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Abstract001

Despite recent advances in Reinforcement002
learning with verifiable rewards (RLVR) for003
large language model (LLM) reasoning, most004
methods suffer from exploration collapse, as005
the semantic homogeneity of random rollouts006
traps models in narrow, over-optimized behav-007
iors. Existing methods leverage policy entropy008
to encourage exploration, but face inherent lim-009
itations: global entropy regularization is sus-010
ceptible to reward hacking, inducing meaning-011
less verbosity, whereas local token-selective012
updates struggle with the strong inductive bias013
of pre-trained models. To this end, we propose014
Latent Policy Optimization via Iterative In-015
formation Bottleneck (I2B-LPO), which shifts016
from statistical perturbation of token distribu-017
tions to topological branching of reasoning tra-018
jectories. I2B-LPO triggers latent branching019
at high-entropy states to diversify reasoning020
trajectories and applies the Information Bot-021
tleneck as a trajectory filter and self-reward022
to ensure concise and informative exploration.023
Empirical results on four mathematical bench-024
marks demonstrate that I2B-LPO achieves state-025
of-the-art performance, with margins of up to026
5.3% in accuracy and 7.4% in diversity met-027
rics. Code is available at https://anonymous.028
4open.science/r/Anonymous-code-2CDB/.029

1 Introduction030

Reinforcement learning with verifiable rewards031

(RLVR) has emerged as a key method for LLM rea-032

soning, particularly in tasks with deterministic ver-033

ification such as mathematics (DeepSeek-AI et al.,034

2025; Yang et al., 2024). This paradigm trains mod-035

els to rollout and differentiate between multiple rea-036

soning paths, reinforcing trajectories that lead to037

correct solutions while penalizing incorrect paths038

(Cheng et al., 2025). This contrastive approach has039

driven remarkable success across mathematical and040

broader reasoning tasks.041

Despite this success, RLVR methods can unin-042

tentionally cause exploration collapse (Jiang et al.,043

2025), where models converge on narrow, over- 044

optimized behaviors and lose their incentive to ex- 045

plore alternative strategies. This pathology stems 046

from the semantic homogeneity of random rollouts 047

(Ju et al., 2025). While these rollouts exhibit varia- 048

tions in surface phrasing, the underlying reasoning 049

rapidly degenerates into a few high-probability rea- 050

soning templates (Zhang et al., 2025a), i.e., they 051

share nearly identical reasoning patterns. Conse- 052

quently, comparing such homogeneous paths yields 053

vanishing advantage differentials and thus uninfor- 054

mative learning signals for policy optimization. 055

To mitigate this, policy entropy has been strate- 056

gically leveraged to encourage exploration (Wang 057

et al., 2025a). Existing approaches typically fall 058

into two paradigms. Entropy-regularization meth- 059

ods (Chao et al., 2024) directly maximize the en- 060

tropy of generated instances by globally smoothing 061

the token-wise probability distribution (Fig. 1(a)). 062

However, this global smoothing is susceptible to 063

reward hacking—incentivizing the model to gen- 064

erate semantically vacuous verbosity (Yao et al., 065

2024). As shown in Fig. 1(a), the model tends to 066

generate excessive meta-discourse irrelevant to the 067

problem. Conversely, token-selective methods (Cui 068

et al., 2025) amplify policy updates on high-entropy 069

tokens, locally sharpening the next-token distribu- 070

tion at critical positions (Fig. 1(b)). Yet, such 071

local sharpening struggles against the inductive 072

biases. High-entropy positions frequently corre- 073

spond to lexical ambiguity (e.g., synonym choice); 074

merely sharpening the distribution at these points 075

is insufficient to overcome the strong prior of pre- 076

trained models (Casper et al., 2023). Consequently, 077

both paradigms are confined to probabilistic pertur- 078

bations, lacking the capacity to induce structural 079

diversification in the reasoning process itself. 080

To address these limitations, this paper proposes 081

a fundamental paradigm shift: moving from sta- 082

tistical perturbation of token distributions to topo- 083

logical bifurcation of reasoning trajectories (Fig. 084
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Figure 1: Comparison of exploration paradigms in RLVR. (a) Entropy Regularization globally smooths the
probability distribution, leading to high-entropy yet meaningless verbosity. (b) Token-selective Methods locally
sharpen the distribution; synonym replacement at these isolated points cannot overcome inductive biases. (c)
I2B-LPO introduces topological branching via latent variables z, resulting in distinct reasoning trajectories (e.g.,
Differentiation-based R1 vs. Geometry-based R2).

1(c)). We introduce Latent Policy Optimization via085

Iterative Information Bottleneck (I2B-LPO), which086

triggers latent branching at high-entropy states to087

shatter inductive biases and utilizes information-088

theoretic constraints to curb reward hacking. As089

illustrated in Fig. 4, the method operates through090

two key mechanisms: (1) Entropy-driven Latent091

Branching utilizes a Conditional Variational Au-092

toencoder (CVAE) (Fang et al., 2021) to sample093

diverse latent variables zi at detected bifurcation094

(high-entropy states). Each zi serves as a struc-095

tural prompt, injected into the LLM’s attention096

layers, continually steering the trajectory of subse-097

quent reasoning. (2) Information Bottleneck Reg-098

ularization functions as a dual-purpose filter and099

self-reward. By quantifying the trade-off between100

rationale compression and predictive power (Lei101

et al., 2025a), the IB objective identifies compact,102

informative paths for policy updates while simulta-103

neously penalizing semantically vacuous verbosity.104

Empirical results demonstrate I2B-LPO’s SOTA105

performance in both reasoning accuracy and seman-106

tic diversity, without excessive generation length.107

The significant margins in accuracy (5.3%) and di-108

versity (7.4%) validate its efficacy in prompting109

exploration. The main contributions are summa-110

rized as follows: (1) Paradigm shifts from statis-111

tical token perturbation to topological trajectory112

branching. (2) Entropy-Driven Latent Branching113

explicitly restructures the reasoning topology to114

induce trajectory diversity. (3) Dual-Purpose IB115

uses it both as a trajectory filter and self-reward,116

favoring concise, informative reasoning. (4) SOTA117

performance in both accuracy and diversity without 118

excessive length. 119

2 Related Work 120

Entropy Regularization in RL Entropy, which 121

quantifies the dispersion of vocabulary distribu- 122

tion, reflects the predictive uncertainty of LLMs. 123

Thus, it’s strategically utilized to guide the ex- 124

ploratory behavior of LLMs (Chao et al., 2024). 125

Existing methods typically fall into two categories. 126

Token-selective methods target high-entropy to- 127

kens for selective updates (Wang et al., 2025a). 128

Regularization-based methods, such as concurrent 129

works by (Wang et al., 2025b) and (Cheng et al., 130

2025), incorporate an entropy regularizer directly 131

into the loss or advantage function. Most priors rely 132

on indiscriminate regularizer on the token distribu- 133

tion. Instead, we propose a paradigm shift towards 134

conditional branching for effective exploration. 135

3 Preliminary Analysis 136

Pivotal Decision Points. To validate whether en- 137

tropy signals pivotal reasoning steps, we sampled 138

prefixes conditioned on token-level entropy to sim- 139

ulate different exploration strategies via various de- 140

coding methods. Fig. 2 shows that in high-entropy 141

intervals (>2.5) hybrid strategy substantially outper- 142

forms baselines—a performance gap far larger than 143

in low-entropy regions (<1.0). This confirms high- 144

entropy states as natural decision points; branching 145

here unlocks exploration potential. 146

Verbosity without Gain. As shown in Fig. 3, when 147

applying standard GRPO, the accuracy plateaus 148
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Figure 2: Performance of various decoding strategies
trained on DeepMath. For each problem, we sample
truncation points across entropy intervals to simulate
varied exploration behaviors.

early while the response length continues to rise,149

accompanied by a growing 4-gram repetition rate150

(gray bars). This indicates that without additional151

guidance, the model tends to produce verbose and152

repetitive reasoning without genuine performance153

gains. Therefore, we introduce the IB self-reward154

to suppress such unproductive expansion.155

4 Methodology156

4.1 Problem Formulation157

Formally, let q denote input prompt, r the reasoning158

trajectory. We initialize the policy optimization159

with GRPO, starting with M initial rollouts Ro =160

{r1, . . . , rM}. I2B-LPO comprises two phases:161

• Entropy-driven Branching: For each base roll-162

out ri, we generate K distinct branches while163

retaining the original one. This yields a branch-164

ing set R = {ri,j | 1 ≤ i ≤ M, 1 ≤ j ≤ K+1},165

containing M × (K + 1) paths. Each path ri,j166

consists of a sequence of tokens (o1, . . . , oTi,j ).167

• IB-Pruning: we eliminate samples with low IB-168

scores from R, retaining a high-quality subset169

R∗ ∈ R such that |R∗| = N .170

4.2 Entropy-driven Latent Branching171

4.2.1 Entropy-Driven Bifurcation Detection172

For a given trajectory r = (o1, . . . , oT ), we iden-173

tify a “bifurcation point” t∗ ∈ {1, . . . , T} corre-174

sponding to a state of high uncertainty. The token-175

level entropy Ht at step t is computed as:176

Ht = −
∑
v∈V

P (v | q, o<t) logP (v | q, o<t), (1)177

where V is the vocabulary. Following, we select178

the top 5% highest-entropy steps as candidate Ω (τ :179

the 95th percentile of entropy history H):180

Ω = {t | Ht ≥ τ}, t∗ ∼ Uniform(Ω). (2)181

Figure 3: Accuracy and Response Length under GRPO.
Notably, gray bars denote 4-gram repetition rate.

Finally, we extract the prefix context ct∗ by concate- 182

nating the query q with the partial path preceding 183

the split ct∗ = [q, o1, . . . , ot∗−1]. 184

4.2.2 Latent Sampling via CVAE 185

Given the prefix ct∗ , we employ a separately trained 186

Conditional Variational Autoencoder (CVAE) 187

to sample latent variables z. Implementation of 188

CVAE is detailed in Appendix B. Formally, the 189

CVAE models the conditional distribution of a solu- 190

tion trajectory y given context via a latent variable: 191

p(y | x) =
∫
z

p(y | z, x) p(z | x) dz, (3) 192

where the prior network p(z | x) captures the 193

distribution of zi. During training, for each ri, we 194

sample K independent latent codes from prior: 195

z(j) ∼ p(z | ct∗), j = 1, . . . ,K. (4) 196

4.2.3 Latent-Guided Reasoning via PSA 197

This section explores how latent variables zj , gen- 198

erated by a CVAE, influence subsequent reason- 199

ing in LLMs. We employ Pseudo Self-Attention 200

(PSA), incorporating the latent code z ∈ Rd into 201

the self-attention mechanism at a per-layer basis. 202

The detailed injection is as follows: 203

• Phase 1: Adaptive Norm Modulation. The la- 204

tent code is projected and added to the learnable 205

scaling parameter of RMSNorm: 206

w′
l = wl + γ(t) · Projϕ(zj), (5) 207

where γ(t) is a dynamic decay factor that anneals 208

the latent influence over time. 209

• Phase 2: Augmented Self-Attention. The latent 210

code is further projected into modulation vectors 211

and concatenated with original keys and values: 212

K′
j =

[
zjK
K

]
, V ′

j =

[
zjV
V

]
∈ R(1+l)×d (6) 213
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via Latent Sampling and PSA Injection, which are depicted in the bottom section. (2) Information Bottleneck
Regularization applies IB as a dual-purpose filter and self-reward to ensure concise and informative exploration.

where the notation (·) indicates row-wise concate-214

nation. The enhanced attention is computed as:215

PSA(Q,K′
j , V

′
j ) = softmax

(
QK′T

j√
dk

)
V ′
j . (7)216

Thus, zi implicitly shifts features via RMSNorm217

and explicitly guides attention as a structural218

prompt, thereby steering the reasoning trajectory.219

4.3 Information Bottleneck Regularization220

4.3.1 IB Score: Theory and Computation221

This section formulates the IB score and its ap-222

proximation. We formulate LLM reasoning as an223

optimization trade-off between rationale compres-224

sion and its predictive power. Specifically, an225

optimal policy minimizes prompt retention while226

maximizing the informativeness of final answers:227

minLIB(r) = I(q; r)− βI(r; a), (8)228

where I(·; ·) denotes Mutual Information (MI).229

The MI between r and a can be decomposed as:230

I(r; a) = H(r)−H(r | a), (9)231

where H(·) denotes entropy. Eq. 9 implies that232

maximizing I(r; a) balances exploration (diversity233

H(r)) and precision (low ambiguity H(r|a)).234

Formally, we define SIB(r) ≡ −LIB(r) at the 235

trajectory-level, where higher values indicate a bet- 236

ter balance between compression and informative- 237

ness. Based on the derivation in Appendix. C, we 238

approximate the SIB(r) as: 239

SIB(r) =
1

T

T∑
t=1

(
log π(ot | o<t, q) + λ ·H(ot | o<t, q)

)
=

1

T

T∑
t=1

AtH(ot | o<t, q), (10)

240

where T is the response length. H(ot | o<t, q) 241

and At denote the policy entropy and advantage 242

function at step t, respectively. 243

4.3.2 IB-Guided Pruning and Optimization 244

Given the candidate set R derived from entropy- 245

driven branching, we refine the pool of reasoning 246

paths by retaining the top-N trajectories based on 247

their IB scores. Formally, obtaining this optimal 248

subset R∗ is equivalent to solving: 249

R∗ = argmax
S⊆R
|S|=N

∑
r∈S

SIB(r), (11) 250

where S denotes any subset of R with |S| = N . In 251

practice, we first compute SIB(r) for each r ∈ R 252

using Eq. (10), sort the results, and retain only the 253
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Table 1: Overall Performance Comparison across 4 Mathematical Benchmarks. We evaluate I2B-LPO on two
different backbones: Qwen2.5-7B and Qwen3-14B. We report Pass@n accuracy (%) alongside average response
length (#Tok). Bold denotes the highest accuracy, while colored italics indicate the longest average response length.

Method AIME2025 AIME2024 MATH-500 Olympiad
P@1 P@256 #Tok P@1 P@256 #Tok P@1 P@16 #Tok P@1 P@16 #Tok

Qwen2.5-7B
+GRPO (Standard) 8.2 50.0 1292 10.3 46.7 776 54.4 58.4 661 44.9 61.6 762
Entropy-Reg. 9.3 47.7 3198 12.7 55.6 2358 57.4 70.4 1802 48.9 63.4 1823
Entropy-Adv 11.8 53.3 2187 13.6 56.7 1424 58.5 74.0 1223 51.8 64.6 1894
KL-Cov 11.3 52.1 1878 15.2 72.3 1283 68.2 82.1 1488 53.0 65.4 1190
80/20 10.2 47.9 1898 16.2 70.5 1315 61.8 79.1 1190 49.6 62.2 1479
SPINE 11.2 52.7 1634 14.4 68.2 1179 76.2 86.5 1104 52.5 67.8 1389
SRLM 9.7 48.6 1574 15.1 65.1 1334 73.4 84.7 1058 46.5 61.0 1167
I2B-LPO (Ours) 13.6 55.0 1465 18.6 79.7 1245 81.5 90.5 1080 58.0 69.5 1172
Qwen3-14B
+GRPO (Standard) 27.0 62.3 2045 34.4 67.8 1437 89.2 92.9 825 55.7 67.8 894
Entropy-Reg. 28.8 59.8 4285 37.3 58.9 2963 90.2 93.0 2387 58.7 68.6 1880
Entropy-Adv 27.8 61.3 2287 42.8 63.1 2265 89.5 93.5 1626 57.8 70.6 1709
KL-Cov 34.6 62.8 2390 45.4 80.6 2018 91.7 93.6 1798 62.0 76.8 1801
80/20 33.5 66.2 2168 43.9 78.5 1989 91.6 94.1 1488 60.8 73.2 2290
SPINE 28.4 59.6 2034 39.2 70.6 1966 89.9 93.2 1392 65.5 78.3 1643
SRLM 29.7 58.3 2201 37.2 69.4 1876 91.1 94.6 1892 62.5 71.7 1686
I2B-LPO (Ours) 38.3 68.1 2465 46.6 82.5 1830 93.5 95.7 1432 68.0 82.5 1581

top N paths. The pruned set R∗ then serves as the254

training data for policy optimization. We also incor-255

porate the IB score as an auxiliary maximization256

objective during training:257

SIB(θ;R
∗) =

1

N

∑
r∈R∗

SIB(r). (12)258

259
J = JGRPO + γ · SIB(θ;R∗), (13)260

where γ is a coefficient balancing task correctness261

and reasoning efficiency.262

5 Experiment Settings263

Training Configuration. We conduct experi-264

ments on GRPO using the veRL framework. To265

build strong baselines, we adopt several techniques266

from DAPO, including Clip-Higher and Group-267

Sampling. Detailed settings are in Appendix E.268

Datasets. Our training data are sourced from269

DAPO and MATH. To ensure training efficiency,270

we filter samples that are either too trivial or in-271

tractable (see Appendix E for details). For eval-272

uation, four benchmarks, including MATH-500273

(Hendrycks et al., 2021), AIME2025, AIME24,274

Olympiadbench (He et al., 2024), are selected.275

Baselines. We conduct experiments on Qwen2.5-276

37B and Qwen3-14B. Baselines span three277

categories: (1)entropy regularization (Entropy-278

Reg (Chao et al., 2024) and Entropy-Adv (Cheng279

et al., 2025)) (2) token-selective methods (KL-280

Cov (Cui et al., 2025) and 80/20 (Wang et al.,281

2025a)), and (3) self-reward methods (SPINE (Wu282

et al., 2025) and SRLM (Yuan et al., 2024)).283

Table 2: Diversity Analysis on GSM8K Benchmark.
Accuracy is measured by Pass@1. Diversity is eval-
uated via Distinct-1, Distinct-4, 1−Self-BLEU, and
1−Self-ROUGE (higher is better for all metrics).

Method Pass@1 Distinct-1 Distinct-4 Self-BLEU Self-ROUGE
Qwen2.5-3B
Base 85.7 0.20 0.44 0.25 0.28
80/20 89.1 0.26 0.48 0.30 0.36
Entropy.Reg 86.8 0.32 0.78 0.82 0.78
I2B-LPO 92.8 0.35 0.76 0.85 0.81
Qwen2.5-7B
Base 91.6 0.28 0.51 0.34 0.39
80/20 93.5 0.35 0.65 0.38 0.45
Entropy.Reg 93.8 0.57 0.73 0.47 0.81
I2B-LPO 95.6 0.69 0.87 0.56 0.76
Qwen3-14B
Base 92.5 0.33 0.59 0.38 0.43
80/20 94.2 0.37 0.62 0.41 0.45
Entropy.Reg 93.4 0.56 0.71 0.51 0.57
I2B-LPO 97.8 0.59 0.73 0.57 0.63

Metrics. Avg. # Tokens reports the average 284

token length. For diversity, we report Distinct- 285

n (Li et al., 2016) and Self-BLEU (Papineni et al., 286

2002). (1) Distinct-n counts the ratio of unique n- 287

grams. (2) Self-BLEU. We report 1− Score, with 288

higher values indicating greater diversity.Perplexity 289

(PPL) measures uncertainty of the generated se- 290

quence(Appendix.E). Low-PPL responses are gen- 291

erally more fluent and semantically coherent. 292

6 Experiment 293

This section evaluates I2B-LPO’s ability to gen- 294

erate diverse, high-quality responses. We aim to 295

answer the following research questions: 296

• RQ1 (Overall Performance): Does I²B-LPO 297

outperform baseline methods in terms of both 298

reasoning accuracy and semantic diversity? 299

• RQ2 (Exploration Behavior Analysis): How 300

does the entropy-triggered mechanism reshape 301
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Figure 5: The performance of the trained model on six diversity metrics. We evaluate I2B-LPO using Qwen2.5-
7B and Qwen3-14B models across the GSM8K and MATH-500 datasets. For each metric, a higher value indicates
greater diversity. And the diversity metrics are calculated across 10 generated responses per prompt.

(a) Probability-Entropy scatter plots (b) Entropy Dynamic comparison

Figure 6: Joint Analysis of Entropy Dynamics. (a) Probability-Entropy scatter plots of five exploratory tokens
from training samples at training step 500 on Qwen2.5-7B-Base, displaying a random sample of 5% of all data
points. (b) Average entropy dynamics across training steps on the MATH dataset.

exploration dynamics? And how does latent in-302

jection steer subsequent reasoning—introducing303

structured exploration or random noise?304

• RQ3 (IB Pruning Efficacy): How does the IB-305

based self-reward compare to other self-reward306

methods, and what specific reasoning character-307

istics correspond to high and low IB scores?308

• RQ4 (Ablation Study): How does each compo-309

nent of I²B-LPO contribute to performance?310

6.1 Quality-diversity balance (RQ1)311

In this section, we present fine-grained results on312

the diversity and quality.313

Quality. Tab. 1 reports Pass@n (n ∈ [1, 256]) and314

average response length. I2B-LPO consistently out-315

performs baselines across both backbones, with ad-316

vantages widening as n increases. Unlike Entropy-317

Reg., which artificially inflates entropy via exces-318

sive verbosity, I2B-LPO maintains a better balance319

between quality and efficiency.320

Diversity. We present diversity metrics in Fig. 5321

and Tab. 2. I2B-LPO consistently outperforms base-322

line models, demonstrating a clear advantage in323

diversity. While entropy-based methods primarily324

boost lexical variation (Distinct-n), our approach 325

achieves superior performance on semantic metrics 326

(LLM-as-Judge and Self-BLEU). 327

6.2 Exploration Behavior Analysis (RQ2) 328

This section analyzes the distribution of exploratory 329

tokens and entropy dynamics. 330

Distributions of Exploratory Tokens. As cate- 331

gorized in Appendix A, high-entropy tokens fulfill 332

distinct functional roles. Fig. 6 (a) compares the 333

probability–entropy distributions of exploratory to- 334

kens (“but”, “however”, “thus”, “wait”, “let”). The 335

key observations are summarized as follows: 336

• In GRPO, tokens concentrate in high-probability, 337

low-entropy regions, similar to (Ju et al., 2026). 338

• Adding an entropy loss does shift this distribu- 339

tion, but often leads to anomalously high entropy 340

(>8) for some tokens. 341

• I²B-LPO maintains a balanced distribution by 342

activating exploratory tokens across a wider en- 343

tropy spectrum, preserving their reasoning utility 344

without overfitting into deterministic patterns. 345

Mitigation of Entropy Collapse. Fig. 6 (b) tracks 346

entropy dynamics. While all methods show an ini- 347
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Figure 7: Attention head patterns contrasted between high (Level 9) and low (Level 3) difficulty on Deepmath. Red
indicates heads activated by complex problems, while blue denotes heads responsive to simpler ones.

(a) Performance Comparison

Q: Solve linear equation 2x + 4 = 10.

Low IB (Redundant)

A: To solve 2x + 4 = 10, we subtract 4.
2x = 6. Then divide by 2. So x = 3. Let
me double check. 2 × 3 + 4 = 10. The
answer is 3. I think it is 3. Yes, 3.

High IB (Concise)

A: Subtract 4 from both sides: 2x = 6.
Divide by 2: x = 3. The solution is 3 .

(b) Case Study (c) Accuracy & Perplexity Trends

Figure 8: Overview of Information Bottleneck (IB) Analysis. (a) Performance comparison on OlympiadBench.
(b) Case study illustrating how higher IB scores correlate with more concise reasoning. (c) The impact of IB scores
on model accuracy and perplexity.

tial drop, GRPO suffers from continuous decay,348

indicating severe entropy collapse. In contrast, I²B-349

LPO stabilizes entropy levels after the initial phase.350

This confirms our method effectively preserves ex-351

ploration capacity, preventing convergence toward352

deterministic patterns.353

Ablation Study of Latent Injection To verify354

whether latent injection fosters structured explo-355

ration rather than introducing random noise. We356

investigate three injection strategies: Early Fusion357

at input-level, Deep Fusion via PSA (detailed in358

Sec . 4.2.3), and Late Fusion at Softmax-layer. The359

formulations are described below:360

1⃝ Early Fusion at input-level: We inject the latent361

code zi by adding it element-wise to the input em-362

bedding h(xt) of each token xt. This broadcasts363

the prior across the sequence dimension:364

h′
i(xt) = h(xt) + zi, ∀t = 1, . . . , T. (14)365

2⃝ Late Fusion at Softmax-layer: This strategy366

directly utilizes the projection of zi to influence the367

distribution of LLM’s vocabulary. We first map368

the latent vector zi to a logit adjustment vector369

pzi ∈ RV . This pzi is then superimposed onto the370

original logits p to derive the final distribution: 371

p′i = p+ pzi , ŷ = softmax(p′i), (15) 372

where pzi biases the token selection probability ŷ. 373

Analysis. Tab. 3.A presents ablation results of la- 374

tent injection on qwen2.5-7B. Fig. 7 contrasts atten- 375

tion patterns for high- (Level 9) and low-difficulty 376

(Level 3) problems on DeepMath (details in Ap- 377

pendix D). Key observations are: 378

• Input Injection: chaotic early activations dimin- 379

ish in deeper layers, diluted before reasoning. 380

• Softmax Injection: modifying logits externally 381

hinders gradients from shaping internal attention, 382

leading to scattered activations. 383

• PSA induces “Structured Activation”: it mobi- 384

lizes difficulty-sensitive heads in final layers (24– 385

27), consistent with (Shojaee et al., 2025; Cao 386

et al., 2025). 387

This confirms that PSA effectively engages deep 388

reasoning without aimless randomness. 389

6.3 Self-Reward Effectiveness (RQ3) 390

In this section, we benchmark IB metric against 391

other self-rewards methods: Likelihood (Wu 392
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Table 3: Ablation Study of I²B-LPO Components on Qwen2.5-7B. We evaluate the contribution of core compo-
nents: Branching Triggers, Latent Injection, and IB self-rewards. To isolate the impact of topological structures,
Blocks A and B are conducted without the IB self-reward mechanism. Note: non-ablated components are fixed to
optimal settings( K = 7, N = 8). † denotes the PSA Fusion without the injection weight decay.

Method
AIME25 AIME24 MATH OlympiadBench

Pass@1 Dist-4 PPL Pass@1 Dist-4 PPL Pass@1 Dist-4 PPL Pass@1 Dist-4 PPL

GRPO Baseline 8.2 0.16 32.2 10.3 0.19 27.8 54.4 0.40 17.6 44.9 0.32 19.8

A: Latent Injection Ablation (Fixed: Entropy Branching+ w/o IB)

w/o Latent Injection 10.2 0.34 32.2 15.5 0.39 27.8 59.7 0.64 18.4 48.3 0.50 19.5
+ Input-Level Fusion 10.6 0.38 30.5 16.2 0.48 26.5 61.2 0.68 16.2 49.5 0.52 19.8
+ Softmax-Level Fusion 10.8 0.41 38.6 16.4 0.45 33.4 63.5 0.66 21.5 50.8 0.55 25.4
+ Norm Modulation 11.0 0.43 36.5 17.0 0.46 31.8 64.2 0.72 20.8 51.2 0.56 24.5
+ KV-Augmentation 11.2 0.44 35.8 17.2 0.47 31.0 65.1 0.74 20.1 51.6 0.57 23.8
+ PSA Fusion† 11.6 0.45 35.1 17.2 0.48 30.5 65.4 0.75 19.2 51.9 0.57 23.0
+ PSA Fusion (Ours) 11.8 0.47 34.2 17.5 0.49 29.8 66.7 0.78 19.5 52.3 0.59 22.1
∆ vs. w/o Latent Injection +1.6 +0.13 +2.0 +2.0 +0.1 +2.0 +0.1 +0.14 +1.1 +4.0 +0.09 +2.6

B: Branching Trigger Ablation (Fixed: PSA + w/o IB)

w/o Branching (K = 0) 8.6 0.21 30.1 13.4 0.23 26.7 54.5 0.43 17.3 45.3 0.35 19.1
+ Random Branching 9.1 0.24 31.9 13.6 0.34 25.9 55.4 0.46 17.8 46.7 0.40 20.5
+ Likelihood Branching 9.4 0.26 32.0 14.2 0.37 27.3 56.7 0.51 18.1 47.9 0.45 19.8
+ Entropy Branching 10.2 0.34 32.2 15.7 0.39 27.8 59.7 0.64 18.4 48.3 0.50 19.5
∆ vs. w/o Branching +1.6 +0.13 +2.1 +2.3 +0.16 +1.1 +5.2 +0.21 +1.1 +3.0 +0.15 +0.4

C: IB Mechanism Ablation (Fixed: Entropy + PSA)

w/o IB 11.8 0.47 34.2 17.5 0.49 29.8 66.7 0.78 19.5 52.3 0.59 22.1
+ IB Loss 12.2 0.49 24.1 18.1 0.52 20.4 78.3 0.76 14.2 54.6 0.60 14.5
+ IB Pruning 12.9 0.50 25.0 18.3 0.51 25.4 79.6 0.80 15.6 56.8 0.65 16.5

I²B-LPO (Full Method) 13.6 0.51 22.5 18.6 0.54 19.2 81.5 0.82 13.1 58.0 0.65 12.6
∆ vs. w/o IB +1.8 +0.04 -11.7 +1.1 +0.05 -10.6 +14.8 +0.04 -6.4 +5.7 +0.06 -9.5

Table 4: Hyperparameter Sensitivity Analysis. Blue
indicates Injection Depth; Green indicates Branching
Factor (K); Yellow indicates Max Response Length.
The bold rows denote the chosen settings.

Configuration MATH OlympiadBench
Pass@1 Dist-4 Pass@1 Dist-4

PSA Injection Depth
Last 4 Layers 76.5 0.75 53.2 0.58
Last 8 Layers 79.8 0.79 56.4 0.62
Last 12 Layers 81.5 0.82 58.0 0.65
Last 16 Layers 81.1 0.81 57.6 0.64
Last 20 Layers 80.4 0.80 56.9 0.63
Last 28 Layers 78.2 0.78 55.1 0.61
Branching Factor
K=1 75.5 0.75 52.8 0.54
K=3 78.7 0.78 55.8 0.60
K=7 81.5 0.82 58.0 0.65
K=15 82.8 0.86 58.4 0.69
Max Response Length
2048 Tokens 68.2 0.70 45.5 0.55
4096 Tokens 79.5 0.80 56.2 0.63
8192 Tokens 81.5 0.82 58.0 0.65

et al., 2016), Self-Consistency (Wang et al.,393

2023), Entropy.Reg (Chao et al., 2024), and LLM-394

Judge (Zheng et al., 2024). As shown in Fig. 8(a),395

IB self-reward outperforms baselines across accu-396

racy, diversity, and confidence (perplexity). No-397

tably, it resolves the diversity-confidence trade-off398

observed in Entropy.Reg, which sacrifices confi-399

dence for diversity. Fig. 8(b) shows that higher400

IB scores correspond to concise reasoning chains,401

while lower scores identify redundant content.402

Fig. 8(c) further demonstrates that IB metric bal-403

ances exploration and confidence by reducing per-404

plexity while improving quality. 405

6.4 Ablation of Main Components (RQ4) 406

Tab. 3 presents ablation results on the core compo- 407

nents. The results indicate that (1) entropy-based 408

branching outperforms other strategies by accu- 409

rately targeting high-uncertainty nodes; (2) the 410

full IB mechanism (loss + pruning) forms an ex- 411

plore–converge loop, significantly reducing PPL by 412

11.7. (3) Overall, the complete framework elevates 413

MATH Pass@1 from 54.4% to 81.5%, maintaining 414

high diversity and low perplexity. Tab. 4 shows 415

ablation results of key hyperparameters. PSA injec- 416

tion depth follows an inverted U-curve, peaking at 417

the last 12 layers. The max_length of 8192 tokens 418

provides sufficient capacity for complex reasoning. 419

7 Conclusion 420

This paper addresses the exploration collapse 421

caused by the semantic homogeneity of reasoning 422

paths. Our I²B-LPO framework enables structured 423

exploration via entropy-driven latent branching and 424

a dual-purpose IB for simultaneous filtering and 425

reward shaping. Extensive experiments confirm 426

that I²B-LPO achieves SOTA accuracy and diver- 427

sity, effectively overcoming the exploration bot- 428

tleneck. This work provides a principled and ex- 429

tensible framework for exploration-aware policy 430

optimization in LLM reasoning. 431
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Limitations and Potential Risk432

Limitations. First, entropy as an uncertainty mea-433

sure may not consistently reflect semantic diversity434

in open-ended or non-mathematical tasks. Second,435

despite IB-based pruning, the branching mecha-436

nism remains more computationally intensive than437

single-rollout approaches. We aim to explore more438

efficient algorithms in the future.439

Potential Risk. Our method focuses on enhancing440

mathematical reasoning capabilities using estab-441

lished public benchmarks. As the proposed ap-442

proach operates strictly within abstract symbolic443

domains and does not involve sensitive data or con-444

tent generation, it poses minimal ethical risks or445

safety concerns.446

Ethical Considerations447

This study adheres to the ACL Code of Ethics and448

has considered relevant ethical issues throughout449

the research process. All data are sourced from pub-450

licly available datasets and have been anonymized451

to protect privacy. The experimental process and re-452

sults are reported truthfully, and reproducible code453

and resources are provided. We recommend imple-454

menting oversight and filtering mechanisms in prac-455

tical applications. The authors have completed and456

submitted the Responsible NLP Research Check-457

list and are committed to maintaining integrity and458

transparency in the research.459
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A Categorizing High-Entropy Tokens653

In Fig. 9, Top20% impactful updates primarily654

target high-entropy tokens. These tokens tend to655

produce larger gradients during backpropagation.656

This indicates that progress in this stage is mainly657

driven by resolving uncertainty at critical “forks”658

in reasoning paths (Wang et al., 2025a). In RLVR,659

tokens generated by models exhibit different func-660

tional roles that collectively drive the reasoning661

process. Based on their operational characteristics,662

we categorize tokens into three roles:663

• Logical Structuring Tokens: Govern reasoning664

flow (e.g. causal, contrastive, progressive, and665

parallel connectors). They help structure multi-666

step argumentation or explanations.667

• Metacognitive Tokens: Reflect meta-cognitive668

functions, especially self-monitoring behaviors669

(e.g. verifying, summarizing, and revising).670

These tokens actively guide the reasoning pro-671

cess through reflective adjustment and solution672

refinement.673

• Semantic Support Tokens: Provide linguistic674

elements that ensure fluency, coherence, and in-675

formativeness (e.g. core grammatical elements,676

domain-specific entities).677

We provide examples of each category in Table 5.678

Figure 9: Token entropy and gradient distribution.

Category Examples

Logical Structuring Causal (e.g. ‘therefore’,
‘because’), contrastive
(e.g. ‘however’, ‘but’),
progressive (e.g. ‘first’,
‘next’, ‘finally’), and par-
allel (e.g. ‘and’, ‘also’).

Metacognitive Verifying (e.g. ‘Let’s
check’), revising (e.g.
‘Correction’, ‘Wait’),
summarizing (e.g. ‘In
summary’), and planning
(e.g. ‘First, I will...’).

Semantic Support Grammatical elements
(e.g. ‘the’, ‘is’, ‘of’),
domain entities (e.g.
‘problem’, ‘solution’),
and adjectives (e.g.
‘correct’, ‘final’).

Table 5: Examples of Token Categories in RLVR.

B Implementation Details of the CVAE 679

In this section, we provide the architectural specifi- 680

cations and the training objective of our CVAE. 681

Network Architecture: A typical CVAE consists 682

of three parts: (1) The Encoder qϕ(z | x, c) ap- 683

proximates the posterior distribution of the latent 684

variable z. (2) The Prior Network pθ(z | c) mod- 685

els the prior distribution of z, which is conditioned 686

only on the context c. (3) The Decoder Network 687

pθ(y | z, x) takes z and x to decode the output y. 688

Specifically, we employ DeBERTa-v2- 689

large (He et al., 2020) as the Encoder qϕ(z|x, c). 690

DeBERTa is chosen for its disentangled attention 691

mechanism, which effectively encodes both 692

content and relative positions. Formally, given the 693

input sequence x, we first extract the contextual- 694

ized hidden states via the encoder. To obtain a 695

fixed-size vector representation hx ∈ Rdmodel , we 696

apply mean pooling over the token embeddings: 697

hx = MeanPool(DeBERTa(x)), (16) 698

where dmodel = 1024 for the large architecture. 699

To construct the probabilistic latent space, hx is 700

projected into the variational parameters—mean µ 701

and log-variance log σ2—via two separate linear 702

transformations: 703

µ = Wµhx + bµ, log σ2 = Wσhx + bσ, (17) 704
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where W(·) ∈ Rdz×dmodel are learnable projection705

matrices and dz is the dimension of the latent bot-706

tleneck (e.g., dz = 128). Finally, the latent variable707

z is sampled using the standard reparameterization708

trick:709

z = µ+ σ ⊙ ϵ, ϵ ∼ N (0, I). (18)710

This latent code z serves as a compact semantic an-711

chor, which is subsequently fused into the decoder712

(LLaMA) to guide the generation of output y.713

Training Objective Formally, the CVAE is714

trained by maximizing the Evidence Lower Bound715

(ELBO):716

LELBO = LREC − LKL

= Eqϕ(z|x,y)[log pθ(y|z, x)]
− KL(qϕ(z|x, y)∥pθ(z|x))

≤ log p(y|x),

(19)717

where LREC denotes the reconstruction loss, and718

LKL represents the Kullback-Leibler divergence719

between the posterior and prior distributions. The720

CVAE is trained on MATH and GSM8K training721

sets.722

C IB-Aware Scoring Metric723

General Theory. Information Bottleneck (IB)724

formalizes the trade-off between compressing in-725

put X into a compact representation X̂ while main-726

taining predictive power for target Y , via the La-727

grangian objective:728

LIB_naive = I(X; X̂)− βI(X̂;Y ), (20)729

where I(·; ·) denotes Mutual Information (MI) and730

β controls the trade-off. The MI between X and Y731

is defined as:732

I(X;Y ) = H(X)−H(X|Y ), (21)733

where H(·) denotes entropy. A high value of734

I(X;Y ) indicates that knowledge of one variable735

reduces uncertainty about the other.736

Derivation of the IB-Score. Following the IB-737

Aware Reasoning Optimization, the optimization738

objective in LLM reasoning is formulated as:739

LIB = I(q; r)− βI(r; a). (22)740

To derive a tractable metric, we decompose these741

two terms respectively.742

Minimizing Complexity I(q; r). We first expand743

I(q; r) using the definition of mutual information744

and the assumption that the marginal entropy of 745

reasoning H(r) is invariant under the policy π (As- 746

sumption 1 in (Lei et al., 2025b)). Applying the 747

chain rule of entropy to the autoregressive trajec- 748

tory r = (o1, . . . , oT ), we obtain: 749

I(q; r) = H(r)−H(r | q)

= H(r)−
T∑
t=1

H(ot | o<t, q).
(23) 750

Therefore, minimizing the mutual information 751

I(q; r) is equivalent to maximizing the conditional 752

entropy sum
∑

tH(ot | o<t, q). This term en- 753

courages the model to maintain high entropy dur- 754

ing generation, preventing it from collapsing into 755

memorized or over-deterministic patterns depen- 756

dent solely on the specific prompt phrasing. 757

Maximizing Informativeness I(r; a). For the sec- 758

ond term, we have I(r; a) = H(r) − H(r | a). 759

Maximizing this quantity requires minimizing the 760

conditional entropy H(r | a). In our specific se- 761

lection phase, we restrict our candidate pool to 762

the validity-verified subset Rcorrect = {r ∈ R | 763

â(r) = a}. For any path r ∈ Rcorrect, the rea- 764

soning r implies the answer a with certainty (i.e., 765

p(a|r) ≈ 1). Under this condition, the posterior 766

probability of the reasoning path answered can be 767

approximated by the likelihood of the path itself: 768

p(r | q, a) = p(a | r, q)p(r | q)
p(a | q)

∝ p(r | q). (24) 769

Consequently, minimizing the uncertainty of the 770

reasoning answered (H(r | q, a)) corresponds 771

to selecting trajectories that maximize the log- 772

likelihood log π(r | q). High-likelihood paths 773

within Rcorrect represent the most confident rea- 774

soning traces that lead to correct solution. 775

The IB-Score formulation. Combining the deriva- 776

tions above, we transform the trajectory-level IB 777

objective into a tractable token-level utility func- 778

tion. By substituting the log-likelihood for the in- 779

formativeness term and the token-level entropy for 780

the complexity term, we propose the IB-Score for 781

a reasoning path r: 782
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SIB(r) =

T∑
t=1

H(ot | o<t, q)︸ ︷︷ ︸
Exploration Proxy
(Max I(q;r))

−βH(ot | o<t, q, a)︸ ︷︷ ︸
Relevance Proxy
(Min I(r;a))


=

T∑
t=1

λtH(ot | o<t, q)

∼=
T∑

t=1

AtH(ot | o<t, q)

(25)

783

We formulate the Information Bottleneck objec-784
tive as maximizing a score SIB. This score balances785
exploration (Standard Entropy) against relevance786
(Negative Conditional Entropy):787

SIB(r) =

T∑
t=1

(H(ot | o<t, q)− βH(ot | o<t, q, a))︸ ︷︷ ︸
sIB
t : Per-token IB Score

=

T∑
t=1

sIB
t

(26)788

Let Ht = H(ot | o<t, q) and Ht|a = H(ot |789

o<t, q, a). We set β = 2 as per the theoretical790

analysis. The per-token score becomes:791

sIB
t = Ht − 2Ht|a (27)792

Using the inequality 0 ≤ Ht|a ≤ Ht, we analyze793

the bounds of sIB
t :794

Best: Ht|a = 0 =⇒ sIB
t = Ht (28)795

Worst: Ht|a = Ht =⇒ sIB
t = −Ht (29)796

Thus, the score term lies in the symmetric interval:797

sIB
t ∈ [−Ht, Ht] (30)798

We can therefore represent sIB
t as a modulated en-799

tropy term:800

sIB
t = λtHt, where λt ∈ [−1, 1] (31)801

Now we map the coefficient λt to the Reinforce-802

ment Learning context:803

• High Score (λt → 1): Occurs when the token804

is perfectly predictive. This corresponds to a805

"Good" action.806

• Low Score (λt → −1): Occurs when the to-807

ken provides no information about the answer.808

This corresponds to a "Bad" action.809

The Advantage function At naturally captures this 810

property: high positive At for good actions, neg- 811

ative At for bad actions. Thus, we can directly 812

approximate λt with the advantage (without any 813

negative sign): 814

λt ≈ At (32) 815

Substituting λt ≈ At back into the summation: 816

SIB(r) =

T∑
t=1

sIB
t

=

T∑
t=1

λtHt

∼=
T∑
t=1

AtH(ot | o<t, q)

(33) 817

D Localization of Difficulty-Sensitive 818

Attention Heads 819

Fig. 7 depicts attention head patterns contrasting 820

high (Level 9) vs. low (Level 3) difficulty on Deep- 821

Math (He et al., 2025), a dataset spanning 13 dif- 822

ficulty levels (3.0 to 9.0). Let H ∈ RB×L×N×d 823

denote the output tensor of the multi-head attention 824

(MHA) layer, where B is the batch size, L is the se- 825

quence length, N is the number of attention heads, 826

and d is the head dimension. 827

The final contextual representation Z is typically 828

obtained by projecting the concatenated output of 829

all heads via the output projection matrix Wo ∈ 830

R(Nd)×D: 831

Z = Reshape(H)W⊤
o ∈ RB×L×D, (34) 832

where D = N × d represents the model’s hidden 833

dimension. 834

To analyze the independent contribution of the 835

i-th attention head (i ∈ {1, . . . , N}), an ablation 836

strategy is employed. An ablated representation 837

H(i) is constructed by retaining the output of the 838

i-th head while zeroing out all other heads: 839

H
(i)
b,ℓ,j,: =

{
Hb,ℓ,i,: if j = i

0 otherwise
,

∀b ∈ [B], ℓ ∈ [L], j ∈ [N ]

(35) 840

Subsequently, the projected representation Z(i) 841

is computed using Wo. We extract the embedding 842

of the last token for each sample b, denoted as 843

z
(i)
b = Z

(i)
b,L−1,: ∈ RD. 844
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D.1 Difficulty Scoring845

Using the pre-trained probe direction vdiff , the846

difficulty score contribution of the i-th head for847

sample b is calculated as the normalized projection848

onto the difficulty direction:849

s
(i)
b =

⟨z(i)b , vdiff ⟩
∥vdiff∥2

. (36)850

For a batch of samples sharing the same ground-851

truth difficulty level, the mean head-wise attribu-852

tion is aggregated:853

s̄(i) =
1

B

B∑
b=1

s
(i)
b . (37)854

D.2 Differentiation Score and Localization855

To determine whether a specific head is sensitive to856

hard or easy problems, the Differentiation Score is857

computed as the difference between the mean attri-858

butions of high-difficulty (Hard) and low-difficulty859

(Easy) cohorts:860

∆(i) = s̄
(i)
hard − s̄(i)easy (38)861

• If ∆(i) is significantly positive: The head is862

activated to identify difficult problems.863

• If ∆(i) is significantly negative: The head is864

activated to identify simple problems.865

By computing ∆(i) for all heads, the specific866

components responsible for difficulty perception867

can be precisely located.868

E Additional Implementation Details869

Other Related Work: Self-Rewarding Reason-870

ing. Recent RL advancements in LLMs rely heav-871

ily on outcome-based rewards, yet such sparse su-872

pervision neglects intermediate reasoning validity.873

As step-level labels require substantial human ef-874

fort, self-rewarding methods have gained increas-875

ing attention. (Bai et al., 2022) and (Yuan et al.,876

2025) use predefined rules to generate preference877

pairs for Direct Preference Optimization (DPO)878

training. (Fränken et al., 2024) maximize mu-879

tual information between principles and responses,880

while (Zhang et al., 2025b) is based on semantic881

entropy clustering. SPINE (Wu et al., 2025) adopts882

a majority-vote-based reward for self-consistency.883

However, unlike SPINE, which suppresses high-884

entropy states via static voting, we actively lever-885

age them as gateways for topological branching886

and iterative trajectory refinement.887

Perplexity (PPL) measures uncertainty of the 888

generated sequence as: 889

PPL(oi) = exp

(
− 1

N

N∑
t=1

log π(oit | oi<t)

)
890

where π(oit | oi<t) is next-token probability. Low- 891

PPL responses are generally more fluent and se- 892

mantically coherent (Adiwardana et al., 2020). 893

RL Training Configuration For both GRPO 894

and DAPO, we use the hyperparameters in Tab.6, 895

without using entropy or KL losses. Specifically, 896

Branching maxtimes caps trajectory branching at 897

4, while Samples per prompt denotes the maxi- 898

mum few-shot CoT demonstrations. Experiments 899

on Qwen2.5-7B run on 8×H100 GPUs, taking 900

∼50 hours for one epoch. Experiments on Qwen3- 901

14B run on 16×H100 GPUs, taking ∼64 hours for 902

one epoch. 903

Hyperparameter Value
Optimizer AdamW
Policy learning rate 1e−6 for qwen2_5 series

5e−6 for qwen3 series
Training batch size 128
Samples per prompt 8
Rolloutn 4
Branching K 7
N 8
γ 0.003
Max response length 8192
Max prompt length 2048
Rollout temperature 1.0
Clip range ϵlow, ϵhigh 0.2, 0.28
α for IB loss 0.005

Table 6: Hyperparameters of GRPO and DAPO training

Word Cloud The Entropy Reg. outputs more 904

generic syntactic fillers (e.g., ’is’, ’to’, ’can’). I2B- 905

LPO produces more reasoning-focused keywords. 906

Response length analysis. I2B-LPO achieves a 907

balanced response length, sitting between GRPO 908

and Entropy. Reg. It avoids the superficial ver- 909

bosity and non-informative filler observed in En- 910

tropy. Reg, while demonstrating more comprehen- 911

sive reasoning steps compared to GRPO. 912

Ablation of weight decay in PSA. We imple- 913

ment an exponential decay schedule for the in- 914

jection factor γ(t), annealing the strength from 915

5 × 10−2 down to 5 × 10−4. This experiment is 916

conducted on MATH datasets with qwen2.5-3B 917

base model. The Gaussian icons (Strong, Medium, 918
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(a) Naive Entropy Regularization.

(b) I2B-LPO (Ours).

Figure 10: Word cloud comparison on AIME2024
using Qwen2.5-7B. The Entropy Reg. outputs more
generic syntactic fillers (e.g., ’is’, ’to’, ’can’). I2B-
LPO produces more reasoning-focused keywords.

Figure 11: Response length analysis on Qwen2.5-3B.

Weak) visually represent the diminishing intensity919

of the latent variable z over time.920

Data Pre-processing To focus training on the921

“learning frontier", i.e, problems neither trivial nor922

intractable, we filter the dataset using two refer-923

ence models (Qwen2.5-7B and Qwen3-8B) with924

n = 8 rollouts each. We exclude: (1) trivial sam-925

ples consistently solved by both models, as they926

provide negligible gradient signals for policy im-927

provement; and (2) intractable samples where928

both models fail, specifically targeting excessively929

Figure 12: Ablation study on the dynamic decay of
latent injection.

long responses (>3,000 tokens for Qwen2.5-7B, 930

>10,000 for Qwen3-8B) to mitigate hallucination 931

loops. The response length distributions of the re- 932

sulting filtered datasets are illustrated in Figure 13. 933

The final training set consists of 6,486 samples 934

from MATH and 13,583 from DAPO. 935

(a) DAPO-Math-17k

(b) MATH

Figure 13: Response length distribution results on
DAPO and MATH datasets.
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