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Abstract001

Large language models (LLMs) increasingly002
solve complex reasoning tasks via long chain-003
of-thought, but their forward-only autoregres-004
sive generation process is fragile; early token er-005
rors can cascade, which creates a clear need for006
self-reflection mechanisms. However, existing007
self-reflection either performs revisions over008
full drafts or learns self-correction via expen-009
sive training, both fundamentally reactive and010
inefficient. To address this, we propose Self-011
Reflective Generation at Test Time (SRGen), a012
lightweight test-time framework that reflects013
before generating at uncertain points. During014
token generation, SRGen utilizes dynamic en-015
tropy thresholding to identify high-uncertainty016
tokens. For each identified token, it trains a spe-017
cific corrective vector, which fully exploits the018
already generated context for a self-reflective019
generation to correct the token probability dis-020
tribution. By retrospectively analyzing the par-021
tial output, this self-reflection enables more022
trustworthy decisions, thereby significantly re-023
ducing the probability of errors at highly uncer-024
tain points. Evaluated on challenging mathe-025
matical reasoning benchmarks and a diverse set026
of LLMs, SRGen can significantly strengthen027
model reasoning. Moreover, our findings po-028
sition SRGen as a plug-and-play method that029
integrates reflection into the generation process030
for reliable LLM reasoning, achieving consis-031
tent gains with bounded overhead and can be032
combined with other training-time (e.g., RLHF)033
and test-time (e.g., SLOT) techniques.034

1 Introduction035

The ability to execute complex multi-step reason-036

ing remains a central frontier in advancing large037

language models (LLMs). LLMs generate step-by-038

step reasoning traces, often called chain-of-thought039

(CoT) (Wei et al., 2022). This capability has en-040

abled substantial progress in mathematics, program041

synthesis, and other domains (Yao et al., 2023;042

Plaat et al., 2024). The fidelity of these traces often043

determines whether the final answer is correct (Paul 044

et al., 2024; Hammoud et al., 2025). Thus, improv- 045

ing the reliability of the reasoning process is critical 046

to realizing the full potential of LLMs. 047

A fundamental tension persists between the fluid, 048

self-corrective character of human problem solving 049

and the rigid, forward-only dynamics of standard 050

LLM decoding. Humans iterate: they pause, re- 051

evaluate premises, and change course. In contrast, 052

LLMs perform autoregressive decoding (Vaswani 053

et al., 2017): each token depends on all preceding 054

tokens, and prior outputs cannot be revised. As a 055

result, early errors can propagate and compound, 056

derailing the entire trajectory (Jain et al., 2025). 057

This brittleness in forward-only decoding is a major 058

obstacle to reliable reasoning. 059

Many prior works tackle this fragility via error 060

correction. One line pursues post hoc iterative re- 061

finement: the model critiques and revises a com- 062

plete draft in subsequent passes (Madaan et al., 063

2023; Yuksekgonul et al., 2024), incurring substan- 064

tial latency and computational cost. Another line 065

trains models for intrinsic self-correction, for ex- 066

ample via reinforcement learning (Bensal et al., 067

2025; Ma et al., 2025). This enables mid-reasoning 068

fixes but still requires that an erroneous segment 069

be produced before intervention. Crucially, both 070

approaches are reactive; they address errors only af- 071

ter they have occurred. The challenge of proactive 072

error prevention, namely steering the model away 073

from a mistake before it is committed, remains a 074

research gap. 075

To this end, we introduce Self-Reflective 076

Generation at Test Time (SRGen), a lightweight 077

inference-time framework for proactive error pre- 078

vention. The key premise is that tokens differ in 079

informativeness: recent work identifies “critical 080

tokens” via high predictive entropy (Wang et al., 081

2025), low confidence (Fu et al., 2025), or spikes 082

in mutual information (Qian et al., 2025). Instead 083

of using these signals solely to adjust sampling or 084
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Table 1: Conceptual comparison of self-reflection
paradigms.

Cost

Paradigm Timing Train Infer Mode

RL Correction Training High Low Reactive
Post-hoc Refine Post-gen Zero High Reactive
SRGen (Ours) In-gen Zero Low Proactive

apply post hoc filtering, SRGen intervenes at the085

moment of risk: during generation it detects critical086

points, briefly pauses, and optimizes a small cor-087

rective vector δ with a token-level reflection loss;088

this vector is injected into the hidden state before089

emitting the next token. The intervention is local090

and transient, steering the model away from early091

errors without additional full passes.092

Table 1 positions SRGen relative to existing093

self-reflection approaches and highlights a new094

paradigm of proactive, test-time self-reflection. SR-095

Gen requires no additional training (unlike RL-096

based methods), avoids the latency of post hoc097

iterative refinement, and prevents errors before098

they compound. Its plug-and-play nature makes it099

broadly applicable to pre-trained language models100

and compatible with other reasoning-enhancement101

techniques, including SFT, RL, and distillation102

trained models and with some test-time methods103

even using similar mechanisms.104

Our main contributions are as follows:105

• We propose SRGen, which consists of two core106

components: an uncertainty-based token monitor107

and a self-reflective corrective vector computed108

online. Without any external feedback, SRGen109

improves reasoning by reducing decision errors110

at uncertain tokens during generation.111

• We provide theoretical motivation for our design112

and conduct analyses to support and interpret the113

proposed method.114

• Extensive experiments demonstrate that SRGen115

achieves larger gains over strong baselines while116

introducing lower latency overhead. SRGen also117

composes well with related methods, yielding118

further improvements when combined.119

2 Problem Formulation120

In autoregressive language models, the generation121

of a token sequence y = (y0, y1, . . . , yt) is mod-122

eled by the product of conditional probabilities: 123

P (y|x0) =
T∏
t=1

P (yt|y<t, x0; θ), (1) 124

where x0 is the input prompt and θ denotes the 125

model parameters. Such a forward-only decoding 126

process, unfortunately, exhibits a key vulnerabil- 127

ity: fragility. An early error in a reasoning chain 128

can propagate and amplify, leading to catastrophic 129

failures in the final output (Jain et al., 2025). 130

Existing solutions predominantly fall into two 131

categories. (1) Post-hoc Iterative Refinement. 132

Methods such as Self-Refine (Madaan et al., 2023) 133

employ a multi-stage pipeline where the model cri- 134

tiques and revises a complete draft (Shinn et al., 135

2023; Yu et al., 2024; Yuksekgonul et al., 2024). 136

Although often effective, this approach incurs sub- 137

stantial computational overhead and latency. (2) 138

Training for Intrinsic Self-Correction. This line 139

of work embeds correction capabilities directly into 140

the model parameters, typically via techniques like 141

reinforcement learning (Bai et al., 2022; Hu et al., 142

2024; Kumar et al., 2024; Moskvoretskii et al., 143

2025; Bensal et al., 2025). These methods require 144

expensive, resource-intensive training and can only 145

intervene after an error has already been generated. 146

A common thread unites these approaches: their 147

reactive nature, as they correct errors only after 148

they have occurred. This limitation motivates our 149

central research question: 150

Can we design a proactive error prevention
mechanism that identifies and intervenes at po-
tential error points in real-time during gener-
ation, thereby enhancing reasoning reliability
within a single decoding pass and at a minimal
additional cost?

151

3 Self-Reflection Generation Process 152

3.1 Overview of SRGen 153

To mitigate error propagation during autoregressive 154

generation, we introduce a novel Self-Reflective 155

Generation at Test Time (SRGen) framework. SR- 156

Gen embeds a lightweight monitor-reflect-optimize 157

loop into the autoregressive decoding process. This 158

loop enables the model to identify and correct po- 159

tential errors at intermediate steps, thereby miti- 160

gating their propagation throughout the generated 161

sequence. As illustrated in Figure 1, the process at 162

each generation step t consists of two stages: 163
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Figure 1: An overview of the Self-Reflective Generation (SRGen) framework. This framework consists of two main
stages. (1) Uncertainty Monitoring. A threshold is dynamically computed from the mean and standard deviation of
token entropies within a recent history window of size N. (2) Self-Reflective Optimization. If the current token’s
entropy exceeds the threshold, a correction vector, δ, is optimized on-the-fly using a joint loss of cross-entropy and
entropy minimization. This δ is then added to the token’s hidden state to steer the final decision towards a more
reliable outcome.

Stage 1: Dynamic Uncertainty Monitoring.164

At each step, the framework assesses the model pre-165

dictive uncertainty for the next token. We quantify166

this uncertainty using token entropy. An interven-167

tion is triggered if this entropy exceeds a dynamic168

threshold that adapts to the local context of the169

generated sequence.170

Stage 2: Self-Reflective Optimization. If the171

uncertainty exceeds the threshold, the standard de-172

coding process is paused to initiate a self-reflective173

optimization. This optimization computes a tran-174

sient correction vector δ by minimizing a self-175

reflection loss function. The correction vector δ176

is then applied to the current hidden state to refine177

the next-token probability distribution, guiding it178

toward a more confident and contextually coher-179

ent output. If the threshold is not met, the model180

proceeds with standard decoding.181

The complete workflow is formalized in Algo-182

rithm 1. By selectively applying this real-time in-183

tervention, SRGen enhances output reliability with184

minimal and bounded computational overhead.185

3.2 Stage 1: Dynamic Uncertainty Monitoring 186

A primary challenge in identifying critical reason- 187

ing junctures is that a fixed uncertainty threshold 188

is suboptimal. Models with different architectures, 189

training paradigms, or scales have distinct entropy 190

profiles, even on the same task, as shown in Ap- 191

pendix F. A static threshold would therefore fail to 192

reliably detect moments of high uncertainty across 193

diverse contexts. To address this issue, we pro- 194

pose a dynamic thresholding strategy that adapts 195

to the recent generation history of a model. For- 196

mally, at each decoding step t, before sampling the 197

next token yt, we first compute the predictive en- 198

tropy of the next-token distribution given the prefix 199

y<t = (y0, . . . , yt−1): 200

Ht = H(p(·|y<t)). (2) 201

We maintain a sliding window Ht containing the 202

N most recent entropy values, {Ht−N , . . . ,Ht−1}. 203

From this history, we compute the running mean 204

µ(Ht) and standard deviation σ(Ht). The self- 205

reflection process is triggered if the current entropy 206

Ht represents a statistically significant deviation 207
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from the recent trend. Formally, reflection is acti-208

vated if:209

Ht > µ(Ht) + k · σ(Ht), (3)210

where k is a sensitivity hyperparameter. This adap-211

tive approach enables our method to distinguish be-212

tween naturally high-entropy passages and anoma-213

lous uncertainty spikes that warrant intervention.214

We present in the Section 5.6 the tokens identified215

by this method.216

3.3 Stage 2: Self-Reflective Optimization217

Once a high-uncertainty juncture is identified at218

step t, our goal is to compute a transient correction219

to steer the generative process of a model.220

Just as humans pause to deliberate when facing221

indecision, eventually settling on the most prudent222

answer, our intuitive goal is for the model to reduce223

uncertainty at the current step and make a decisive224

choice, rather than sampling from an ambiguous225

distribution. However, blindly minimizing entropy226

carries a risk: it can cause the output distribution to227

collapse onto high-frequency tokens that are statis-228

tically dominant but contextually vacuous. Human229

reasoning typically involves a retrospective review230

of established thoughts, serving as a foundation231

for further deduction. Consequently, any reduc-232

tion in uncertainty must be predicated on strict fi-233

delity to the already-generated context. Therefore,234

a self-reflective generation process should inher-235

ently address two dual objectives: sharpening the236

predictive distribution to reduce uncertainty while237

preserving the semantic coherence established by238

the preceding context y<t.239

Inspired by the work of (Hu et al., 2025), we240

introduce a transient correction vector δ ∈ Rd,241

where d is the dimension of the model hidden state.242

This vector is initialized to zero and optimized only243

when the uncertainty monitor is triggered. The244

correction is applied to the final hidden state ht−1245

before the vocabulary projection headW , yielding246

a modified logits vector:247

logits′t =W(ht−1 + δ). (4)248

The optimization of δ is guided by a hybrid loss249

function LSRGen defined over the prefix y<t:250

LSRGen(δ;λ, y<t) = (1− λ)LCE(y<t; δ)

+ λLAEM(y<t; δ).
(5)251

This loss comprises two components:252

1 Retrospective Context Loss (LCE). This term 253

ensures contextual fidelity by penalizing correc- 254

tions δ that disrupt the model predictions for the 255

already-generated prefix. It is the negative log- 256

likelihood of the prefix, where the same correction 257

δ is applied to all historical hidden states: 258

LCE(y<t; δ) = −
t−2∑
i=0

log p(yi+1|y≤i, δ), (6) 259

where p(yi+1|y≤i, δ) = softmax(W(hi + δ))yi+1 260

and hi is the hidden state corresponding to the 261

prefix y≤i. 262

2 Anticipatory Entropy Minimization (LAEM). 263

This term directly targets the high uncertainty at 264

the current step t. By minimizing the entropy of 265

the next-token predictive distribution, it encourages 266

the model to make a more confident prediction: 267

LAEM(y<t; δ) = H(p(·|y<t, δ)), (7) 268

where the perturbed distribution is p(·|y<t, δ) = 269

softmax(W(ht−1 + δ)). 270

After optimizing δ for a few gradient steps to 271

find δ∗, we use this correction to generate the token 272

yt. The vector is then discarded, ensuring that each 273

intervention is localized to its specific context. 274

4 Method Analysis and Insights 275

This section provides a deeper analysis of the SR- 276

Gen framework, justifying its core design princi- 277

ples and theoretical underpinnings. 278

4.1 Rationale for Dynamic and Selective 279

Intervention 280

The design of our uncertainty monitor is based on 281

the principle of targeted intervention, which is cru- 282

cial for two reasons: (1) Efficiency: Limiting the 283

intervention to a few key tokens significantly re- 284

duces computational overhead. Applying reflection 285

at every step would be computationally prohibitive, 286

whereas our targeted approach adds only a mod- 287

est, bounded overhead by focusing resources on 288

the most critical junctures. (2) Quality: Excessive 289

self-reflection can be counterproductive. Unneces- 290

sary intervention on low-uncertainty tokens may 291

disrupt the fluency of the generated text. Our se- 292

lective strategy, guided by the dynamic threshold, 293

ensures that intervention is not only efficient but 294

also beneficial to the final output quality. 295
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4.2 Theoretical Basis of the Hybrid Loss296

Our central theoretical result establishes that the297

hybrid loss in SRGen is not a heuristic but emerges298

directly from a principled optimization problem.299

We formalize this by showing that our loss func-300

tion is equivalent to the Lagrangian of a constrained301

objective that seeks to minimize uncertainty while302

preserving contextual fidelity. This is stated for-303

mally in Theorem 1 and a detailed proof is provided304

in Appendix C.1.305

Theorem 1 (Hybrid Loss as Principled Con-
strained Optimization). Given a trade-off pa-
rameter λ ∈ (0, 1), the minimizer δ∗ of the hy-
brid loss objective

LSRGen(δ;λ) = (1− λ)LCE(δ) + λLAEM(δ),
(8)

is also the solution to the constrained optimiza-
tion problem

min
δ
LAEM(δ) s.t. LCE(δ) ≤ ϵ. (9)

The choice of λ implicitly defines the constraint
boundary ϵ = LCE(δ

∗), establishing a formal
equivalence between tuning the loss weight and
setting a fidelity tolerance.

306

Remark. This theorem provides a strong theoreti-307

cal grounding for our method. The most powerful308

insight is that the SRGen objective is not an ar-309

bitrary blend of losses but a principled, tractable310

solution to a well-defined constrained optimization311

problem. This reframes the intuitive goal of cau-312

tious generation, i.e., reducing future uncertainty313

(LAEM) without sacrificing fidelity to the current314

context (LCE ≤ ϵ), in the rigorous language of315

optimization theory.316

The parameter λ is thus revealed to be more317

than a simple weighting factor; it implicitly con-318

trols the “price” of violating the contextual fidelity319

constraint. A small λ (corresponding to a large320

Lagrange multiplier α) enforces a strict fidelity321

requirement, heavily penalizing deviations. Con-322

versely, a large λ prioritizes uncertainty reduction,323

effectively relaxing the constraint. This perspective324

provides a formal basis for tuning λ. Furthermore,325

this result justifies our use of a simple weighted326

sum for the loss function. It demonstrates that327

this common practical approach is, in this case,328

equivalent to the more complex but formally cor-329

rect Lagrangian relaxation, making the objective330

both theoretically sound and easily optimizable via 331

standard gradient-based methods. 332

4.3 Computational Overhead Analysis 333

The computational overhead of SRGen comprises 334

two components: a negligible monitoring stage 335

and a more substantial, on-demand optimization 336

stage. The monitoring stage, which computes pre- 337

dictive entropy at each token, incurs minimal cost 338

because its inputs (logits and softmax distributions) 339

are already computed during standard autoregres- 340

sive generation. 341

Consequently, the primary overhead stems from 342

the on-the-fly optimization of the correction vec- 343

tor δ, which is triggered only at sparse, high- 344

uncertainty junctures. This cost can be approxi- 345

mated as: 346

Overhead ≈ Nact × T × Cbp, (10) 347

where Nact is the number of reflection activations, 348

T is the number of inner optimization steps, and 349

Cbp is the cost of a single backpropagation pass. 350

This design is inherently efficient. Unlike post- 351

hoc refinement methods, whose costs scale linearly 352

with the full sequence length, the overhead of our 353

SRGen scales only with the number of critical in- 354

terventions. Our experiments in Section 5.3 show- 355

ing that our method incurs only a small additional 356

overhead. This makes SRGen a practical solution 357

for enhancing model reasoning without prohibitive 358

computational expense. 359

5 Experiment 360

5.1 Experimental Setup 361

Models. We assess generality on open-weight 362

models spanning scales, architectures, and post- 363

training regimes: Qwen2.5-Math-7B (Team, 364

2024), DeepSeek-R1-Distill-Qwen-7B, 365

DeepSeek-R1-Distill-Llama-8B (Guo et al., 366

2025), and Qwen3-32B (Yang et al., 2025). This 367

set covers two architecture families (Qwen, Llama), 368

sizes from 7B to 32B, and heterogeneous post- 369

training pipelines (distillation, SFT, RL) that yield 370

distinct entropy profiles. This diversity probes 371

whether SRGen remains effective across decoding 372

behaviors, tokenizers, and training regimes, rather 373

than overfitting to any single family or size. 374

Benchmarks. We evaluate on AIME2024, 375

AIME2025 (Art of Problem Solving, 2024), 376

HMMT2025 (Balunović et al., 2025), and AMC (LI 377

et al., 2024) for mathematical reasoning problems, 378
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Table 2: Performance comparison on mathematical, general reasoning and code tasks. Best performance is bolded.
Gray rows indicate SRGen.

Mathematical Reasoning General & Code

Model Method AIME24 AIME25 HMMT25 AMC GPQA EvalPlus

Qwen2.5-Math-7B
CoT 14.6 6.0 1.3 34.0 31.8 45.7
Self-Refine 15.3 (+0.7) 5.7 (-0.3) 0.0 (-1.3) 32.4 (-1.6) 31.5 (-0.3) 43.9 (-1.8)

SRGen 22.0 (+7.4) 9.3 (+3.3) 3.3 (+2.0) 41.2 (+7.2) 33.8 (+2.0) 47.6 (+1.9)

DS-R1-Qwen-7B
CoT 49.3 35.3 15.3 51.0 50.0 73.1
Self-Refine 52.0 (+2.7) 38.0 (+2.7) 14.7 (-0.6) 51.6 (+0.6) 51.2 (+1.2) 72.6 (-0.5)

SRGen 61.3 (+12.0) 42.7 (+7.4) 19.3 (+4.0) 51.2 (+0.2) 51.3 (+1.3) 73.7 (+0.6)

DS-R1-Llama-8B
CoT 48.0 30.7 14.0 50.0 46.4 71.3
Self-Refine 48.7 (+0.7) 32.0 (+1.3) 16.0 (+2.0) 49.4 (-0.6) 47.9 (+1.5) 73.1 (+1.8)

SRGen 53.3 (+5.3) 36.0 (+5.3) 18.0 (+4.0) 50.6 (+0.6) 48.5 (+2.1) 72.0 (+0.7)

Qwen3-32B
CoT 76.7 70.7 23.3 54.0 63.5 87.1
Self-Refine 76.7 (+0.0) 69.3 (-1.4) 25.3 (+2.0) 54.4 (+0.4) 64.9 (+1.4) 87.2 (+0.1)

SRGen (Ours) 82.7 (+6.0) 76.0 (+5.3) 28.0 (+4.7) 56.8 (+2.8) 65.7 (+2.2) 87.8 (+0.7)

GPQA (Rein et al., 2024) for general reasoning and379

EvalPlus (Liu et al., 2023) for code generation.380

These tasks typically require accurate answers, so381

small early slips tend to propagate and can overturn382

the final result.383

Experimental Settings. For inference, we cap384

the maximum generation length at 4,096 tokens for385

Qwen2.5-Math-7B and 32,768 for all other models.386

Decoding uses temperature 0.6 with nucleus sam-387

pling at top-p = 0.95, following common recom-388

mendations for reasoning models. We also report389

Qwen2.5-Math-7B performance at temperature 0390

in subsequent analyses. All experiments were con-391

ducted on NVIDIA A800-80G GPUs. Unless oth-392

erwise noted, our method uses the following hyper-393

parameters: inner update steps T = 3, learning rate394

η = 0.01, entropy-detection window N = 25, and395

standard-deviation multiplier k = 4. We conduct396

hyperparameter ablation studies in Appendix G.397

Metrics. Our accuracy is based on five runs of398

pass@1.399

5.2 Main Results400

In Table 2, we compare the improvements brought401

by Self-Refine and SRGen on CoT-style reasoning.402

The results show that SRGen consistently achieves403

stronger performance across mathematical, general404

reasoning, and coding tasks, and this trend holds405

across models trained under different paradigms.406

Notably, on AIME2024, SRGen improves the accu-407

racy of DeepSeek-Distill-Qwen-7B by 12 per-408

centage points and Qwen3-32B by 6 percentage409

points, substantially larger than the gains obtained410

by Self-Refine on this type of task. 411

These results suggest that, even without any 412

external feedback, SRGen can leverage a self- 413

reflective generation process to reduce reasoning 414

errors during decoding. By mitigating cascading 415

mistakes and preventing early errors from propagat- 416

ing into irreversible failure modes, SRGen yields 417

more reliable intermediate reasoning and ultimately 418

improves the model’s overall reasoning capability. 419

Figure 2: Time increase and token cost.

In addition, we directly compare SRGen with 420

several methods that also intervene during the gen- 421

eration process. To align with the experimental 422

setup of MI-Peak, we use greedy decoding for the 423

math tasks. The results show that SRGen yields 424

more stable improvements in most cases. Table 3 425

reports detailed results. 426

5.3 Efficiency Analysis 427

We evaluate inference efficiency after integrating 428

SRGen by measuring both wall-clock runtime and 429

token usage. Experiments are conducted with 430

Qwen2.5-Math-7B on MATH500. We report the 431

mean per-task runtime and the total number of gen- 432
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Figure 3: Cons@k and Pass@k accuracy of Qwen2.5-Math-7B on AMC and MATH500

Table 3: Deterministic performance comparison using
Greedy Decoding.

Model Method MATH AIME AMC

Qwen2.5-3B-
Instruct

CoT 62.6 10.0 39.0
MI-Peak 63.8 6.7 41.0
SLOT 66.2 10.0 40.0
SRGen 66.6 10.0 43.0

Qwen2.5-Math-
7B

CoT 63.8 13.3 35.0
MI-Peak 64.0 10.0 35.0
SLOT 64.2 20.0 35.0
SRGen 69.4 20.0 37.0

DS-R1-Qwen-7B

CoT 85.6 40.0 48.0
MI-Peak 87.0 50.0 46.0
SLOT 85.0 46.7 49.0
SRGen 87.2 53.3 48.0

DS-R1-Llama-8B

CoT 80.4 43.3 42.0
MI-Peak 81.8 40.0 43.0
SLOT 84.4 43.3 45.0
SRGen 84.8 46.7 46.0

erated tokens, and we use greedy decoding for all433

settings to remove randomness. Figure 2 shows re-434

sults as we vary the processed data amount. Across435

the full range, SRGen closely tracks the baseline436

in both runtime and token consumption. The time437

overhead remains limited and increases smoothly438

with the processed data amount, while the token439

count stays comparable to the base model. In con-440

trast, Self-Refine incurs substantially higher cost,441

with noticeably steeper growth in both runtime442

and tokens as the processed data amount increases.443

These results indicate that SRGen improves perfor-444

mance while maintaining efficient inference, and445

it avoids the large efficiency degradation observed446

with Self-Refine.447

5.4 Cons@k and Pass@k448

Using Qwen2.5-Math-7B on AMC and MATH500, we449

further examine how Cons@k and Pass@k change450

with increasing k after applying SRGen. Detailed451

results are shown in Figure 3. When SRGen-452

enhanced samples are used for self-consistency vot- 453

ing, Cons@k remains consistently higher than the 454

base model as k grows, whereas Pass@k gradually 455

converges to the base model. These trends indicate 456

that self-reflective generation in SRGen reduces 457

the probability of reasoning errors and improves 458

single-pass accuracy, thereby producing higher- 459

quality candidates for self-consistency and boost- 460

ing Cons@k. Importantly, the reflection mechanism 461

in SRGen does not diminish the exploratory capac- 462

ity of the model: it primarily reduces mistakes by 463

reweighting uncertain tokens, correcting erroneous 464

traces while leaving correct ones intact. Taken to- 465

gether, these results suggest that SRGen is a promis- 466

ing plug-in for achieving higher single-pass accu- 467

racy or more sample-efficient self-consistency. 468

5.5 Orthogonality: Integration with Related 469

Methods 470

Figure 4: Performance of SLOT, SRGen, and their
combination for Qwen2.5-Math-7B across the AMC,
MATH500, and AIME2024 benchmarks.

Building on our initial results showing that 471

SRGen can pair with diverse training paradigms 472

and further improve models post-training, we 473

next provide stronger evidence of its orthogonal- 474

ity and potential synergy by combining it with a 475

method from the same family. Specifically, we 476

adopt SLOT, a representative test-time optimiza- 477

tion approach. During inference, SLOT optimizes 478

a sample-specific vector δSLOT over the prompt- 479

processing stage and injects it into the hidden states 480

of the model to steer generation. All experiments 481

are conducted on the Qwen2.5-Math-7B model, 482
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Figure 5: Critical tokens identified by the dynamic entropy monitor.

and we use greedy decoding throughout to ensure483

reproducibility.484

As shown in Figure 4, combining SLOT with SR-485

Gen further strengthens the reasoning ability of the486

model, with particularly pronounced gains on math-487

ematical tasks. On MATH500, the joint approach488

lifts Qwen2.5-Math-7B from 63.8% to 70.6%, out-489

performing either SLOT or SRGen used in isola-490

tion. On AMC, it improves performance from 35.0%491

to 38.0%, exceeding both SLOT (35.0%) and SR-492

Gen (37.0%). The synergy is even more evident493

on AIME2024, where the combined method boosts494

accuracy from 13.3% to 30.0%, substantially out-495

performing either SLOT or SRGen alone (both at496

20.0%). These results provide additional evidence497

that SRGen498

5.6 Critical Token Identified499

In this section, we analyze which tokens500

are flagged by our dynamic entropy moni-501

tor. We run DeepSeek-R1-Distill-Qwen-7B and502

DeepSeek-R1-Distill-Llama-8B on MATH500503

and GPQA, and collect tokens whose next-token un-504

certainty exceeds an adaptive threshold. Figure 5505

reports the aggregated frequencies.506

Across both models and benchmarks, the most507

frequent tokens are mainly function words and dis-508

course connectives, including the, so, but, that,509

perhaps, maybe, let, if, and for. These tokens510

often appear near clause boundaries and decision511

points in the chain of thought, where the model512

chooses between plausible continuations such as513

introducing a new premise, changing direction, or514

committing to the next step. As a result, uncer-515

tainty spikes are more likely to occur on tokens516

that guide the reasoning trajectory, rather than on517

content tokens that only add details.518

This pattern supports our design choice. A sim-519

ple dynamic threshold tends to surface high-impact520

connective tokens, which provides meaningful in-521

tervention points without spending computation on522

low-value positions. In practice, concentrating in-523

ner updates on this compact set keeps optimization 524

stable and efficient. Early in the updates, the cross- 525

entropy term and the entropy-reduction term often 526

push in similar directions, improving both confi- 527

dence and consistency with the current context. As 528

updates continue, the two objectives may start to 529

conflict. The weight λ then controls the trade-off 530

between fitting the current context and reducing 531

uncertainty at each triggered step. 532

Overall, Figure 5 suggests that entropy-guided, 533

token-aware intervention targets the specific junc- 534

tures that most strongly influence downstream rea- 535

soning. This helps explain the consistent gains 536

we observe across models and benchmarks, while 537

keeping the overhead modest and bounded. 538

6 Conclusion 539

We introduce Self-Reflective Generation at Test 540

Time (SRGen), a lightweight, plug-and-play frame- 541

work that performs token-level self-reflection only 542

at critical tokens detected by dynamic uncertainty 543

monitoring. When triggered, a brief self-reflective 544

optimization learns an on-the-fly correction vector 545

δ and injects it into the hidden state under a hybrid 546

loss LSRGen to reduce predictive uncertainty while 547

preserving contextual fidelity. Across challeng- 548

ing benchmarks spanning mathematical reasoning, 549

general reasoning, and code generation, SRGen 550

improves accuracy with small additional inference 551

time and yields more effective self-consistency vot- 552

ing without harming exploration. SRGen is practi- 553

cal: it strengthens reasoning and generation across 554

model architectures and training paradigms and 555

composes with other test-time methods, making it 556

a promising inference-time plug-in for more reli- 557

able LLM generation. 558

Moreover, the effectiveness of SRGen further 559

validates the importance of critical tokens in the 560

model’s reasoning process, suggesting that appro- 561

priately intervening on these tokens can effectively 562

improve reasoning performance 563
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Limitations564

In this section, we discuss several potential limi-565

tations of SRGen. First, SRGen intervenes during566

generation based on an uncertainty signal and per-567

forms online optimization of the corrective vector568

at each trigger point. This typically requires access569

to the model’s hidden states and gradient infor-570

mation. As a result, SRGen is most suitable for571

controllable open-weight or white-box inference572

settings, and it may be difficult to deploy in sce-573

narios that only provide a text-only interface or574

a restricted inference stack. Second, SRGen re-575

lies on a dynamic threshold to identify uncertain576

positions. As shown in Section 5.6, this strategy577

can effectively capture key junctions in the rea-578

soning process, and intervening at these positions579

leads to consistent gains. However, the current580

method for identifying such critical points still has581

substantial room for improvement. Future work582

could explore stronger position-selection strategies583

so that SRGen can target more precise and infor-584

mative locations. Third, our method introduces585

several additional hyperparameters. In Appendix586

G, we show that SRGen is relatively stable across587

different hyperparameter choices and we provide588

a general default configuration. Nevertheless, the589

hyperparameters that yield the best performance590

may vary across models and tasks. For settings that591

require peak performance, future work may study592

efficient tuning on a small validation set, or develop593

adaptive hyperparameter schemes to improve the594

applicability of SRGen.595

Ethical Considerations596

Our method aims to incorporate self-reflective de-597

cision making into the model’s generation process598

and can be easily integrated as a test-time technique.599

It does not create new datasets or train new models600

and introduce additional risks related to discrimi-601

nation, bias, exploitation, human rights violations,602

or other ethical concerns.603
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A Related Work797

Self-Reflection in LLMs. Self-reflection seeks to798

move LLMs from impulsive first-pass outputs to799

more deliberative and accurate responses. Existing800

approaches largely fall into two categories. (1) Post801

hoc iterative refinement. These methods use multi-802

stage inference pipelines: the model first drafts803

an answer, then critiques it, and finally revises it804

based on its own feedback (Shinn et al., 2023; Yu805

et al., 2024; Yuksekgonul et al., 2024; Li et al.,806

2025). Frameworks such as Self-Refine (Madaan807

et al., 2023) formalize the generate, critique, and808

refine loop. While effective, they incur substan-809

tial latency and computational overhead because810

they require multiple full forward passes. (2) Train-811

ing for intrinsic self-correction. This line embeds812

self-correction directly in the parameters, typically813

via fine-tuning on corrective data or reinforcement814

learning (RL) (Bai et al., 2022; Hu et al., 2024;815

Kumar et al., 2024; Moskvoretskii et al., 2025).816

Such models can produce refined outputs in a sin-817

gle pass but demand extensive and costly training.818

SRGen offers a distinct alternative that operates at819

test time. It avoids the high overhead of iterative820

methods by requiring neither auxiliary LLM calls821

for feedback nor the generation of multiple com-822

plete outputs. Operating at the token level. SRGen823

is a lightweight method and can be synergistically824

combined with both training-based and post-hoc825

self-reflection approaches.826

Identifying and Leveraging Critical Tokens.827

Recent work rests on the observation that tokens828

are not equally informative (Lin et al., 2025). Stud-829

ies identify “critical” or “pivotal” tokens that mark830

decision points along a reasoning path and leverage831

them in several ways. (1) Guiding training: policy832

gradients are applied selectively at high-entropy833

positions to focus learning (Wang et al., 2025; Vas-834

soyan et al., 2025). (2) Triggering exploration:835

critical tokens act as branching points for sampling836

diverse reasoning paths (Zheng et al., 2025; Zhu837

et al., 2025) or for localized iterative refinement838

that probes the solution space more deeply (Qian839

et al., 2025). (3) Pruning search: low-confidence840

tokens trigger the removal of less promising paths841

within self-consistency frameworks (Fu et al., 2025;842

Taubenfeld et al., 2025; Zhou et al., 2025). We843

introduce a new paradigm for the use of critical844

tokens. SRGen employs them as real-time triggers845

for a corrective intervention directly on the model’s846

hidden state. This allows for an on-the-fly steer-847

ing of a single generation path, a fundamentally 848

different and more direct mechanism than prior art. 849

Test-Time Scaling. To improve performance 850

without costly retraining, a range of methods in- 851

crease computation at test time. These approaches 852

fall into two broad strategies. The first generates 853

multiple reasoning paths and selects an outcome via 854

voting or scoring. This includes producing multiple 855

complete solutions, as in self-consistency (Wang 856

et al., 2022; Singhi et al., 2025), or exploring a 857

tree or graph of intermediate steps, as in Tree-of- 858

Thoughts and its variants (Yao et al., 2023; Bi et al., 859

2024; Teng et al., 2025). The second intervenes 860

within a single decoding process. Prompt-based 861

techniques such as chain of thought (Wei et al., 862

2022) elicit more deliberative reasoning. More 863

directly, methods adjust the model’s internal com- 864

putations during a single pass, e.g., DoLa (Chuang 865

et al., 2023) contrasts layer logits to steer decod- 866

ing and SLOT (Hu et al., 2025) injects a sample- 867

specific vector into the hidden states to steer gen- 868

eration globally and indirectly encourages longer 869

reasoning by suppressing the EOS token. SRGen 870

advances the second strategy with a fine-grained, 871

dynamic intervention. Whereas SLOT applies a 872

static, sample-level vector throughout decoding, 873

SRGen computes a token-level corrective vector δ 874

on-the-fly at detected critical junctures. This tar- 875

geted adjustment adapts to the immediate context 876

and steers the reasoning process without branching 877

or multiple full passes. 878

B More Results 879

C Theorems and proofs 880

C.1 Proof of Thm. 1 881

Statement. Fix a trade-off parameter λ ∈ (0, 1). 882

Let 883

Fλ(δ) ≜ (1− λ)LCE(δ) + λLAEM(δ), 884

where LCE and LAEM are defined in the main text 885

(§ 3.3) on the current prefix y<t with the same 886

correction vector δ injected as in Eq. 4. Let δ⋆ ∈ 887

argminδ Fλ(δ) be any minimizer. Then δ⋆ also 888

solves the constrained problem 889

min
δ

LAEM(δ) s.t. LCE(δ) ≤ ε, (11) 890

with the implicitly induced tolerance ε ≜ 891

LCE(δ
⋆). 892

Proof. Let ε = LCE(δ
⋆). By construction, δ⋆ is 893

feasible for (11) with the constraint held at equality. 894
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Suppose, for contradiction, that δ⋆ is not an opti-895

mizer of (11); then there exists a feasible δ̂ with896

LCE(δ̂) ≤ ε and LAEM(δ̂) < LAEM(δ⋆). Consider897

the hybrid objective values:898

Fλ(δ̂) = (1− λ)LCE(δ̂) + λLAEM(δ̂)

≤ (1− λ)ε+ λLAEM(δ̂)

< (1− λ)ε+ λLAEM(δ⋆)

= Fλ(δ
⋆).

(12)899

which contradicts the optimality of δ⋆ for Fλ.900

Hence no feasible point can achieve a strictly901

smaller LAEM under the tolerance LCE ≤ ε, and δ⋆902

solves (11).903

Lagrangian view and the λ–α mapping. The904

constrained problem (11) has Lagrangian905

L(δ, α) = LAEM(δ)+α
(
LCE(δ)−ε

)
, α ≥ 0.906

For any fixed α ≥ 0, minimizing L over δ is, up to907

an additive constant−αε, equivalent to minimizing908

the weighted sum LAEM(δ)+αLCE(δ). Identifying909

weights gives the bijection910

λ =
1

1 + α
, 1− λ =

α

1 + α
, α =

1− λ

λ
.911

Therefore, the hybrid loss Fλ is exactly a rescaled912

Lagrangian with dual variable α = 1−λ
λ . Under913

standard regularity ensuring KKT optimality (e.g.,914

existence of a primal optimum and either convexity915

with Slater’s condition or other sufficient condi-916

tions for strong duality), any primal-dual optimal917

pair (δ⋆, α⋆) of (11) also minimizes a weighted918

sum, and the mapping above recovers λ from α⋆.919

This provides the converse direction under mild920

assumptions: for a given active tolerance ε, an ap-921

propriate choice of λ (equivalently, α) recovers the922

same optimizer δ⋆.923

Pareto-optimality interpretation. Consider the924

bi-objective vector G(δ) ≜
(
LCE(δ), LAEM(δ)

)
.925

By the proof above, any minimizer δ⋆ of Fλ with926

λ ∈ (0, 1) is Pareto-optimal: if there existed δ̂927

with G(δ̂) ⪯ G(δ⋆) and one component strictly928

smaller, it would violate the optimality of δ⋆ for Fλ.929

Hence the hybrid loss selects points on the Pareto930

front of the two desiderata “contextual fidelity” and931

“uncertainty reduction.” In particular, the induced932

tolerance ε = LCE(δ
⋆) characterizes the specific933

frontier point attained.934

On the λ↔ ε trade-off. Intuitively, larger λ935

increases the relative price on LAEM and relaxes936

the pressure on LCE, thus tending to yield solutions937

with lower LAEM and (weakly) higher LCE (i.e., a 938

looser fidelity tolerance). Formally, consider any 939

0 < λ1 < λ2 < 1 with corresponding minimizers 940

δ1, δ2. Optimality implies 941

Fλ1(δ1) ≤ Fλ1(δ2), Fλ2(δ2) ≤ Fλ2(δ1). 942

Writing Fλ = (1−λ)LCE+λLAEM and rearranging 943

yields the weighted trade-off bounds: 944

1− λ1

λ1

[
LCE(δ1)− LCE(δ2)

]
≤ LAEM(δ2)− LAEM(δ1)

≤ 1− λ2

λ2

[
LCE(δ1)− LCE(δ2)

]
.

(13) 945

Thus the relative weights (1− λ)/λ govern the 946

paired improvements: as λ increases (placing more 947

emphasis on LAEM), the achievable decrease in 948

LAEM per unit increase in LCE becomes tighter. In 949

strictly convex or uniqueness regimes this typically 950

induces a monotone path ε(λ) = LCE(δλ) that is 951

nondecreasing in λ.1 952

Boundary cases and feasibility. When λ→ 1 953

(α → 0), Fλ approaches LAEM, i.e., the uncon- 954

strained entropy-minimization objective. The in- 955

duced tolerance becomes ε = LCE(δ
⋆) for an 956

LAEM-minimizer δ⋆, so the constraint is tight (ac- 957

tive at equality) in this mapping. When λ → 0 958

(α → ∞), Fλ emphasizes LCE and the solution 959

tends to minimize contextual distortion subject to 960

making any progress on LAEM; operationally this 961

corresponds to a nearly “hard” fidelity constraint. 962

Existence of minimizers. Both LCE and LAEM 963

in our setting are nonnegative and continuous in 964

δ (they are compositions of smooth maps: affine 965

shift in logits, softmax, entropy, and prefix NLL). 966

Thus Fλ is lower-bounded by 0 and continuous. 967

If argminFλ fails to exist on Rd due to lack of 968

coercivity, it suffices (and is standard at test time) 969

to either: (i) restrict δ to a compact trust region 970

{∥δ∥ ≤ R}, or (ii) add a tiny quadratic regularizer 971
γ
2∥δ∥

2 (this does not affect the equivalence to (11) 972

because the same regularizer can be added to both 973

the constrained and weighted formulations). Un- 974

der either modification, a minimizer exists and the 975

above arguments apply verbatim. 976

Joint-Descent Lemma. If the gradients form 977

an acute angle, i.e., ⟨∇LCE(δ), ∇LAEM(δ)⟩ > 0, 978

1We avoid global convexity claims for LAEM; the suffi-
ciency result above does not require convexity. In practice,
a unique local minimizer selected by a deterministic inner
optimizer makes the λ-path stable.
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then for any λ ∈ (0, 1) and sufficiently small η > 0,979

the update980

δ+ = δ − η
[
(1− λ)∇LCE(δ) + λ∇LAEM(δ)

]
981

strictly decreases both objectives to first order.982

Proof. Directional derivatives give983

d

dη
LCE(δ

+)
∣∣
η=0

= −
[
(1− λ)∥∇LCE∥2 + λ⟨∇LCE,∇LAEM⟩

]
< 0.

(14)984

d

dη
LAEM(δ+)

∣∣
η=0

= −
[
λ∥∇LAEM∥2 + (1− λ)⟨∇LAEM,∇LCE⟩

]
< 0.

(15)985

where both inequalities use the acute-angle assump-986

tion. □987

Takeaway for SRGen. The proof establishes988

that the SRGen loss is not an ad-hoc blend: it is pre-989

cisely a Lagrangian relaxation of the constrained990

goal “reduce uncertainty while keeping contextual991

fidelity within tolerance.” Therefore λ is an inter-992

pretable knob: it implicitly sets the fidelity toler-993

ance ε = LCE(δ
⋆) and moves SRGen along the994

fidelity–confidence Pareto frontier. In practice (cf.995

Fig. 5 in the main text), small but nonzero λ often996

works well, reflecting a regime where fidelity is997

enforced strongly while still reaping entropy reduc-998

tions at high-uncertainty points.999

D Algorithm of SRGen1000

Explanation Alg. 1. L1–2 Inputs/outputs and hy-1001

perparameters. k controls trigger sensitivity; N is1002

the entropy history window; λ balances contextual1003

fidelity vs. entropy minimization; T, η set the inner-1004

loop budget; τ is the decoding temperature. L3 Ini-1005

tialize the sequence and a ring buffer E to maintain1006

recent entropies for on-the-fly calibration. This en-1007

ables model/temperature/position-agnostic trigger-1008

ing. L4–6 At each step, obtain the last hidden state1009

ht−1, project to logits z, and compute predictive en-1010

tropy Et=H(softmax(z/τ)). L7 Dynamic trigger:1011

activate reflection iff Et significantly exceeds the1012

local baseline via Et > µ(E)+k σ(E), where µ, σ1013

are rolling stats over the last N steps. L8–9 Enter1014

a short inner optimization while freezing M,W1015

and optimizing a transient correction vector δ only1016

Algorithm 1 SRGen: Self-Reflective Generation
1: Input: pre-trained model M with head W ;

prompt x0
Hyperparameters: k (sensitivity), N (win-

dow size), λ (loss weight), T (steps), η (lr), τ
(temperature)

2: Output: generated sequence y
3: y ← (), t← 1, E ← empty ring buffer of size

N
4: while EOS not generated and |y| <

MAX_LENGTH do
5: ht−1 ←M(x0:t) ▷ last hidden state for

current context
6: z ← W ht−1; Et ←

Entropy(softmax(z/τ))
7: if |E| = N and Et > µ(E) + k σ(E) then

▷ dynamic trigger
8: δ ← 0
9: for i = 1 to T do ▷ inner optimization

of δ
10: LCE ← −

∑t−2
j=0 log p(xj+1 |

x0:j , δ)
11: LAEM ← −

∑
v∈V p(v |

x0:t, δ) log p(v | x0:t, δ)
12: L ← (1− λ)LCE + λLAEM

13: δ ← δ − η∇δL
14: end for
15: z ←W (ht−1 + δ) ▷ modify only the

last state at sampling
16: end if
17: yt ∼ softmax(z/τ); y ← y ⊕ yt;

x0:t+1 ← x0:t ⊕ yt; t← t+ 1
18: push Et into E and keep the most recent N
19: end while
20: return y

when needed. L10 Retrospective context loss LCE 1017

preserves prefix fidelity by applying the same δ 1018

to historical states when computing teacher-forced 1019

likelihood of xj+1. L11 Anticipatory entropy mini- 1020

mization LAEM sharpens the current predictive dis- 1021

tribution to reduce uncertainty at the flagged token. 1022

L12 Hybrid objective (1−λ)LCE + λLAEM trades 1023

off stability and decisiveness; small λ avoids col- 1024

lapse while still decreasing entropy. L13 Update δ 1025

with a few small steps (T typically ≤ 5), keeping 1026

overhead bounded. L15 Inject δ only at the current 1027

step for sampling; historical injection appears only 1028

inside the loss terms, so past tokens are not altered. 1029

L17–20 Sample, update the context and entropy 1030

buffer, and continue until EOS or length limit. 1031
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E Prompt Used1032

To facilitate reproducibility, we provide the system1033

prompt used in our benchmark evaluations.1034

AIME2024 and AIME2025

You are a helpful assistant. Solve the
following math problem efficiently and
clearly. The last line of your response
should be of the following format: ’There-
fore, the final answer is:

$\\boxed{{ANSWER}}$

I hope it is correct’ (without quotes) where
ANSWER is just the final number that
solves the problem. Think step by step
before answering.

1035

MATH500 and HMMT2025 and AMC

Solve the following math problem effi-
ciently and clearly. The last line of your
response should be of the following format:
’Therefore, the final answer is:

$\\boxed{{ANSWER}}$

I hope it is correct’ (without quotes) where
ANSWER is just the final number or ex-
pression that solves the problem. Think
step by step before answering.

1036

GPQA

You are a helpful assistant. A conversation
between User and Assistant. The user asks
a question, and the Assistant solves it. The
Assistant first thinks about the reasoning
process in the mind and then provides the
user with the answer. Answer the follow-
ing multiple choice question. The last line
of your response should be of the follow-
ing format: ’Answer: $LETTER’ (without
quotes) where LETTER is one of ABCD.
Think step by step before answering.

1037

EvalPlus

Please provide a self-contained Python
script that solves the following problem
in a markdown code block:

1038

F Entropy Analysis 1039

A fixed entropy threshold does not generalize 1040

across models, temperatures, or positions in the 1041

same sequence. Figures 6a (T=0) and 6b (T=0.6) 1042

show large differences in the scale and variance of 1043

token-level entropy across architectures and post- 1044

training regimes. For example, at T=0 the final- 1045

step entropy ranges from ≈ 2× 10−4 for Qwen2.5- 1046

Math-7B to ≈ 0.66 for Qwen3-32B. At T=0.6 1047

the final-step entropy is ≈ 0.0002 (Qwen2.5-Math- 1048

7B), ≈ 0.3145 (DeepSeek-R1-Distill-Llama-8B), 1049

≈ 0.0918 (DeepSeek-R1-Distill-Qwen-7B), and 1050

≈ 0.0011 (Qwen3-32B). Sequence lengths also 1051

vary widely (e.g., ∼11,174 steps for DeepSeek-R1- 1052

Distill-Llama-8B versus ∼780 for Qwen3-32B at 1053

T=0.6), and within a sequence the baseline entropy 1054

drifts while sharp local spikes persist. Under any 1055

fixed threshold τ , low-entropy models would rarely 1056

trigger (missed high-risk segments), whereas high- 1057

entropy models would trigger excessively (many 1058

false positives); temperature changes further skew 1059

the trigger rate. 1060

To handle these distribution shifts, SRGen uses 1061

a dynamic threshold based on a rolling estimate 1062

of the local entropy distribution. At step t, with 1063

predictive entropy Ht, we compute the mean µt 1064

and standard deviation σt over a history window of 1065

length N , and set 1066

τt = µt + k σt, trigger if Ht ≥ τt. (16) 1067

This adaptive rule calibrates to each model, tem- 1068

perature, and stage of decoding: it detects rela- 1069

tive spikes in low-entropy models, avoids always- 1070

on firing in high-entropy models, and tracks non- 1071

stationary drift along the reasoning trajectory. The 1072

trajectories in Figures 6a and 6b illustrate that the 1073

rule consistently activates on local high-risk seg- 1074

ments, enabling proactive test-time intervention 1075

without extra decoding passes. 1076

G Hyperparameter Ablation Study 1077

We perform an ablation study to examine the key 1078

hyperparameters of SRGen. Specifically, we vary 1079

iterations (the number of gradient steps used to op- 1080

timize δ), learning rate (the step size for updating 1081

δ), the balancing coefficient λ, and the two param- 1082

eters of our dynamic-entropy monitoring module: 1083

history window size N and standard-deviation 1084

multiplier k. To clearly reveal performance trends 1085

while keeping computation manageable, we evalu- 1086

ate on the first 100 instances of the MATH500 bench- 1087
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(a) Entropy trajectories of different models (temperature = 0)

(b) Entropy trajectories of different models (temperature =
0.6)

Figure 6: Entropy trajectories of different models (tem-
perature = 0 and 0.6).

mark. All experiments use the Qwen2.5-Math-7B1088

with greedy decoding.1089

Table 4: Effects of iterations and learning rate.
Iterations=0 corresponds to the baseline (original
model). The balancing hyperparameter λ is fixed to
0.05.

lr Iterations

0 1 3 5 7 9

0.01 64.0 71.0 70.0 72.0 70.0 71.0
0.05 64.0 72.0 71.0 71.0 71.0 71.0
0.10 64.0 71.0 71.0 71.0 71.0 71.0

As shown in Table 4, varying the number of1090

optimization iterations and the learning rate within1091

reasonable ranges yields only minor changes in1092

performance. Across all hyperparameter settings1093

in our ablation, accuracy remains stable at roughly1094

71% (± 1%), indicating that SRGen is relatively1095

insensitive to these choices.1096

Figure 7 shows even at the extremes (λ = 0,1097

disabling entropy minimization; λ = 1, disabling1098

cross-entropy), SRGen yields substantial gains over1099

the baseline, reinforcing our claim that targeted1100

intervention on critical tokens is effective. The1101

strongest performance arises when both losses are1102

used, indicating synergy and motivating careful cal- 1103

ibration of λ. In practice, small λ values that place 1104

greater weight on the cross-entropy term work best; 1105

for example, λ = 0.05 performs consistently well 1106

across our tests. Varying N and k, we observe that 1107

a small N fails to capture the recent entropy trend, 1108

whereas an overly large N becomes unrepresen- 1109

tative by incorporating too many outliers. Choos- 1110

ing N ∈ [25, 40] better tracks short-horizon en- 1111

tropy dynamics. For k, smaller values flag more 1112

tokens as uncertain, leading to abnormally high 1113

trigger counts and reduced efficiency and reflect- 1114

ing on too many tokens yields little additional gain 1115

while risking disruption of correct reasoning by per- 1116

turbing high-confidence tokens. Conversely, very 1117

large k misses many critical tokens. Values around 1118

k ∈ [2.5, 4] strike a balance: they identify criti- 1119

cal tokens broadly while keeping triggers modest, 1120

yielding larger improvements. 1121

H Loss in training 1122

We analyze the loss-reduction dynamics observed 1123

during optimization, providing empirical guidance 1124

for selecting the learning rate. SRGen is a method 1125

for rapid, on-the-fly optimization at test time. 1126

Using Qwen2.5-Math-7B and DeepSeek-R1- 1127

Distill-Qwen, we perform up to 1000 inner-loop 1128

updates on the correction vector δ at a single uncer- 1129

tainty trigger, and report the resulting loss curves 1130

in Figure 8a and 8b. The curves show that larger 1131

learning rates are well suited to our on-the-fly pro- 1132

cedure: they drive the objective down quickly and 1133

reach a stable plateau, whereas smaller learning 1134

rates converge slowly (or stall), making them im- 1135

practical for real-time adaptation at inference. With 1136

a properly chosen learning rate, only a handful of 1137

inner steps is required to achieve a substantial loss 1138

reduction, which justifies our choice of few-step 1139

updates and preserves the efficiency of test-time op- 1140

timization without introducing noticeable latency. 1141

We further plot the trajectories of the CE loss and 1142

the entropy-minimization loss as a function of inner 1143

steps (Figures 9a and 9b). For small step counts, 1144

both losses drop together and the points lie roughly 1145

along the diagonal. This is the joint-descent 1146

regime predicted by our analysis: when ∇LCE 1147

and ∇LAEM form an acute angle, a step along the 1148

hybrid direction −
[
(1 − λ)∇LCE + λ∇LAEM

]
1149

decreases both objectives (Appendix C.1, Joint- 1150

Descent Lemma). As optimization proceeds, the 1151

trajectories bend and spread, indicating that the 1152
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Figure 7: Ablation analysis of the balancing parameter λ, window size N , and standard-deviation multiplier k.

(a) Loss curves of Qwen2.5-Math-7B.

(b) Loss curves of DeepSeek-R1-Distill-Qwen.

Figure 8: Loss curves of different models.

gradients become increasingly antagonistic and the1153

iterates approach the Pareto frontier described by1154

Theorem 1, where improving one objective requires1155

paying with the other.1156

The role of λ also matches the Lagrangian view:1157

larger λ corresponds to a smaller dual weight on1158

CE, α = (1− λ)/λ, hence a looser implicit toler-1159

ance ε. Empirically, this shifts the early trajectory1160

toward the entropy axis, updates first prioritize re-1161

ducing LAEM while LCE stalls, so more inner steps1162

are required before contextual fitting starts to re-1163

duce CE. In the extreme, an over-aggressive λ can1164

drive rapid entropy reduction that distorts the token1165

probability distribution, sometimes causing entropy1166

collapse and ultimately harming efficiency and final1167

quality. Taken together, these plots align with the1168

theory and motivate using small but nonzero λ (or1169

an adaptive schedule) to remain in the joint-descent 1170

regime before trading off along the frontier. 1171

I Case Study 1172

We provide two examples to illustrate how SRGen 1173

affects the generation process. To ensure that any 1174

differences are attributable solely to SRGen, we run 1175

Qwen2.5-Math-7B with greedy decoding and high- 1176

light the first divergence point. The blue-shaded 1177

span marks tokens identical to the baseline (without 1178

SRGen); the first token immediately after the blue 1179

region is the token altered by SRGen. In both ex- 1180

amples, the reasoning path before the change leads 1181

to an incorrect answer, whereas the path after the 1182

changed token ultimately yields the correct result. 1183
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(a) Cross-entropy loss and entropy-minimization loss vs. steps
under different learning rates (Qwen2.5-Math-7B)

(b) Cross-entropy loss and entropy-minimization loss vs. steps
under different learning rates (DeepSeek-R1-Distill-Qwen)

Figure 9: Cross-entropy/entropy-minimization losses
vs. steps under different learning rates.

Example 1

Query
The sum of the first N positive odd numbers
is 121. What is the value of N?

Original Response
The sum of the first N positive
even numbers is 110. What is the value of
N? (Hint: The sum of the first N positive
even numbers is N(N + 1).) Therefore, the
answer is 10.

Self-Reflective Response
The sum of the first N positive
odd numbers is given by the formula N2.
So, we need to find N such that N2 = 121.
Taking the square root of both sides, we get
N =

√
121 = 11. Therefore, the value of

N is 11.
1184

Example 2

Query
There exist constants a, b, c, and d such that
(sinx)7 = a sin 7x + b sin 5x + c sin 3x +
d sinx for all angles x. Find d.

Original Response
To solve the problem, we need to express
(sinx)7 in terms of sin 7x, sin 5x, sin 3x,
and sinx. We can use the multiple angle
formulas and the binomial theorem to ex-
pand (sinx)7.
The steps are as follows: 1. Use the iden-
tity sinx = (eix − e−ix)/(2i) to express
(sinx)7. 2. Expand the expression using the
binomial theorem. 3. Simplify the expres-
sion to find the coefficients.
Let’s implement this in Python using
sympy... The coefficient of sinx in the
expansion of (sinx)7 is 0. Therefore, the
value of d is 0.

Self-Reflective Response
To solve the problem, we need to express
(sinx)7 in terms of sin 7x, sin 5x, sin 3x,
and sinx. We can use the multiple angle
formulas and the binomial theorem to ex-
pand (sinx)7.
First, we use the Euler identity to express
(sinx)7: (sinx)7 = ((eix − e−ix)/2i)7

Expanding this using the binomial theo-
rem, we get: (sinx)7 = (1/(2i)7) ∗∑7

k=0

(
7
k

)
(eix)7−k(−e−ix)k

Simplifying the powers, this can be writ-
ten as: (sinx)7 = (1/(2i)7) ∗ (e7ix −
7e5ix+21e3ix−35eix+35e−ix−21e−3ix+
7e−5ix − e−7ix)
Grouping terms to use the identity eix −
e−ix = 2i sinx: (sinx)7 = (1/(2i)7) ∗
[(e7ix−e−7ix)−7(e5ix−e−5ix)+21(e3ix−
e−3ix)− 35(eix − e−ix)]
This simplifies to: (sinx)7 = (1/(2i)7) ∗
[2i sin 7x − 7(2i sin 5x) + 21(2i sin 3x) −
35(2i sinx)]
Factoring out 2i and noting that (2i)6 =
−64: (sinx)7 = (−1/64) ∗ (sin 7x −
7 sin 5x+ 21 sin 3x− 35 sinx)
Thus, the coefficients are: a = −1/64, b =
7/64, c = −21/64, and d = 35/64.
Therefore, the final answer is 35/64.

1185
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J LLM Usage1186

Large Language Models (LLMs) were used to aid1187

in the writing and polishing of the manuscript.1188

Specifically, we used an LLM to assist in refin-1189

ing the language, improving readability, and ensur-1190

ing clarity in various sections of the paper. The1191

model helped with tasks such as sentence rephras-1192

ing, grammar checking, and enhancing the overall1193

flow of the text.1194

It is important to note that the LLM was not1195

involved in the ideation, research methodology, or1196

experimental design. All research concepts, ideas,1197

and analyses were developed and conducted by the1198

authors. The contributions of the LLM were solely1199

focused on improving the linguistic quality of the1200

paper, with no involvement in the scientific content1201

or data analysis.1202

The authors take full responsibility for the con-1203

tent of the manuscript, including any text generated1204

or polished by the LLM. We have ensured that the1205

LLM-generated text adheres to ethical guidelines1206

and does not contribute to plagiarism or scientific1207

misconduct.1208
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