ensures that the injection gate is 952

triggered only by sustained uncertainty, indicat- 953

ing a potential reasoning gaprather than transient 954

spikes. 955

Gating Mechanism. The adaptive injection gate 956

Gt ∈ {0, 1} operates as a binary switch based on 957

the smoothed metric. For a calibrated threshold γ, 958

the decision experience is formalized as: 959

Gt = I(H̄t > γ) =

{
1, if H̄t > γ

0, otherwise
. (13) 960

where I(·) is the indicator function. TThis ensures 961

that external retrieval is activated only when the 962
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model’s internal confidence falls below the thresh-963

old.964

D Memory Entry Schema965

To strictly align with the Experience Memory Con-966

struction process defined in Section 3.2, each967

memory entry ei ∈ B is stored as a streamlined968

key-value structure. The schema focuses exclu-969

sively on the core components of the distillation970

pipeline:971

• query_context (qi): The original problem972

state that triggered the reasoning process.973

• reasoning_shift (∆): The contrastive ra-974

tionale extracted by the teacher model. In-975

stead of merely correcting errors, it explicitly976

maps the evolutionary divergence between977

the predecessor trajectory (z(t−1)) and its re-978

fined successor (z(t)). This component cap-979

tures the logical optimization stepsuch as980

moving from heuristic guessing to rigorous981

derivation, or from ambiguous description to982

precise definition.983

• key_point (ki): The final distilled heuris-984

tic. This field represents the generalized ex-985

perience, verified for high information den-986

sity and reusability across different problem987

instances.988

Figure 4 visualizes a concrete example of such989

an entry, demonstrating how the abstract mathe-990

matical definitions translate into a structured data991

format.992

E Case Study993

To intuitively understand the working mechanism994

of SEER, we present a concrete case study in Fig-995

ure 5.996

Case Analysis. As shown in Figure 5, the model997

is tasked with a number theory problem: “What is998

the least positive integer multiple of 30 that can be999

written with only the digits 0 and 2?”1000

• Native Failure : The native model (without1001

SEER) attempts to solve the problem but fails1002

to strictly adhere to the “least” constraint or1003

correctly apply divisibility rules, outputting1004

an incorrect answer.1005

• Experience Retrieval & Injection: Trig-1006

gered by the high entropy, SEER halts the1007

current generation and select, rerank and ag- 1008

gregate the experience that is “Consider the 1009

properties of multiples of 30.”. This concise 1010

experience acts as a navigational guide for the 1011

subsequent inference. 1012

• SEER Refinement: Equipped with the in- 1013

jected experience, SEER regenerates the rea- 1014

soning path. As observed in the “Regener- 1015

ate” phase, the model now explicitly articu- 1016

lates the divisibility rule: “A number is divis- 1017

ible by 30 if and only if it is divisible by both 1018

3 and 10.” Following this structured logic, it 1019

correctly identifies that the sum of digits must 1020

be divisible by 3, leading to the correct least 1021

integer, 2220. 1022
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What is the least positive integer 

multiple of 30 that can be written 

with only the digits 0 and 2? 

gold_answer:2220
Query Context
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integer multiple of 30 n...
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Answer

Query Context
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multiples of 30
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We can use the fact that a 
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and only if it is divisible by 

both 3 and 10...
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Answer
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What is the least positive integer 

multiple of 30 that can be written 

with only the digits 0 and 2? 

gold_answer:2220

High Entropy

To find the least 

integer multiple 

of a composite 

number... Experience

Figure 5: Mechanism Visualization. Comparison between the native model and SEER on a number theory
problem. When the native model produces a high-entropy response, SEER triggers the memory bank to select,
rerank and aggregate experience, enabling the model to regenerate a correct reasoning path.
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