
StepPO: Step-Aligned Policy Optimization for
Agentic Reinforcement Learning

Anonymous ACL submission

Abstract001

Agentic reinforcement learning (RL) is emerg-002
ing as a critical post-training paradigm for im-003
proving LLM agent capabilities. Existing RL004
algorithms for LLMs largely follow the token-005
centric paradigm as in RLHF and RLVR, where006
tokens serve as the basic units for modeling007
and optimization. However, this paradigm in-008
troduces a granularity mismatch in agentic RL,009
as it optimizes token-level predictions while010
LLM agents make step-level decisions through011
cycles of environmental observations and ac-012
tions. To bridge this gap, we propose StepPO,013
a step-centric paradigm for agentic RL via014
step-aligned policy optimization. Specifically,015
we reformulate agentic RL from a token-level016
Markov Decision Process (MDP) into a step-017
level MDP, where interaction steps serve as018
the basic trajectory representations. We further019
propose step-level credit assignment to align020
policy optimization with the natural granular-021
ity of agent decisions. Together, StepPO opti-022
mizes agent policies at the step level for multi-023
turn agent-environment interaction. Experi-024
ments across multi-hop QA, academic paper025
search, and text-world action tasks show that026
StepPO consistently outperforms various RL027
algorithms. Further analyses provide insights028
into how step-centric paradigm improves agent029
training. We hope this step-centric paradigm030
offers a useful lens for understanding agent be-031
havior and a practical path for training more032
capable LLM agents. Our code is available1.033

1 Introduction034

Large language model (LLM)-based agents have035

given rise to phenomenal applications (e.g., Open-036

Claw, Claude Code) (Achiam et al., 2023; Bai037

et al., 2023; openclaw, 2026; Anthropic, 2025).038

These LLM agents are moving beyond single-turn039

question answering toward autonomous planning,040

multi-turn tool use and iterative interaction with041

1https://anonymous.4open.science/r/StepPO/

(a) Token-Centric Paradigm

Policy Model

State 1

Reward

(b) Step-Centric Paradigm

Action 1 Observation 1State 1

State 2

State n Reward

…

Step 1

Step 2

Step n

Token 1

…

…
Prompt

Action 1 Action 2 Action n

…

State 2

State n

Optimize Token-
level Predictions

Token 2 Token n

Policy Model

Action 2 Observation 2

Action 2 Observation n

Optimize Step-
level Decisions

Figure 1: Comparison between token-centric and step-
centric paradigms, where the basic modeling and opti-
mization unit shifts from tokens to interaction steps.

external environment (Yao et al., 2022b; Schick 042

et al., 2023; Cheng et al., 2026). Agentic reinforce- 043

ment learning (RL) has therefore become a critical 044

post-training paradigm for improving such capa- 045

bilities (Cheng et al., 2025; Zhang et al., 2025). 046

By optimizing policies over multi-turn interaction 047

trajectories, agentic RL allows models to improve 048

their decision-making from environmental feed- 049

back (Zhou et al., 2025; Wang et al., 2025). 050

Most existing agentic RL methods inherit the RL 051

algorithms for LLMs. Representative methods in- 052

clude Proximal Policy Optimization (PPO) (Schul- 053

man et al., 2017) from the reinforcement learning 054

from human feedback (RLHF) paradigm (Ouyang 055

et al., 2022), and Group Relative Policy Optimiza- 056

tion (GRPO) (Shao et al., 2024) from the rein- 057

forcement learning with verifiable rewards (RLVR) 058

paradigm (Guo et al., 2025). These methods are 059

largely token-centric. On the modeling side, they 060

commonly view LLM generation as a token-level 061

Markov Decision Process (MDP), where tokens 062

are the basic units for formalizing states, actions, 063

and policy updates. On the credit assignment side, 064

PPO typically uses Generalized Advantage Estima- 065
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Table 1: Representative methods differ in how they place the MDP formulation and credit assignment units, revealing
a granularity mismatch in agentic RL. StepPO reduces this mismatch by aligning both with the step.

MDP Formulation Granularity Credit Assignment Granularity Representative Methods

Token-level Token-level PPO (Schulman et al., 2017), Reinforce++ (Hu, 2025)
Token-level Trajectory-level GRPO (Shao et al., 2024), RLOO (Ahmadian et al., 2024)
Step-level Trajectory-level GiGPO (Feng et al., 2026), LightningRL (Luo et al., 2025)
Step-level Step-level StepPO

tion (GAE) to estimate token-level advantages from066

critic-based temporal-difference residuals (Schul-067

man et al., 2015), while GRPO uses Group-Relative068

Advantage Estimation (GRAE) to derive critic-free069

advantages from sampled trajectories and broad-070

casts each trajectory-level advantage to all tokens071

(Hu et al., 2026). These methods have brought072

substantial progress in preference alignment and073

verifiable-reward reasoning.074

However, LLM agents do not interact with envi-075

ronments one token at a time. The actual medium076

of interaction is a step, where the agent receives077

an observation, generates a complete response that078

may be parsed as a tool call, and moves to the079

next state based on environmental feedback. This080

discrepancy introduces a granularity mismatch: ex-081

isting RL algorithms organize modeling and opti-082

mization around tokens, whereas agent decisions083

take effect at the step level, as shown in Table 1. To084

bridge this gap, we propose StepPO, a step-centric085

paradigm for agentic RL that aligns RL modeling086

and optimization with the natural interaction gran-087

ularity of LLM agents. Specifically, as illustrated088

in Figure 1, StepPO first reformulates agentic RL089

from a token-level MDP into a step-level MDP,090

where interaction steps serve as basic trajectory091

representations. Under this formulation, the policy092

receives the current step state, generates a com-093

plete action, obtains reward and observation, and094

transitions to the next step state.095

StepPO further performs credit assignment at096

step granularity by propagating rewards across in-097

teraction steps, and finally applies PPO-style pol-098

icy optimization over step-level actions. This step-099

level design enables more suitable credit assign-100

ment for multi-turn agent behaviors, since token-101

level credit is often too local to capture the effect102

of complete actions on subsequent states, while103

trajectory-level credit is too coarse to identify key104

intermediate decisions in long-horizon tasks. In105

this way, the MDP formulation, trajectory represen-106

tation, and credit assignment unit are all aligned107

with the natural interaction unit of LLM agents.108

We evaluate StepPO across multi-hop question 109

answering (QA) (Yang et al., 2018), agentic aca- 110

demic paper search (He et al., 2025), and text-world 111

action tasks including ALFWorld and WebShop 112

(Shridhar et al., 2020; Yao et al., 2022a). Experi- 113

mental results show that StepPO consistently out- 114

performs representative RL baselines, including 115

PPO, GRPO, and other methods with different 116

MDP formulations and credit assignment strate- 117

gies. Further analyses show that step-centric opti- 118

mization improves decision quality in multi-turn 119

interaction, offering a useful perspective for under- 120

standing agent behavior and a practical path toward 121

training more capable LLM agents. 122

In summary, our contributions are as follows: 123

• We identify the granularity mismatch between 124

token-level optimization and step-level agent 125

decisions, and reformulate agentic RL as a 126

step-level MDP. 127

• We propose StepPO, a step-aligned policy op- 128

timization method that combines step-native 129

trajectory representation and step-level credit 130

assignment over complete interaction steps. 131

• Experiments across various agentic scenes 132

show consistent improvements over com- 133

pared baselines and provide insights into step- 134

centric training for LLM agents. 135

2 Related Work 136

2.1 Reinforcement Learning for LLMs 137

RL has become a major post-training paradigm 138

for optimizing LLMs with feedback from hu- 139

man preferences and verifiable outcomes. Early 140

LLM RL is largely built on PPO-based RLHF, 141

where learned preference rewards guide policy im- 142

provement (Arjona-Medina et al., 2019; Ouyang 143

et al., 2022). DPO offers a simpler preference- 144

optimization alternative without online RL updates 145

(Rafailov et al., 2023). More recent works pre- 146

fer critic-free methods: RLOO estimates leave- 147

one-out advantages using other samples from the 148
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same prompt group (Ahmadian et al., 2024), RE-149

INFORCE++ adds practical stabilization while re-150

taining a critic-free design (Hu, 2025), and GRPO151

estimates group-relative advantages for verifiable-152

reward reasoning (Shao et al., 2024). This path153

continues with reasoning-oriented variants of PPO154

and GRPO (Wang et al., 2026; Yu et al., 2026).155

2.2 Agentic Reinforcement Learning156

Agentic RL trains LLM agents through multi-turn157

interaction with tools and environmental feedback,158

where long horizons, sparse rewards, evolving159

observations, and branching traces become cen-160

tral challenges (Zhang et al., 2025; Wang et al.,161

2025). Early explorations instantiate these chal-162

lenges in retrieval and multi-turn reasoning set-163

tings through end-to-end RL training (Jin et al.,164

2025; Wang et al., 2025; Cheng et al., 2025). Re-165

cent algorithms further adapt RL to agent execu-166

tion structure: Tree-GRPO organizes exploration167

through tree-structured rollouts (Ji et al., 2025),168

PSPO uses process-aware trajectory-level optimiza-169

tion for academic paper search (Pan et al., 2026),170

and GiGPO introduces group-in-group credit as-171

signment for agent trajectories (Feng et al., 2026).172

Nevertheless, existing methods still largely or-173

ganize optimization around tokens, complete re-174

sponses, or full trajectories, while agent decisions175

take effect through environment-facing interaction176

steps. StepPO treats this mismatch as the basis for177

a paradigm shift toward step-centric agentic RL,178

where the interaction step becomes the shared unit179

for the MDP formulation and credit assignment.180

3 Preliminary181

3.1 Token-Level MDP Formulation182

Most RL algorithms for LLMs inherit the next-183

token prediction interface and therefore formulate184

policy optimization at token granularity. Given a185

prompt x and previously generated tokens y<i, the186

policy model samples the next token yi from its187

next-token distribution. In this formulation, each188

prefix defines a token-level state si, and each sam-189

pled token serves as a token-level action ai:190

si = (x, y<i), ai = yi, (1)191

and the transition deterministically appends the192

sampled token to the prefix, yielding si+1 =193

(x, y≤i). The episode terminates when the model194

generates an end-of-sequence token yL. Since re-195

wards are usually provided at the end of a trajectory,196

token-level RL methods assign credit to individual 197

tokens through advantage estimation. 198

3.2 Existing Credit Assignment Paradigms 199

For token-level policy optimization, existing RL 200

methods mainly follow credit assignment in two 201

paradigms. The first paradigm, represented by PPO 202

(Schulman et al., 2017), uses a critic model to esti- 203

mate token-level advantages through GAE (Schul- 204

man et al., 2015). Under the token-level formula- 205

tion, the advantage ÂGAE
i can be written as: 206

ÂGAE
i =

L−i∑
l=0

(γλ)lδi+l,

δi = ri + γVϕ(si+1)− Vϕ(si).

(2) 207

where Vϕ estimates the value of each token-level 208

state, δi measures its temporal-difference (TD) er- 209

ror under reward ri, and γ, λ denote the discount 210

factor and GAE trace parameter. 211

The second paradigm, represented by GRPO 212

(Shao et al., 2024), avoids a critic by estimating 213

trajectory-level advantages from grouped rollouts, 214

termed GRAE. Given a prompt x, suppose the pol- 215

icy samples a group of N trajectories {τj}Nj=1 with 216

returns {Rj}Nj=1. The group-relative advantage 217

ÂGRAE
k for trajectory τk can be written as: 218

ÂGRAE
k = Rk − R̄, R̄ =

1

N

N∑
j=1

Rj . (3) 219

Here, R̄ is the mean return of rollouts sampled 220

for the same prompt, while practical GRPO vari- 221

ants may include additional reward normalization. 222

GRAE captures a trajectory-level credit signal, 223

which is shared by all tokens within the trajectory. 224

4 StepPO 225

In this section, we present StepPO, which aligns 226

agent decisions with MDP formulation and credit 227

assignment at the step level. 228

4.1 Step-Level MDP Formulation 229

StepPO formulates agent execution as a step-level 230

MDP. At interaction step t, the state s(t)1:Mt
contains 231

the interaction history available to the agent, includ- 232

ing previous observations and actions. The action 233

a
(t)
1:Lt

is a complete environment-facing response 234

generated by the policy. In a common ReAct-style 235

setting, this action contains reasoning and tool calls 236

tokens, such as search queries or text-world actions. 237
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Figure 2: Overview of StepPO. StepPO reformulates agentic RL as a step-level MDP with step-native trajectory
representation, step-level credit assignment, and step-level importance sampling for multi-turn optimization.

The policy observes s
(t)
1:Mt

, emits a
(t)
1:Lt

, receives238

reward rt, and then transitions to the next state239

s
(t+1)
1:Mt+1

. These form a step-level trajectory τ , and240

the resulting step-level policy objective J(θ) is:241

τ = {(s(t)1:Mt
, a

(t)
1:Lt

, rt, s
(t+1)
1:Mt+1

)}Tt=1,

J(θ) = Eτ∼πθ

[
T∑
t=1

γt−1rt

]
,

(4)242

where T is the trajectory horizon and πθ is the pol-243

icy parameterized by θ. During autoregressive de-244

coding, newly generated tokens are incrementally245

appended to the current action prefix until the ac-246

tion terminates. The environment transition occurs247

only after the complete action is executed and the248

returned observation tokens are incorporated into249

s
(t+1)
1:Mt+1

. This differs from the token-level MDP in250

Eq. 1, where each newly generated token immedi-251

ately induces a state transition.252

Step-level Trajectory Representation. In prac-253

tice, StepPO stores a full trajectory as step-native254

records rather than flattening it into a single token255

sequence. As shown in Figure 2 (a), each record256

contains the state tokens s(t)1:Mt
, the action tokens257

a
(t)
1:Lt

, and the reward rt, which is reserved for pro-258

cess rewards. Operationally, the environment ob-259

servation returned after executing a
(t)
1:Lt

is stored260

by incorporating it into the next record’s state to-261

kens s(t+1)
1:Mt+1

. This design keeps each replay unit262

aligned with an MDP transition while preserving263

the token-level likelihoods required by the trainer.264

4.2 Step-Level Credit Assignment 265

Given step-native records, StepPO computes credit 266

at the same granularity as agent decisions. In RL, 267

the advantage compares the expected return after 268

taking a specific action with the expected return 269

from the same state before that action is specified. 270

The latter is exactly the value estimated by either 271

a learned critic model or a critic-free estimator. 272

Therefore, in a step-level MDP, the value of s(t)1:Mt
273

should also be estimated before a
(t)
1:Lt

is generated. 274

StepPO uses Vϕ(s
(t)
Mt

), namely the value at the final 275

state token before the action starts, as the value 276

of this state. The reward rt denotes the reward 277

assigned to the interaction step, which may come 278

from intermediate environment feedback and ag- 279

gregated token-level rewards. As shown in Figure 280

2 (b), arranging the records by their order within 281

each trajectory then yields a step timeline on which 282

step-level advantage ÂStep
t can be computed as: 283

ÂStep
t =

T−t∑
l=0

(γλ)lδt+l,

δt = rt + γVϕ(s
(t+1)
Mt+1

)− Vϕ(s
(t)
Mt

),

(5) 284

where δt is the step-level TD residual. The resulting 285

advantage ÂStep
t is then broadcast back to the valid 286

generated tokens of the same step for the PPO-style 287

actor update. Compared with token-level GAE, 288

this avoids spreading delayed reward over surface 289

tokens that are not themselves decisions. Com- 290

pared with trajectory-level relative advantages, it 291

preserves the ability to distinguish useful and harm- 292

ful intermediate steps. 293
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Step-Level Actor Objective. The actor objective294

also follows step boundaries during policy opti-295

mization. Since a step action a
(t)
1:Lt

contains mul-296

tiple generated tokens, directly multiplying token297

importance sampling ratios would make longer ac-298

tions have systematically more extreme ratios. As299

presented in Figure 2 (c), StepPO therefore uses300

the geometric mean of token ratios as the length-301

normalized step-level importance ratio w̄t(θ):302

w̄t(θ) = exp

(
1

Lt

Lt∑
i=1

logwi
t(θ)

)
,

wi
t(θ) =

πθ(a
(t)
i | s(t)1:Mt

, a
(t)
<i)

πold(a
(t)
i | s(t)1:Mt

, a
(t)
1:<i)

,

(6)303

where πold denotes the rollout policy and wi
t(θ) is304

the ith token importance sampling ratio in the tth305

step. Let clipϵ(·) denote clipping to [1− ϵ, 1 + ϵ].306

The clipped step-level actor objective Jactor(θ) is:307

Jactor(θ) = Ea(t)∼πold(·|s(t))

[
min

(
w̄t(θ)Â

Step
t , clipϵ

(
w̄t(θ)

)
ÂStep

t

)]
.

(7)308

This design makes the step-level MDP operational309

throughout the RL pipeline. The rollout is orga-310

nized as step-level transition records, the critic es-311

timates values at s(t)Mt
, GAE propagates rewards312

across interaction steps, and the actor loss remains313

compatible with token-level likelihood training in314

standard LLM RL frameworks. StepPO therefore315

directly optimizes agent policies at the step level316

for multi-turn agent-environment interaction.317

5 Experiments318

In this section, we evaluate StepPO across four319

representative agentic scenarios, present its over-320

all performance, and conduct in-depth analyses to321

provide further insights.322

5.1 Experimental Setup323

Backbones. We instantiate StepPO on two back-324

bone models, Qwen3-1.7B and Qwen3-4B-Instruct-325

2507 (Yang et al., 2025). Across all tasks, we adopt326

an OpenAI-compatible tool calling format, with327

task-specific tool schemas. The runtime prompt328

specifies the current observation, interaction his-329

tory, available tools, and expected output format.330

Appendix B details the complete prompt templates.331

Benchmarks. We evaluate four agentic scenes. 332

For multi-hop QA, we use HotpotQA (Yang et al., 333

2018) as the in-domain benchmark and evaluate 334

out-of-domain generalization on 2Wiki (Ho et al., 335

2020) and MuSiQue (Trivedi et al., 2022). The 336

agent interacts through Wikipedia search actions 337

and terminates by producing a short answer; we 338

report answer accuracy (Acc). For academic pa- 339

per search, we evaluate on RealResearchQuery (He 340

et al., 2025) following the multi-turn retrieval set- 341

ting of PaperScout (Pan et al., 2026). The action 342

space consists of paper search and citation/refer- 343

ence expansion actions over a maintained paper 344

pool; we report post-threshold F1@all and Re- 345

call@all. For ALFWorld (Shridhar et al., 2020), 346

the agent completes household tasks in text-based 347

embodied environments by selecting admissible 348

textual commands at each step; we report win rates 349

on seen and unseen validation splits. For WebShop 350

(Yao et al., 2022a), the agent navigates a text-based 351

shopping website through page-conditioned actions 352

such as search, product clicks, option clicks, and 353

purchase; we report the average task score (Score) 354

and purchase success rate (Succ.). 355

Baselines. We compare against two families of 356

baselines. The prompting baselines include the 357

base model without RL fine-tuning and ReAct (Yao 358

et al., 2022b). The RL baselines include PPO 359

(Schulman et al., 2017), Reinforce++ (Hu, 2025), 360

GRPO (Shao et al., 2024), RLOO (Ahmadian et al., 361

2024), and GiGPO (Feng et al., 2026). Within each 362

benchmark, RL baselines share the same backbone 363

model, training data, task description, tool inter- 364

face, hyperparameter budget, and evaluation proto- 365

col; they differ only in their RL algorithm design. 366

Training Details. Our implementation follows 367

the Agent-R1 agent-training framework (Cheng 368

et al., 2025) and uses veRL as the backend RL 369

framework (Sheng et al., 2025). Experiments are 370

run on a server with 8 NVIDIA H100 GPUs. Un- 371

less otherwise specified, we set the actor learning 372

rate to 1×10−6, the critic learning rate to 1×10−5 373

for critic-based methods, the training batch size to 374

128, and the actor micro-batch size to 4 per GPU. 375

Group-based baselines use 8 rollouts per prompt 376

and a batch size of 16, yielding an effective batch 377

size of 128 for fair comparison. We use the same 378

discount factor γ = 0.99, GAE trace parameter 379

λ = 1.0 across tasks and set the actor-side KL 380

regularization coefficient to 0.001. Detailed param- 381

eters are provided in Appendix A. 382

5



Table 2: Main results across multi-hop QA, academic paper search, ALFWorld, and WebShop. HotpotQA is
in-domain (†), while 2Wiki and MuSiQue are out-of-domain (⋆). MDP and Credit Ass. denote the granularity of
decision modeling and credit assignment. Bold means the best and underline is the second best.

Method MDP Credit Ass. HotpotQA† 2Wiki⋆ MuSiQue⋆ RealResearchQuery ALFWorld WebShop

F1@all Recall@all Seen Unseen Score Succ.

Qwen3-1.7B
+ ReAct – – 3.62 2.24 0.50 0.005 0.012 2.86 2.24 2.03 0.80
+ PPO Token Token 38.00 50.12 16.55 0.284 0.514 67.14 69.40 59.12 34.60
+ Reinforce++ Token Token 37.92 49.01 17.09 0.281 0.521 65.00 68.66 61.34 35.40
+ GRPO Token Traj. 36.76 48.30 16.88 0.275 0.530 73.57 75.37 63.15 36.20
+ RLOO Token Traj. 37.41 47.26 15.93 0.279 0.536 71.43 73.88 65.74 35.00
+ GSPO Token Traj. 39.12 46.83 17.46 0.264 0.541 67.86 67.91 59.03 32.40
+ GiGPO Step Traj. 40.85 52.43 18.37 0.298 0.545 70.00 69.40 66.92 41.80
+ StepPO Step Step 44.86 56.17 21.56 0.314 0.551 75.00 79.10 69.88 45.00

Qwen3-4B-Instruct-2507
+ ReAct – – 37.45 48.59 10.26 0.171 0.193 7.14 2.99 51.58 23.80
+ PPO Token Token 56.75 58.92 19.82 0.303 0.531 76.43 72.39 70.18 46.00
+ Reinforce++ Token Token 55.94 60.48 21.72 0.286 0.548 72.86 71.64 67.84 47.20
+ GRPO Token Traj. 56.61 63.33 25.07 0.294 0.572 81.43 74.63 65.83 44.20
+ RLOO Token Traj. 56.31 61.85 23.91 0.297 0.563 75.71 70.90 62.49 42.60
+ GSPO Token Traj. 57.08 56.14 22.59 0.289 0.552 79.29 77.61 69.78 48.80
+ GiGPO Step Traj. 58.14 61.27 23.50 0.306 0.567 88.57 79.10 67.13 50.00
+ StepPO Step Step 63.78 66.16 29.87 0.327 0.585 92.14 85.82 77.52 57.80

5.2 Main Results383

Table 2 reports the main results, with all num-384

bers averaged over three random seeds. StepPO385

achieves the best performance on every metric for386

both backbone models, showing consistent gains387

across tasks. On multi-hop QA, StepPO outper-388

forms all baselines on in-domain HotpotQA and389

remains strongest on out-of-domain 2Wiki and390

MuSiQue, indicating that step-centric optimiza-391

tion transfers beyond training. This advantage ex-392

tends to non-QA agentic environments: StepPO393

achieves the best paper-search results on RealRe-394

searchQuery, the highest seen and unseen win rates395

on ALFWorld, and the best task score and pur-396

chase success rate on WebShop. Regarding the397

low scores of Qwen3-1.7B under ReAct prompting,398

we observe that these scores mainly stem from the399

model’s failure to follow our tool-calling format,400

while RL training substantially improves its perfor-401

mance. These results suggest that aligning MDP402

formulation and credit assignment with interaction403

steps is important for LLM agent training.404

5.3 Ablation Study405

We study the contribution of two key components406

in StepPO: step-level GAE for credit assignment407

and step-level importance sampling (IS) for policy408

optimization. As shown in Figure 3, removing ei-409

ther component consistently degrades performance410

across all tasks, indicating that both credit estima-411

tion and policy-ratio computation should follow412
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Figure 3: Ablation results across four benchmarks. Re-
moving step-level GAE or step-level importance sam-
pling consistently hurts performance.

interaction-step boundaries. The variant without 413

step-level GAE suffers more on long-horizon tasks, 414

suggesting that poorly aligned credit assignment 415

weakens intermediate decision modeling. The vari- 416

ant without step-level IS also underperforms the 417

full model, showing that step-level ratio aggrega- 418

tion stabilizes updates for multi-token actions. Re- 419

moving both components yields the weakest results, 420

confirming the benefit of joint step-level alignment. 421

5.4 In-Depth Analysis 422

Training Dynamics Analysis. Figure 4 further 423

compares the optimization behavior of different 424

RL methods on HotpotQA and ALFWorld. On 425

both tasks, StepPO achieves the highest reward 426
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Figure 4: Training dynamics on HotpotQA and ALFWorld. We compare StepPO with PPO, GRPO, and GiGPO in
terms of reward and with PPO in terms of critic loss across training steps. StepPO achieves higher rewards on both
tasks while maintaining a lower critic loss, indicating more efficient learning and more accurate value estimation.
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Figure 5: ALFWorld step-wise difficulty analysis
grouped by human-annotated golden steps. Delta steps
measure the gap between actual and golden step counts.

throughout most of training and continues to im-427

prove as training proceeds, while PPO, GRPO, and428

GiGPO either converge to lower rewards or im-429

prove more slowly. The critic-loss curves provide430

a complementary view of stability: on HotpotQA,431

StepPO keeps the critic loss consistently low after432

the initial updates, whereas PPO remains notice-433

ably higher; on ALFWorld, PPO’s critic loss fluctu-434

ates substantially as the interaction horizon grows,435

while StepPO maintains a more controlled loss de-436

spite achieving stronger rewards. These results in-437

dicate that modeling trajectories at the interaction-438

step level not only improves policy quality but also439

leads to accurate value estimation during training.440

Step-Wise Difficulty Analysis. We analyze ALF-441

World validation tasks by their human-annotated442

golden steps, where golden steps denote the mini-443

mum human-verified action sequence required to444

complete each task. Figure 5 evaluates two aspects445

for each step-count group: the success rate and446

the delta steps between the actual number of agent447

steps and the golden step count. As the required448

number of golden steps increases, tasks become449

harder and all methods show some degradation.450

However, StepPO exhibits a smaller drop in suc-451

cess rate than PPO and GRPO, especially in longer-452

Table 3: Tool-use behavior on the academic paper search
task. We report the average response tokens of complete
trajectory, search calls, expansion calls, and F1@all.

Method Res. Tokens Search Expand F1@all

PPO 2719.78 1.98 16.76 0.284
GRPO 2951.57 2.74 15.48 0.294
GiGPO 2814.79 4.57 16.54 0.306
StepPO 2646.35 3.21 19.84 0.314

horizon groups. It also maintains a consistently 453

smaller step gap, indicating that its trajectories re- 454

main closer to the human-annotated golden plans. 455

These trends suggest that StepPO learns trajectories 456

that are not only more successful but also closer to 457

human-verified solution paths, especially as tasks 458

require more interaction steps. 459

Tool-Use Behavior Analysis. Table 3 analyzes 460

how different RL methods use the retrieval tools in 461

the academic paper search. StepPO achieves the 462

best F1@all while using the fewest response tokens, 463

indicating that its gains come from more effective 464

interaction decisions rather than simply longer rea- 465

soning. Compared with PPO, GRPO, and GiGPO, 466

StepPO performs substantially more citation and 467

reference expansion actions, suggesting that step- 468

level optimization encourages the agent to exploit 469

the citation graph more effectively for paper explo- 470

ration. Although GiGPO issues more search calls, 471

StepPO obtains higher retrieval coverage by learn- 472

ing a more balanced search-and-expand strategy. 473

This pattern shows that step-level credit assignment 474

better aligns policy optimization with the behavior 475

required by academic paper search. 476

Credit Assignment Analysis. Table 4 studies 477

how GAE granularity affects WebShop under dif- 478

ferent λ values. When λ decreases from 0.99 to 479

0.95, token-level GAE shows a much larger score 480

drop than step-level GAE (13.09% vs. 5.53%). In 481

7



Query: crypto-based private learning Rel. = Relevant, Irr. = Irrelevant, Dup. = DuplicateTools: Search + Expand

Step 1: Search Step 2: Expand
”crypto-based 
private learning”

- 1412.6181 [New]
- 2403.14111 [New]
- 2205.13265 [New]
-  . . .

0 1

𝑉1 = 𝟎. 𝟑𝟐

0 1

𝐴1 = +𝟎. 𝟒𝟏

-1

Step 3: Expand Step 4: Search Step 5: Expand
”privacy-preserving 
federated learning”

- 1412.6181 [Dup.]
- 2303.08570 [New]
- 2205.13265 [Dup.]
-  . . .

”Expand paper id 
2403.1411”

- 2205.11935 [Rel.]
- 2402.09059 [Irr.]
- 2409.16675 [Irr.]
-  . . .

0 1

𝑉2 = 𝟎. 𝟒𝟕

0 1

𝐴2 = −𝟎. 𝟒𝟎

-1

”Expand paper id 
2205.11935”

- 2208.06015 [Rel.]
- 2302.02577 [Rel.]
- 2312.04450 [Rel.]
-  . . .

0 1

𝑉3 = 𝟎. 𝟓𝟑

0 1

𝐴3 = +𝟎. 𝟐𝟓

-1

0 1

𝑉4 = 𝟎. 𝟒𝟖

0 1

𝐴4 = −𝟎. 𝟐𝟔

-1

- 2102.07623 [Rel.]
- 2307.15554 [Rel.]
- 2401.05695 [Rel.]
-  . . .

”Expand paper id 
2303.08570”

0 1

𝑉5 = 𝟎. 𝟔𝟒

0 1

𝐴5 = +𝟎. 𝟑𝟔

-1

Figure 6: Case study of StepPO on the academic paper search task. Step-level values and advantages assign positive
credit to productive decisions while down-weighting less useful steps, enabling efficient paper search exploration.

Table 4: Effect of GAE granularity under λ = 0.99
and 0.95 on WebShop. Step-level GAE shows a smaller
score drop when λ decreases.

Params. Res. Tokens Avg. Steps Score

Token-level GAE
λ = 0.99 249.18 4.48 72.12
λ = 0.95 276.86 4.23 62.68

Rel. change +11.11% -5.58% -13.09%

Step-level GAE
λ = 0.99 142.96 4.91 77.52
λ = 0.95 184.23 4.15 73.23

Rel. change +28.87% -15.48% -5.53%

GAE, a delayed reward propagated backward by n482

positions is weighted by roughly λn. Token-level483

GAE propagates rewards across generated tokens,484

yielding a decay scale of about λL×T , where L485

is the average response length and T is the num-486

ber of interaction steps. Step-level GAE instead487

propagates rewards across steps, yielding about λT .488

Thus, reducing λ weakens token-level advantages489

more sharply. These results show that step-level490

credit assignment better preserves delayed reward491

signals in long-text, multi-step agent interactions.492

Efficiency Analysis. StepPO introduces negligi-493

ble additional training overhead over PPO. The roll-494

out and environment interaction remain unchanged,495

since both methods execute the same agent tra-496

jectories. The actor update also follows the same497

PPO-style objective. For the critic, StepPO esti-498

mates values only at step boundaries rather than all499

generated tokens, making supervision more com-500

pact. Advantage computation is lighter because it501

operates over interaction steps, though it accounts502

for only a small fraction of training time. Overall, 503

StepPO keeps a similar per-iteration time to PPO, 504

while its improved optimization can reduce the to- 505

tal cost needed to reach the same performance. Full 506

comparison results are provided in Appendix C. 507

5.5 Case Study 508

Figure 6 shows an academic paper search example 509

from StepPO. The state value generally increases 510

as the paper pool becomes richer and more rel- 511

evant. StepPO also assigns different advantages 512

to different steps: effective search and expansion 513

steps receive positive advantages, while low-yield 514

steps receive smaller or negative advantages. This 515

case shows that StepPO assigns credit to specific 516

interaction decisions, better matching multi-turn 517

tool-augmented agent behavior. The full case is 518

provided in Appendix D. 519

6 Conclusion 520

In this work, we propose StepPO, a step-centric 521

paradigm for agentic RL that addresses the gran- 522

ularity mismatch between token-level optimiza- 523

tion and step-level agent decisions. StepPO re- 524

formulates agent execution as a step-level MDP 525

and aligns credit assignment and policy optimiza- 526

tion with interaction steps. Experiments across 527

multi-hop QA, academic paper search, and text- 528

world action tasks show that StepPO consistently 529

improves performance over representative RL base- 530

lines. Further analyses show that step-level opti- 531

mization improves training stability, value estima- 532

tion, and long-horizon decision making. We hope 533

this step-centric perspective provides a useful path 534

for training more capable LLM agents. 535
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Limitations536

Our work has several limitations. First, although537

StepPO does not introduce additional computa-538

tional overhead compared with PPO, it remains539

less efficient than critic-free algorithms such as540

GRPO under the same batch setting due to value541

estimation. Extending step-level optimization to542

critic-free RL algorithms is an important direction543

for future work. Second, the current study mainly544

focuses on single ReAct-style agent settings and545

does not explore more complex multi-agent or hier-546

archical systems. Whether step-level optimization547

remains effective in these settings requires further548

investigation. Third, we have not validated StepPO549

on very large backbone models, leaving its scalabil-550

ity to stronger LLM agents for future study. Finally,551

we only validate StepPO on interactive agent tasks,552

including multi-hop QA, academic paper search,553

and embodied text environments. Its effectiveness554

for broader post-training scenarios, such as align-555

ment and reasoning tasks, remains to be explored.556
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A Detailed Experimental Settings752

A.1 Datasets Preparation753

Multi-hop QA. The multi-hop QA setting uses754

HotpotQA (Yang et al., 2018) in the distractor set-755

ting as the in-domain benchmark. We train on756

the official HotpotQA training split with 90,447757

questions and evaluate in-domain performance on758

the development split with 7,405 questions, where759

each question is paired with 10 Wikipedia context760

paragraphs. To evaluate cross-dataset generaliza-761

tion, we further test on the development splits of762

2Wiki (Ho et al., 2020) and MuSiQue (Trivedi et al.,763

2022), containing 12,576 and 2,417 questions re-764

spectively; these examples are used only for evalu-765

ation and do not participate in parameter updates766

on HotpotQA. The reward is the normalized exact-767

match score between the predicted answer and the768

gold answer, and we report answer accuracy (Acc).769

Academic Paper Search. Academic paper770

search follows the multi-turn paper discovery set-771

ting studied in PaperScout (Pan et al., 2026). The772

query data are built from RealResearchQuery (He773

et al., 2025), with 33,551 research queries for train-774

ing and 50 queries for testing. Retrieved papers775

are evaluated against query-level relevance annota-776

tions. Reward and inference scoring use pasa-7b-777

selector2, a Qwen2.5-7B based model optimized778

for relevance assessment, which is not exposed779

as an agent tool. For each newly discovered pa-780

per, the selector takes the research query together781

with the paper title and abstract, and returns a rele-782

vance score. During training, papers with near-zero783

selector scores are discarded, and each search or784

expansion step receives the sum of the top three785

newly discovered relevance scores, minus optional786

action cost; repeated search queries and invalid787

or repeated expansions receive a penalty of −0.5.788

During inference, the same selector scores the final789

paper pool, and we report post-threshold F1@all790

and Recall@all against the annotated arXiv IDs.791

ALFWorld. ALFWorld (Shridhar et al., 2020) is792

a text-based embodied household task benchmark.793

We filter the official household task data to solv-794

able tasks from supported task types and use 3,553795

training tasks, 140 valid-seen tasks, and 134 valid-796

unseen tasks, covering six task families: examin-797

ing objects under light, pick-and-place, clean-and-798

place, cool-and-place, heat-and-place, and pick-799

2https://huggingface.co/bytedance-research/
pasa-7b-selector

two-and-place. Each episode provides a goal in- 800

struction and is evaluated by whether the agent 801

completes the specified household task. The termi- 802

nal reward follows the environment’s task-success 803

signal, and we report win rate on the seen and un- 804

seen validation splits. 805

WebShop. WebShop (Yao et al., 2022a) is a text- 806

based e-commerce navigation benchmark in which 807

each goal specifies a shopping instruction. We use 808

the full product setting, which contains approxi- 809

mately 1.18 million products and 12,087 prede- 810

fined shopping goals. The split uses 11,587 goals 811

for training and 500 goals for development. The 812

reward is the WebShop task score computed from 813

whether the purchased item satisfies the instruc- 814

tion and matches required product attributes, with 815

purchase completion as an additional success sig- 816

nal. We report both average task score (Score) and 817

purchase success rate (Succ.). 818

A.2 RL Environment Construction 819

Multi-hop QA. The multi-hop QA environ- 820

ment provides a dense retrieval interface over 821

benchmark-specific Wikipedia paragraph indexes. 822

For HotpotQA, the retrieval corpus is built by dedu- 823

plicating all distractor context paragraphs from the 824

training and development splits, yielding 509,308 825

passages. For cross-dataset evaluation, 2Wiki 826

and MuSiQue use separate indexes built from 827

the official full Wikipedia paragraph corpus with 828

5,902,082 passages and the deduplicated union of 829

MuSiQue question-linked passages with 139,416 830

passages, respectively. We encode passages with 831

BAAI/bge-large-en-v1.5 and index them with 832

FAISS. At each step, the agent observes the ques- 833

tion, retrieved passages, previous search queries, 834

and format feedback. It can issue up to 4 parallel 835

search(query) calls per step, and the maximum 836

horizon is 5 steps. When the agent has enough ev- 837

idence, it terminates by outputting a short answer 838

inside <answer>...</answer> tags. 839

Academic Paper Search. The academic pa- 840

per search environment maintains a paper pool 841

for each research query and exposes two tools: 842

search(query), which retrieves papers from an 843

academic search service, and expand(paper_id), 844

which expands the citations and references of a 845

paper already in the pool. The paper corpus is 846

constructed from a January 2026 Semantic Scholar 847
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snapshot3 by retaining arXiv papers with abstracts,848

resulting in approximately 3 million papers and849

30 million in-corpus citation edges. The retrieval850

API supports sparse retrieval with a SQLite FTS5851

full-text index using BM25 ranking, dense retrieval852

with Qdrant and BGE-M3 embeddings, and hybrid853

retrieval through reciprocal-rank fusion. The de-854

fault search returns 10 papers; citation expansion855

returns up to 30 citing papers, and reference expan-856

sion returns up to 99 referenced papers. At each857

step, the agent observes the user query, the current858

paper pool, and previous search or expansion ac-859

tions. It can make up to 5 parallel tool calls per860

step, and the maximum horizon is 5 steps.861

ALFWorld. The ALFWorld environment is built862

on TextWorld. Each episode corresponds to a863

packaged TextWorld game file, and the runtime864

wrapper loads one game as an independent inter-865

action instance. At each step, the wrapper returns866

the current textual observation and the admissible-867

command list, and the agent must submit exactly868

one command that matches the list through the869

environment-step tool. These commands include870

navigation and household operations such as mov-871

ing, opening or closing objects, taking objects, and872

placing objects. Task success is determined by the873

won signal returned by the environment. For each874

agent step, the prompt is reconstructed from the875

current observation and history actions rather than876

accumulated as a full multi-turn dialogue, match-877

ing the step-level MDP formulation. We set the878

maximum horizon to 20 interaction steps.879

WebShop. The WebShop environment is imple-880

mented as a self-hosted HTTP shopping simula-881

tor. It builds a SQLite product store and a Lucene882

full-text search index over the full product cata-883

log. During training, the client interacts with the884

server through reset and step calls: reset initializes885

a shopping goal, and each step applies one exe-886

cutable action to the current page state. Available887

actions are generated dynamically from the current888

page, including keyword search, product clicks, op-889

tion selection, back navigation, and purchase. The890

agent issues one action through the environment-891

step tool and receives the next page observation.892

Each agent step reconstructs the prompt from the893

current observation and recent action history rather894

than carrying a full dialogue transcript. We set the895

maximum horizon to 15 interaction steps.896

3https://api.semanticscholar.org/api-docs/datasets

A.3 Baselines 897

ReAct-style Prompting. The prompting baseline 898

evaluates the pretrained backbone without RL fine- 899

tuning. The model uses the same task prompts 900

and tool schemas as the RL methods, and follows 901

a ReAct-style format (Yao et al., 2022b) that in- 902

terleaves reasoning traces and environment-facing 903

actions. This baseline measures the capability of 904

the pretrained policy under the target interaction 905

protocol before policy optimization. 906

PPO. PPO (Schulman et al., 2017) is imple- 907

mented as the token-level GAE baseline. It uses 908

a learned critic and estimates advantages at token 909

granularity. This baseline keeps the conventional 910

LLM RL view that generated tokens are the opti- 911

mization unit, even though the environment state 912

changes only after a complete interaction response. 913

Reinforce++. Reinforce++ (Hu, 2025) is a critic- 914

free token-level return baseline. It computes dis- 915

counted returns over valid generated tokens and 916

applies masked whitening. We also include the 917

Reinforce++ baseline variant, which subtracts the 918

same-prompt rollout-group average return before 919

broadcasting the resulting trajectory advantage to 920

valid tokens. 921

GRPO. GRPO (Shao et al., 2024) is a critic-free 922

group-relative baseline. For each prompt, it sam- 923

ples multiple rollouts and computes a trajectory- 924

level relative advantage from the group rewards. 925

We use 8 rollouts per prompt by default and reduce 926

the effective prompt batch size accordingly to keep 927

the update budget comparable. 928

RLOO. RLOO (Ahmadian et al., 2024) is an- 929

other trajectory-level group baseline. It computes 930

each rollout’s baseline from the average reward of 931

the other rollouts in the same prompt group, leaving 932

out the current rollout’s own reward. The resulting 933

advantage is still assigned at trajectory granularity. 934

GSPO. GSPO (Zheng et al., 2025) is used as 935

a sequence-level policy-loss baseline. In our im- 936

plementation, it keeps the GRPO trajectory-level 937

advantage estimator and replaces the token-level 938

policy ratio with a sequence-level ratio objective. 939

This isolates the effect of the sequence-level policy 940

loss from StepPO’s step-level credit assignment. 941

GiGPO. GiGPO (Feng et al., 2026) is a critic- 942

free baseline that combines trajectory-level group 943

comparison with grouped step-level information. 944
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Table 5: Key optimization hyperparameters used in the main experiments. The critic learning rate applies to
critic-based methods, including StepPO and PPO.

Hyperparameter HotpotQA RealResearchQuery ALFWorld WebShop

Actor learning rate 1× 10−6 1× 10−6 1× 10−6 1× 10−6

Critic learning rate 1× 10−5 1× 10−5 1× 10−5 1× 10−5

Max prompt length 10240 10240 8192 16384
Max response length 1024 4096 4096 4096
StepPO train batch 128 128 128 128
GRPO rollout number 8 8 8 8
Actor micro batch 4 4 4 4
Max environment steps 5 5 20 15

It introduces a step-advantage component grouped945

by anchor observations, but does not learn a value946

function. We include it as a strong comparison for947

finer-grained agent credit assignment.948

A.4 Training Settings949

Our implementation follows the Agent-R1 agent-950

training framework (Cheng et al., 2025) and uses951

veRL as the backend RL framework (Sheng et al.,952

2025), with vLLM generation (Kwon et al., 2023).953

Experiments are run on a server with 8 NVIDIA954

H100 GPUs. Unless otherwise specified, we set the955

actor learning rate to 1× 10−6, the critic learning956

rate to 1× 10−5 for critic-based methods, the train-957

ing batch size to 128, and the actor micro-batch958

size to 4 per GPU. Group-based baselines use 8959

rollouts per prompt and a batch size of 16, yielding960

an effective batch size of 128 for fair comparison.961

We use the same discount factor γ = 0.99 and962

GAE trace parameter λ = 1.0 across tasks, and963

set the actor-side KL regularization coefficient to964

0.001. Within each benchmark, all RL methods965

share the same backbone model, training data, task966

description, tool interface, hyperparameter budget,967

and evaluation protocol; they differ only in their968

RL algorithm design. StepPO and PPO enable the969

critic, while GRPO, RLOO, Reinforce++, GSPO,970

and GiGPO are critic-free baselines according to971

their estimator definitions.972

B Prompt Templates973

This appendix lists the prompt templates used to974

instantiate the tool-calling interface described in975

Section 5. The prompt field stored in each dataset976

row contains the task input, such as the HotpotQA977

question, paper-search query, ALFWorld goal, or978

WebShop shopping instruction. During rollout,979

the agent flow reconstructs a step prompt from980

Table 6: Training time per iteration. Units are seconds
per iteration (s/iteration).

Method Rollout Time Actor Update Critic Update

PPO 14.12 76.65 104.60
StepPO 14.01 74.35 93.18

the current observation or retrieved evidence, ac- 981

tion history, available tools or admissible actions, 982

and expected output format. This construction 983

matches the step-level MDP formulation: each 984

prompt represents the current interaction state, and 985

each model response is parsed as one environment- 986

facing action. We preserve placeholders such as 987

{observation} and {history_actions} because 988

they are populated at rollout time. 989

C Training Efficiency 990

Table 6 reports the measured training time of PPO 991

and StepPO under the same rollout and update set- 992

ting. StepPO keeps the rollout process and actor 993

update unchanged relative to PPO, and its critic 994

update remains comparable because values are es- 995

timated only at interaction-step boundaries. These 996

results show that StepPO does not introduce addi- 997

tional training computation in practice. 998

D Representative Trajectory 999

To complement the case study in Section 5, we 1000

include a shortened academic paper search tra- 1001

jectory. The example illustrates how the agent 1002

grows a paper pool through search and citation/ref- 1003

erence expansion, while selecting actions at the 1004

same interaction-step granularity used by StepPO. 1005

It is lightly edited from a real rollout: long ob- 1006

servations, full paper lists, and repetitive parallel 1007

tool calls are abbreviated with ellipses, while the 1008

step-level decision pattern is preserved. 1009
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HotpotQA Prompt

You are a research agent. Your goal is to answer the User Query using
Wikipedia search evidence.

User Query
{user_query}

History Actions
{history_actions}

Retrieved Passages
{passage_list}

Recent tool / format issues
{tool_feedback}

Instructions
- Analyze the Retrieved Passages and History Actions to determine the next set
of actions. Enclose your analysis of the state and decision logic within
`<analysis>...</analysis>` tags.
- You support parallel tool calling. You should output multiple tool calls in a
single step if several independent actions are valuable at the current state.
- Attend to the history actions and avoid repeating the same search queries.
When you can answer the question from the current passages, put the short final
answer inside `<answer></answer>` tags instead of further tool calls.

Tool Definition
{
"type": "function",
"function": {
"name": "search",

"description": "Search Wikipedia for passages relevant to the user question. Use
natural-language or keyword queries; must differ from prior history queries
when possible.",

"parameters": {
"type": "object",
"properties": {
"query": {
"type": "string",

"description": "A single search query (natural language or keywords). Must
differ from all history queries when seeking new evidence."

}
},
"required": ["query"]

}
}

}
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Paper Search Prompt

You are a research agent. Your goal is to find papers relevant to the User Query.

User Query
{user_query}

History Actions
{history_actions}

Paper List
{paper_list}

Instructions
- Analyze the Paper List and History Actions to determine the next set of
actions. Enclose your analysis of the state and decision logic within
`<analysis>...</analysis>` tags.
- You support parallel tool calling. You should output multiple tool calls in a
single step if several independent actions are valuable at the current state.
- Attend to the history actions and avoid repeating the same search query or
expanding the same paper.

Tool Definitions
[
{
"type": "function",
"function": {
"name": "search",
"description": "Search for relevant papers with the hybrid retrieval API.",
"parameters": {
"type": "object",
"properties": {

"query": {
"type": "string",

"description": "A single search query in natural language or keywords.
Must differ from all history queries."

}
},
"required": ["query"]

}
}

},

{
"type": "function",
"function": {
"name": "expand",
"description": "Expand from an existing paper by merging its citations and

references to surface more related works.",
"parameters": {
"type": "object",
"properties": {

"paper_id": {

1010
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"type": "string",
"description": "The paper identifier of a paper already present in the

current paper list."
}

},
"required": ["paper_id"]

}
}

}
]

1011

Paper Search Selector Prompt

You are an elite researcher in the field of AI, conducting research on {user_query}.
Evaluate whether the following paper fully satisfies the detailed requirements of
the user query and provide your reasoning. Ensure that your decision and reasoning
are consistent.

Searched Paper:
Title: {title}
Abstract: {abstract}

User Query: {user_query}

Output format: Decision: True/False
Reason:...
Decision:

1012

16



ALFWorld Prompt

You are acting in ALFWorld TextWorld. Choose exactly one command from the provided
admissible commands each turn. You may reason briefly inside <think></think> before
acting. Call the env\_step tool with a exact command. Do not output a final answer.

Current Observation
{observation}

History Actions
{history_actions}

Admissible Commands
{admissible_commands}

Instructions
- Think briefly about the current state inside `<think>...</think>` tags.
- Use exactly one command through the `env_step` tool.
- The command must exactly match one item from `Admissible Commands`.
- Follow ALFWorld TextWorld command style such as `go to dresser 1`,
`take mug 1 from cabinet 3`, `use desklamp 1`.

- Use the official observation text as the source of truth.
- Do not output explanations or a final natural-language answer.

Output Format
<think>
[Your brief reasoning about the current state and next command.]
</think>
<tool_call>
{{"name": "env_step", "arguments": {{"command": "[one admissible command]"}}}}
</tool_call>

Tool Definition
{
"type": "function",
"function": {
"name": "env_step",
"description": "Execute one ALFWorld TextWorld command and return the next

official observation.",
"parameters": {
"type": "object",
"properties": {
"command": {

"type": "string",
"description": "A single ALFWorld TextWorld command such as `go to dresser

1`, `open cabinet 3`, `take mug 1 from cabinet 3`, `use desklamp 1`. It
must exactly match one currently admissible command."

}
},
"required": ["command"]

}
}

}

17



WebShop Prompt

You are acting in the WebShop text environment. Your goal is to find and buy
the product that best satisfies the shopping instruction. Use exactly one executable
WebShop action each turn through the env\_step tool. Do not explain.

Shopping Instruction
{instruction}

Current Observation
{observation}

Recent History
{recent_history}

Available Actions
{available_actions}

Instructions
- Use exactly one action through the `env_step` tool.
- The `command` must be one available action exactly, except replace `<your query>`

in `search[<your query>]` with concise product keywords.
- Click product ASINs, option values, `Description`, `Features`, `Reviews`, `Back

to Search`, `Back to Item`, or `Buy Now` only when listed above.
- Buy only when the selected product and options satisfy the shopping instruction.

Tool Definition
{
"type": "function",
"function": {
"name": "env_step",
"description": "Execute one WebShop action and return the next observation.",
"parameters": {
"type": "object",
"properties": {
"command": {
"type": "string",

"description": "A single action such as `search[wireless headphones]` or
`click[Buy Now]`."

}
},
"required": ["command"]

}
}

}
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Paper Search Trajectory

User Query:
crypto-based private learning

==================== Step 1 ====================
<analysis>
The paper pool is empty. The query concerns privacy-preserving learning with
cryptographic techniques, so the first step should build a broad seed pool. Use
parallel searches that cover homomorphic encryption, federated learning,
secure computation, and differential privacy. No previous queries or expanded
papers need to be avoided yet.
</analysis>
<tool_call>
{"name": "search", "arguments": {"query": "crypto-based private learning"}}
</tool_call>
<tool_call>
{"name": "search", "arguments": {"query": "homomorphic encryption ML"}}
</tool_call>
...

==================== Step 2 ====================
Observation summary:
The pool now contains seed papers on encrypted inference, private training,
federated learning, and privacy-preserving neural networks.

<analysis>
Several retrieved papers directly match the query, especially works involving
homomorphic encryption and encrypted neural-network inference. To turn the seed
pool into a connected research graph, expand the most relevant new papers. Avoid
repeating the four search queries from Step 1.
</analysis>
<tool_call>
{"name": "expand", "arguments": {"paper_id": "1412.6181"}}
</tool_call>
<tool_call>
{"name": "expand", "arguments": {"paper_id": "2403.14111"}}
</tool_call>
...

==================== Step 3 ====================
Observation summary:
Expansion surfaces papers on FHE-based inference, encrypted training, transfer
learning, transformers, and activation-function approximations.

<analysis>
The pool is now richer but still concentrated around encrypted inference. Expand
new papers that diversify the graph toward training, transformer models, secure
pipelines, and systems. Skip papers already expanded in previous steps.

1013
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</analysis>
<tool_call>
{"name": "expand", "arguments": {"paper_id": "2205.11935"}}
</tool_call>
<tool_call>
{"name": "expand", "arguments": {"paper_id": "2402.09059"}}
</tool_call>
...

==================== Step 4 ====================
Observation summary:
New papers include CryptoDL, THE-X, MedBlindTuner, CURE, Pencil, SPEED, SoK
surveys, and secure split-learning or hybrid-encryption methods.

<analysis>
The graph now covers both foundational and recent work. The next useful action
is not another broad search, but targeted citation/reference expansion from
new high-signal papers. Prioritize papers that connect FHE with training,
fine-tuning, transformers, secret sharing, or split learning. Avoid expanding
papers already marked as explored.
</analysis>
<tool_call>
{"name": "expand", "arguments": {"paper_id": "1711.05189"}}
</tool_call>
<tool_call>
{"name": "expand", "arguments": {"paper_id": "2107.14338"}}
</tool_call>
...

==================== Step 5 ====================
Observation summary:
The pool contains a broad set of relevant candidates: FHE-based neural-network
inference, private training, graph neural networks, RNN training, hybrid
HE/secret-sharing systems, functional encryption for federated learning, and
survey papers.

<analysis>
At this point, most broad directions have been covered. Expand only the remaining
new papers that add missing subtopics, such as graph learning, recurrent models,
hybrid cryptographic protocols, or comparative surveys. This final step improves
recall while avoiding repeated searches and already-expanded papers.
</analysis>
<tool_call>
{"name": "expand", "arguments": {"paper_id": "2012.09364"}}
</tool_call>
<tool_call>
{"name": "expand", "arguments": {"paper_id": "2209.11904"}}
</tool_call>
...
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