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Abstract001

Reinforcement learning (RL) has become a cor-002
nerstone of the post-training pipeline for large003
language models (LLMs), enabling capabilities004
such as complex reasoning and tool use. How-005
ever, standard RL approaches face significant006
challenges due to reward sparsity. Moreover,007
LLMs typically exhibit mode-seeking behav-008
ior, concentrating probability mass on high-009
likelihood regions. This lack of diversity bi-010
ases the model toward premature exploitation,011
hindering the exploration necessary for optimal012
learning. To address this, we propose VEG (ver-013
bal ϵ-greedy), a novel framework that leverages014
external feedback as a dynamic control variable015
to explicitly balance exploration and exploita-016
tion within the semantic space. This method017
not only supplements sparse final rewards with018
intermediate signals but also enforces sustained019
exploration throughout the training process. Ex-020
periments on τ2-bench and the agentic search021
QA benchmark demonstrate that our method022
achieves superior accuracy compared to stan-023
dard RL baselines. Notably, the trained policy024
eventually outperforms the external feedback025
model itself, demonstrating that VEG enables026
the agent to effectively filter and improve upon027
the guidance it receives.028

1 Introduction029

Reinforcement learning has become a key part of030

the post-training pipeline for LLMs. It enables031

sophisticated capabilities such as complex reason-032

ing, code generation, and tool use (Ouyang et al.,033

2022; Rafailov et al., 2023; Lightman et al., 2023).034

However, applying RL to multi-turn, tool-using035

scenarios introduces two fundamental challenges036

that hinder learning.037

First, these environments typically provide only038

sparse, terminal rewards. Success signals arrive039

only after the agent executes multiple reasoning040

steps and tool interactions. This sparsity makes041

credit assignment difficult. For example, an agent042

might receive a binary success indicator after a 5- 043

turn dialog involving multiple search queries and 044

reasoning chains. Determining which specific ac- 045

tions contributed to success or failure becomes a 046

non-trivial problem. Standard RL algorithms strug- 047

gle in such settings and often require extensive 048

exploration to find reward-yielding trajectories. 049

Second, LLMs inherently exhibit mode-seeking 050

behavior during generation. They concentrate 051

probability mass on high-likelihood token se- 052

quences (Holtzman et al., 2019). When combined 053

with standard RL training, this tendency amplifies 054

exploitation. The policy often converges prema- 055

turely on suboptimal strategies before it adequately 056

explores the action space. Existing approaches at- 057

tempt to encourage exploration through token-level 058

perturbations, such as temperature sampling or en- 059

tropy regularization in PPO (Schulman et al., 2017) 060

and GRPO (Shao et al., 2024). However, these 061

methods introduce stochasticity only at the syntac- 062

tic level. Adding noise to token logits typically 063

produces minor lexical variations or incoherent out- 064

puts. It rarely leads to the semantically meaningful 065

exploration of alternative reasoning strategies, tool 066

choices, or execution plans. 067

To address these challenges, we propose ver- 068

bal ϵ-greedy (VEG). This framework performs 069

exploration-exploitation control in the semantic 070

space by using external feedback as a dynamic 071

guidance signal. Unlike token-level perturbations, 072

VEG randomizes between two distinct types of 073

feedback prompts. Exploitation prompts refine the 074

current strategy, while exploration prompts suggest 075

alternative approaches, tool selections, or verifica- 076

tion methods. This feedback comes from an ex- 077

ternal model and acts as state augmentation rather 078

than reward shaping. The feedback becomes part 079

of the agent’s observation. This naturally guides 080

the policy toward semantically diverse behaviors 081

while preserving the original sparse reward struc- 082

ture. VEG offers two key benefits. First, it miti- 083
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gates reward sparsity by providing intermediate084

guidance signals throughout the episode. This085

provides structured intermediate guidance that im-086

proves credit assignment, without altering the task087

reward. Second, it enforces sustained semantic ex-088

ploration. By systematically injecting alternative089

hypotheses and strategies into the agent’s context,090

it prevents premature convergence to local optima.091

Importantly, VEG is algorithm-agnostic and can092

integrate into any standard RL pipeline as a drop-in093

module for trajectory collection.094

We evaluate VEG on two challenging multi-turn095

agent benchmarks. Search QA requires interleaved096

reasoning and search tool use to answer complex097

questions, such as those requiring multi-hop reason-098

ing. τ2-bench is a customer-support environment099

with dual-control dynamics where both the agent100

and user can act and call tools. Our experiments101

demonstrate that VEG significantly outperforms102

standard RL baselines on both benchmarks, con-103

firming the effectiveness of our method.104

2 Approach105

2.1 Reinforcement learning for language106

models107

Markov decision process. We formu-108

late the problem as an episodic MDP109

M = (S,A,P,R, H). At step t, the agent110

observes state st ∈ S and selects action at ∈ A111

via policy π(at|st). The environment transitions to112

st+1 ∼ P(·|st, at) yielding reward rt = R(st, at).113

The goal is to maximize the expected cumulative114

reward J(π) = Eτ∼π[
∑H−1

t=0 rt].115

LLM Generation as MDP. We adapt the general116

MDP framework to LLMs by formalizing the inter-117

action at the turn level. In this formulation, the state118

st represents the complete context window, encom-119

passing system instructions and the entire dialogue120

history up to turn t. The action at is defined as121

the model’s full natural language response (includ-122

ing any reasoning chains or tool calls) rather than123

a single token. Conventionally, approaches like124

RLHF (Ouyang et al., 2022) or RLVR (DeepSeek-125

AI, 2025) treat it as a single-turn problem with a126

horizon of H = 1. This reduces the MDP to a127

contextual bandit setting, where the episode ends128

immediately after one response. However, complex129

capabilities such as tool use require a multi-turn130

setting (H > 1), as a current action (e.g., querying131

a search engine) is performed solely to influence132

the state for future reasoning. In this setting, the133

transition dynamics P become critical and are de- 134

terministic: the next state st+1 is constructed by 135

concatenating the current state st, the agent’s action 136

at, and the subsequent environment observation 137

(e.g., the search engine results). A binary reward 138

(either 0 or 1) is assigned upon the termination of 139

the episode after at most H turns. 140

2.2 Our method 141

Motivation and insights. A fundamental princi- 142

ple in classical reinforcement learning is the bal- 143

ance between exploration and exploitation. This 144

strategy prevents the agent from focusing too early 145

on suboptimal actions (Sutton and Barto, 2018; 146

Thrun, 1992). In common RL benchmarks like 147

Atari or Mujoco, agents often use ϵ-greedy strate- 148

gies or intrinsic motivation to explore (Bellemare 149

et al., 2016). However, we see a major gap in 150

modern LLM RL post-training. Most methods use 151

token-level entropy regularization or temperature 152

sampling. These techniques introduce randomness 153

at the syntactic level, but they often fail to encour- 154

age semantic exploration. Adding noise to token 155

logits usually produces minor lexical changes or 156

incoherent text. It does not lead to diverse reason- 157

ing strategies (Jin et al., 2025b). Because of this, 158

standard LLM agents often face entropy collapse. 159

They fail to discover new solutions in environments 160

where rewards are sparse (Cui et al., 2025; Jin et al., 161

2025b). 162

VEG: verbal ϵ-greedy. We propose verbal ϵ- 163

greedy (VEG) to solve these problems. Instead 164

of applying randomness to tokens, VEG performs 165

exploration and exploitation control in the seman- 166

tic space. It uses external feedback as a dynamic 167

control signal. 168

VEG addresses two common failure modes in 169

multi-turn LLM RL. The first is reward sparsity, 170

which makes credit assignment difficult over long 171

horizons. The second is entropy collapse, which 172

leads to premature exploitation (Cui et al., 2025; 173

Jin et al., 2025b; Zhang et al., 2025). 174

We follow the turn-level MDP definition for 175

LLM generation. At step t, the state st includes 176

the entire conversation history. The action at is 177

the full textual response from the agent. At the 178

end of an episode, the agent receives a sparse re- 179

ward r ∈ {0, 1} based on its success. VEG uses 180

an external feedback model fψ. This model looks 181

at the current context and returns textual guidance 182

for either exploitation or exploration. We use two 183
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prompting templates: an exploitation template T i184

and an exploration template T r. At each step, a185

controller samples a template based on ϵ:186

zt ∼ Bernoulli(ϵ).187

The variable ϵ determines the probability of request-188

ing exploratory feedback. The template is selected189

as follows:190

Tt =

{
T r, zt = 1

T i, zt = 0.
(1)191

Based on the selected template, the feedback model192

generates a verbal message:193

vt ∼ fψ(· | st, Tt).194

This message vt is a natural language instruction.195

It either refines the current plan or proposes new196

strategies and tool choices.197

VEG does not use vt for reward shaping. Instead,198

it treats the feedback as part of the environment199

observation. We augment the state by appending200

vt to the history:201

s̃t := st ⊕ vt.202

The symbol ⊕ represents concatenation. The agent203

then selects its action using this augmented state:204

at ∼ πθ(· | s̃t).205

The environment executes at and returns an obser-206

vation ot+1. This observation is added to create the207

next state st+1 = s̃t ⊕ at ⊕ ot+1. The interaction208

continues until the episode ends.209

2.3 Algorithm210

We build VEG on top of Group Relative Policy211

Optimization (GRPO). This is a PPO-style algo-212

rithm that does not require a learned critic or value213

model (Shao et al., 2024). For every training input,214

GRPO samples a group of G rollouts. It calcu-215

lates a group-relative advantage by normalizing the216

rewards within that group. This process uses the217

group mean and standard deviation. The algorithm218

then performs a policy update using a PPO-style219

clip. It also includes a KL penalty compared to a220

fixed reference policy. This penalty helps prevent221

the policy from drifting too far (Shao et al., 2024;222

DeepSeek-AI, 2025).223

Algorithm 1 shows the full procedure. We use224

Claude Sonnet 4 as the feedback model fψ (An-225

thropic, 2025). This model offers a good bal-226

ance between reasoning power and cost. The227

Algorithm 1 VEG rollouts
Require: policy πθ; old policy πθold ; reference
πref; env E ; feedback fψ; templates T i, T r; hori-
zon H; group size G; VEG rate ϵ; PPO clip ε;
KL coef. β; δ > 0.
for each initial context s0 do

for i = 1, . . . , G do
s← s0, done← false, t← 0
while not done and t < H do
z ∼ Bernoulli(ϵ)
T ← T r if z=1 else T i

v ∼ fψ(· | s, T )
s̃← s⊕ v
a ∼ πθ(· | s̃)
(o, done)← E .step(a)
s← s̃⊕ a⊕ o
t← t+ 1

end while
ri ∈ {0, 1} ← E .terminal_reward()
store tokens yi

end for
µ← 1

G

∑
i ri

σ ←
√

1
G

∑
i(ri − µ)2

Âi ← ri−µ
σ+δ

Update θ by one RL step on {(yi, Âi)}Gi=1

using PPO-style clip ε and KL to πref.
end for

two prompting templates, T i and T r, are included 228

in Appendix B. VEG only changes how trajecto- 229

ries are collected during rollouts. The underlying 230

GRPO optimization objective remains the same. 231

Because of this, VEG can work with any standard 232

RL algorithm beyond GRPO. It acts as a simple 233

drop-in module for rollout generation. 234

3 Experiments 235

3.1 Setup 236

Benchmarks. We evaluate VEG on two multi- 237

turn agent benchmarks with sparse rewards. These 238

benchmarks require significant exploration. (1) 239

Search QA follows the agentic search setup from 240

prior work (Jin et al., 2025a). In this task, the 241

model alternates between reasoning and search tool 242

calls. It is trained using outcome-based rewards. 243

We train on the union of NQ and HotpotQA. We 244

then evaluate generalization on seven datasets: NQ, 245

HotpotQA, TriviaQA, PopQA, 2WikiMultiHopQA, 246

MuSiQue, and Bamboogle. We use Exact Match as 247
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Table 1: Results on Search (QA). The best and second-best results are displayed in bold and underlined, respec-
tively. †/∗ represents in-domain/out-domain datasets. The “GRPO” rows quote numbers directly from Jin et al.
(2025a), whereas the“GRPO (Our repl.)” rows use our implementation based on SkyRL. Since VEG builds on our
implementation, GRPO (Our repl.) is the direct ablation baseline.

Methods NQ† TriviaQA∗ PopQA∗ HotpotQA† 2wiki∗ Musique∗ Bamboogle∗ Avg.

Qwen2.5-3B-Instruct
Direct Inference 0.106 0.288 0.108 0.149 0.244 0.020 0.024 0.134
CoT 0.023 0.032 0.005 0.021 0.021 0.002 0.000 0.015
IRCoT 0.111 0.312 0.200 0.164 0.171 0.067 0.240 0.181
Search-o1 0.238 0.472 0.262 0.221 0.218 0.054 0.320 0.255
RAG 0.348 0.544 0.387 0.255 0.226 0.047 0.080 0.270
SFT 0.249 0.292 0.104 0.186 0.248 0.044 0.112 0.176
R1-base 0.226 0.455 0.173 0.201 0.268 0.055 0.224 0.229
R1-instruct 0.210 0.449 0.171 0.208 0.275 0.060 0.192 0.224
Rejection Sampling 0.294 0.488 0.332 0.240 0.233 0.059 0.210 0.265
GRPO 0.341 0.545 0.378 0.324 0.319 0.103 0.264 0.325
GRPO (Our repl.) 0.462 0.617 0.437 0.324 0.297 0.078 0.120 0.410
Validator 0.248 0.517 0.296 0.075 0.018 0.014 0.112 0.228
Ours 0.473 0.672 0.460 0.349 0.319 0.088 0.224 0.439

Qwen2.5-7B-Instruct
Direct Inference 0.134 0.408 0.140 0.183 0.250 0.031 0.120 0.181
CoT 0.048 0.185 0.054 0.092 0.111 0.022 0.232 0.106
IRCoT 0.224 0.478 0.301 0.133 0.149 0.072 0.224 0.239
Search-o1 0.151 0.443 0.131 0.187 0.176 0.058 0.296 0.206
RAG 0.349 0.585 0.392 0.299 0.235 0.058 0.208 0.304
SFT 0.318 0.354 0.121 0.217 0.259 0.066 0.112 0.207
R1-base 0.297 0.539 0.202 0.242 0.273 0.083 0.296 0.276
R1-instruct 0.270 0.537 0.199 0.237 0.292 0.072 0.293 0.271
Rejection Sampling 0.360 0.592 0.380 0.331 0.296 0.123 0.355 0.348
GRPO 0.393 0.610 0.397 0.370 0.414 0.146 0.368 0.385
GRPO (Our repl.) 0.477 0.666 0.478 0.384 0.343 0.121 0.376 0.456
Validator 0.248 0.517 0.296 0.075 0.018 0.014 0.112 0.228
Ours 0.506 0.704 0.477 0.393 0.348 0.137 0.392 0.470

the primary metric (Jin et al., 2025a; Kwiatkowski248

et al., 2019; Yang et al., 2018; Joshi et al., 2017;249

Ho et al., 2020; Press et al., 2023). (2) τ2-bench250

is a customer-support testbed in which both the251

agent and a simulated user can take actions and252

invoke tools over a shared state. Success depends253

on reasoning with tools and coordinating through254

dialogue (Yao et al., 2024; Barres et al., 2025). We255

report the Pass1 rate on the Retail, Airline, and256

Telecom domains. For all domains, we use Son-257

net 4 as the user simulator, which receives entirely258

different system prompts and operates on disjoint259

information than the feedback model fψ. Given260

that τ2-bench is usually an evaluation set, we ran-261

domly split it into 80% for training and 20% for262

testing. Each domain has about 100 samples. This263

small sample size represents challenging real-life264

scenarios. Performance on this benchmark shows265

how well our algorithm works in low-resource set-266

tings. 267

Base models. For τ2-bench, we use the Qwen3- 268

4B model. We test both the Instruct and Thinking 269

variants. This allows us to evaluate VEG under 270

different instruction-following and reasoning be- 271

haviors (Yang et al., 2025). For Search QA, we use 272

Qwen2.5-3B/7B Instruct. This choice matches 273

common agentic search baselines and ensures the 274

model follows tool formats reliably (Yang et al., 275

2024; Jin et al., 2025a). 276

Competing methods. For Search QA, we fol- 277

low the baseline suite from Jin et al. (2025a). 278

These include: (1) inference without retrieval: 279

Direct Inference and CoT prompting (Wei et al., 280

2022); (2) inference with retrieval: RAG (Lewis 281

et al., 2020), IRCoT (Trivedi et al., 2023), and 282

Search-o1 (Li et al., 2025). We additionally com- 283

pare against a Validator baseline, which uses the 284
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Table 2: τ2-bench (Pass1; higher is better). The best and
second-best results are displayed in bold and underlined,
respectively.

Method Retail Airline Telecom Avg.

Qwen3-4B-Instruct
Direct Inference 0.500 0.286 0.333 0.411
Validator 0.500 0.429 0.571 0.518
GRPO 0.643 0.286 0.667 0.607
Ours 0.679 0.571 0.857 0.679

Qwen3-4B-Thinking
Direct Inference 0.500 0.571 0.286 0.429
Validator 0.500 0.429 0.571 0.518
GRPO 0.679 0.857 0.619 0.679
Ours 0.821 0.571 0.857 0.750

external feedback model fψ to directly generate285

the agent’s outputs without RL training; and (3)286

training-based methods: SFT (Ouyang et al.,287

2022), GRPO (DeepSeek-AI, 2025), and Rejec-288

tion Sampling. For all search methods, we use the289

interleaved rollout format. Each query retrieves the290

top 3 results. We set a limit of 2 turns to ensure fair291

comparisons.292

On τ2-bench, we compare VEG against Direct293

Inference, a Validator baseline, and GRPO-style RL294

algorithms. We focus on these because τ2-bench295

was designed for tool-agent-user interactions. It296

also includes complex user behaviors not addressed297

by prior baselines. For all methods, we allow a298

maximum of 10 turns per sample.299

3.2 Main results300

As shown in Tables 1 and 2, VEG consistently im-301

proves performance on both benchmarks. It also302

maintains strong generalization across different do-303

mains. On Search QA, inference-only methods304

like Direct Inference and CoT are limited by their305

internal knowledge. Retrieval-augmented methods306

like RAG or IRCoT improve Exact Match scores.307

However, they are still limited by simple query se-308

lection and small turn budgets. This often leads to309

errors when early search steps fail. Furthermore,310

even the large-scale Validator model could not311

solve the task directly without adaptation. Training-312

based methods like SFT or GRPO narrow the gap.313

However, they can show high variance or overfit314

to training data. In contrast, VEG achieves the315

best Exact Match on in-domain sets like NQ and316

HotpotQA. It generally provides gains on out-of-317

domain sets like TriviaQA and Bamboogle (Table318

1). This indicates that VEG allocates exploration319

more effectively to useful search actions. It learns 320

tool-use behaviors that transfer well rather than 321

simple dataset shortcuts. 322

On τ2-bench, Direct Inference and the Validator 323

baseline are good starting points. However, they 324

often fail in dual-control settings. In these cases, 325

success requires sustained tool reasoning and coor- 326

dination with the user. GRPO-style RL improves 327

the success rate, but it can be unstable over long 328

rollouts. VEG achieves the highest Pass1 across 329

the Retail and Telecom domains (Table 2). The 330

gains are especially large in difficult cases where 331

the agent must infer state through conversation. No- 332

tably, VEG helps both the Instruct and Thinking 333

variants of Qwen3-4B. It maintains stable behavior 334

throughout the 10-turn limit. This shows that the 335

benefits of VEG come from better exploration and 336

credit assignment rather than a specific prompting 337

style. 338

3.3 Ablation study 339

Table 3 studies the exploration parameter ϵ (default 340

ϵ=0.1), which injects stochasticity into trajectory 341

collection under sparse, outcome-based rewards. 342

This ablation is critical because ϵ directly mediates 343

a failure mode that is common in tool-use RL: with 344

too little exploration, the agent can lock into narrow 345

query patterns and miss reward-relevant evidence; 346

with too much exploration, rollouts become noisy, 347

weakening credit assignment and degrading learned 348

search policies. 349

Across both agent sizes, performance remains 350

strong over a wide range of ϵ, indicating that our 351

method is not brittle to exploration tuning. For 352

Qwen2.5-3B-Instruct, the default ϵ=0.1 yields the 353

best average Exact Match (0.439), while increas- 354

ing exploration causes only a small drop (0.433 at 355

ϵ=0.5 and 0.432 at ϵ=0.9). The per-dataset pattern 356

matches the intended trade-off: higher ϵ improves 357

some harder OOD sets that benefit from broader 358

query diversity (e.g., Bamboogle rises from 0.224 359

→ 0.240/0.256), but slightly reduces performance 360

on more “exploitation-friendly” in-domain super- 361

vision (e.g., NQ falls from 0.473→ 0.460/0.437), 362

consistent with over-exploration perturbing other- 363

wise reliable retrieval. 364

For the stronger Qwen2.5-7B-Instruct agent, 365

moderate exploration becomes net beneficial: the 366

average increases from 0.470 at ϵ=0.1 to 0.477 367

at ϵ=0.5 (and remains high at 0.475 for ϵ=0.9). 368

These gains are driven by robust improvements 369

on multi-hop/compositional OOD datasets (e.g., 370
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Table 3: Ablation on the exploration parameter ϵ in our method (default ϵ=0.1). Higher is better.

ϵ NQ† TriviaQA∗ PopQA∗ HotpotQA† 2wiki∗ Musique∗ Bamboogle∗ Avg.

Agent model: Qwen2.5-3B-Instruct
0.1 (default) 0.473 0.672 0.460 0.349 0.319 0.088 0.224 0.439
0.5 0.460 0.675 0.429 0.351 0.318 0.089 0.240 0.433
0.9 0.437 0.674 0.446 0.344 0.319 0.083 0.256 0.432
Agent model: Qwen2.5-7B-Instruct
0.1 (default) 0.506 0.704 0.477 0.393 0.348 0.137 0.392 0.470
0.5 0.459 0.710 0.465 0.398 0.394 0.148 0.464 0.477
0.9 0.440 0.705 0.467 0.394 0.397 0.152 0.480 0.475

2WikiMultiHopQA 0.348 → 0.394/0.397 and371

Bamboogle 0.392→ 0.464/0.480), while several372

datasets remain essentially stable (e.g., TriviaQA373

and HotpotQA vary only marginally). This sug-374

gests that higher-capacity agents can convert addi-375

tional exploration into better recovery from early376

retrieval mistakes, whereas smaller agents pay a377

larger cost in stability when exploration is pushed378

too far.379

Overall, the ablation provides evidence that (1)380

our method remains effective without delicate hy-381

perparameter tuning, and (2) ϵ offers a predictable382

knob to trade exploitation for generalization: ϵ=0.1383

is a strong default, while ϵ≈0.5 can further improve384

out-of-domain performance for larger agents with-385

out sacrificing average accuracy.386

4 Related work387

Reasoning models and efficient RL. Recent388

work has shifted from supervised fine-tuning to RL389

for reasoning. DeepSeek-R1 (DeepSeek-AI, 2025)390

showed that pure RL can create strong reasoning391

skills. It uses Group Relative Policy Optimization,392

or GRPO (Shao et al., 2024), which removes the393

need for a large value network. Instead, it normal-394

izes rewards within a group of samples to estimate395

advantages. However, GRPO relies on diversity396

within the sampled group. In hard tasks, models397

often suffer from entropy collapse (Cui et al., 2025;398

Wen et al., 2025). The policy converges to a single399

mode and learning signal disappears. VEG solves400

this problem by actively adding semantic diversity401

to the group, ensuring robustness even when the402

policy is low-entropy.403

From token entropy to semantic exploration.404

Standard exploration methods often use temper-405

ature sampling or entropy regularization. These406

operate at the token level. While they increase407

randomness, they often fail to produce diverse rea- 408

soning. High token entropy frequently results in 409

incoherent text rather than meaningful strategic 410

variations. Recent studies on entropy collapse (Jin 411

et al., 2025b; Zhang et al., 2025) confirm this issue, 412

showing that models often memorize a single solu- 413

tion path. VEG addresses this limitation by shifting 414

exploration from the token space to the semantic 415

space. 416

Verbal reinforcement and self-correction. Ver- 417

bal RL replaces scalar rewards with language 418

feedback. Early methods like Reflexion (Shinn 419

et al., 2024) used verbal critique during inference. 420

However, they did not update the model weights. 421

SCoRe (Kumar et al., 2024) improved this by train- 422

ing a policy for self-correction. It uses differential 423

rewards to measure improvement between attempts. 424

This prevents the model from learning superficial 425

patterns. VEG builds on these insights. However, 426

we use verbal feedback differently. We use it as a 427

control signal before the action, allowing the agent 428

to react dynamically. 429

5 Conclusion 430

We introduced verbal ϵ-greedy (VEG) to alleviate 431

the issues of reward sparsity and premature conver- 432

gence in RL for LLMs. Instead of relying on ran- 433

dom token noise, our method guides exploration in 434

the semantic space using external feedback. Exper- 435

iments on Search QA and τ2-bench demonstrate 436

that VEG outperforms strong baselines and im- 437

proves generalization. The agent effectively learns 438

to refine this guidance and eventually surpasses 439

the feedback model itself. This confirms that se- 440

mantic exploration is essential for training robust 441

autonomous agents. 442
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A Algorithm Discussion593

A key distinction between VEG and conventional594

stochastic exploration is the level where random-595

ness occurs. Methods like higher temperature or596

entropy bonuses perturb the sentence with only a597

few corrupted tokens. These often preserve the598

same underlying semantics. On the other hand,599

aggressive token-level noise degrades the coher-600

ence of the sentence. This creates a mismatch with601

the downstream domains. In contrast, VEG ran-602

domizes state augmentation from fψ by choosing603

between exploitation and exploration. This directly604

targets semantic degrees of freedom. Exploration605

happens through different tool choices, alternative606

execution plans, and distinct search or verification607

strategies. This approach yields exploration that is608

meaningful in downstream domains.609

From an MDP perspective, we can understand610

VEG as a way to change the agent’s observa-611

tion. This concept is widely accepted in the litera-612

ture (DeepSeek-AI, 2025; Hao et al., 2022). Con-613

cretely, the feedback-augmented state s̃t induces a614

stochastic observation transformation (conditioned615

on the sampled template and the feedback model’s616

generation): s̃t ∼ Φ(· | st), realized as st ⊕ vt617

where vt ∼ fψ(· | st, Tt) and Tt is sampled via618

Bernoulli(ϵ).619

In this formula, vt is generated by fψ under a620

sampled template. Importantly, this process does621

not redefine the task objective. It also does not622

introduce auxiliary rewards. The terminal reward623

r ∈ {0, 1} remains unchanged. VEG therefore op-624

erates as an information-augmentation mechanism.625

It reshapes the agent’s effective search space by626

providing structured intermediate guidance. At the627

same time, it preserves the original sparse-reward628

MDP.629

This viewpoint also shows that VEG is compati-630

ble with standard RL objectives and optimization.631

It can work with updates like GRPO or PPO. VEG632

only alters how the rollout trajectories are gener-633

ated. The behavior policy interacts with an aug-634

mented observation s̃t. However, the optimization635

target remains the same. The goal is to maximize636

expected task success under the original terminal637

reward. As a result, you can plug VEG into existing638

RL pipelines as a drop-in exploration module. One639

can simply collect trajectories using the VEG roll-640

out procedure. Then, any standard policy-gradient641

update can be applied to those trajectories. This642

does not require modifying the underlying loss be-643

yond the chosen RL algorithm. 644

B Prompt templates 645

We employ two distinct system prompts for the 646

external feedback model fψ to generate the ver- 647

bal guidance vt. These prompts act as meta- 648

instructions, configuring the feedback model to 649

either narrow the agent’s focus (exploitation) or 650

widen its search space (exploration). 651

B.1 Exploitation Template (T i) 652

The exploitation template configures the feedback 653

model as an “exploitation reflector.” It directs the 654

agent to identify the highest-signal next operation 655

and reduce uncertainty immediately. 656

You are an exploitation reflector that nudges
the assistant to focus on the single most
leverageful next move given the current con-
text. You do not roleplay the user; you pro-
vide a concise hint that sharpens momen-
tum.
Context the assistant must follow (treat as
binding):
[Task Instructions]
How to think before you speak:
• Identify the highest-signal next operation
that advances the user’s goal (e.g., validate
the key assumption, run the minimal deci-
sive check, consult the most authoritative
source type, compute the essential baseline,
or tighten the output to the required format).
• Keep the hint specific in intent but abstract
in implementation: name the kind of action
to take, not the exact query, code, or num-
bers.
• Favor actions that reduce uncertainty fast,
respect required tools and policies, and can
be completed immediately in this reply (no
background/async work).
What to produce:
A single, targeted hint (1–2 sentences) de-
scribing the next step to exploit. It is pos-
sible to include an additional rationale if
helpful.
Hard rules:
• Do not invent capabilities, make promises
about future work, or contradict binding in-
structions.
• If recency/safety matters, prompt verifica-
tion using the appropriate tool class without

657
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specifying exact content or sources.
• Be crisp and actionable while remaining
tool- and method-agnostic.

658

B.2 Exploration Template (T r)659

The exploration template configures the feedback660

model as an “exploration reflector.” It forces the661

consideration of diverse avenues, edge cases, and662

contrarian assumptions before committing to a663

path.664

You are an exploration reflector that nudges
the assistant to widen the search space and
consider diverse avenues before deciding.
You do not roleplay the user or continue the
conversation; you only encourage system-
atic exploration.
Context the assistant must follow (treat as
binding):
[Task Instructions]
How to think before you speak:
• Scan the full conversation and infer the
user’s actual goal, constraints, and any re-
quired tools or formats.
• Suggest several distinct avenues to ex-
plore (e.g., alternative tools, representations,
decomposition strategies, edge cases, con-
trarian assumptions, different data sources),
explicitly including at least one path that
seems less promising but still plausible.
• Keep suggestions high-level and method-
agnostic; do not propose concrete queries,
code, numbers, or step-by-step instructions.
• Prefer breadth over depth; encourage quick
probes that can be abandoned if they don’t
pan out.
• Encourage verification when recency, cor-
rectness, or safety could be unstable, with-
out specifying exact sources or implementa-
tions.
What to produce:
A brief nudge (2–4 sentences) so the assis-
tant could take actions to explore multiple
distinct directions according to their own
judgment.
Hard rules:
• Do not invent capabilities or promise back-
ground/async work.
• Do not conflict with binding instructions
or safety policies.

665

• Avoid purple prose and keep the message
focused and neutral.

666
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