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Abstract

Large language model (LLM) agents that fol-001
low the sequential “reason-then-act” paradigm002
have achieved superior performance in many003
complex tasks. However, these methods suf-004
fer from limited exploration and incomplete005
environmental understanding, as they interact006
with only a single environment per step. In007
this paper, we first introduce a novel paradigm008
that enables an agent to interact with mul-009
tiple environments simultaneously and share010
cross-trajectory experiences. Build upon this011
paradigm, we further propose Diverse Parallel012
Exploration Policy Optimization (DPEPO), a013
reinforcement learning (RL) algorithm that en-014
courages the agent to perform diverse parallel015
exploration. There are two stages in DPEPO:016
initial supervised fine-tuning (SFT) imparts ba-017
sic parallel reasoning and action generation,018
followed by reinforcement learning stage with019
a hierarchical reward scheme. We design a par-020
allel trajectory-level success reward and two021
step-level rewards: Diverse Action Reward022
and Diverse State Transition Reward, which023
actively penalize behavioral redundancy and024
promote broad exploration. Extensive experi-025
ments on ALFWorld and ScienceWorld show026
that DPEPO achieves state-of-the-art (SOTA)027
success rates, while maintaining comparable028
efficiency to strong sequential baselines.1029

1 Introduction030

031

LLM-based autonomous agents commonly032

adopt the ReAct paradigm (Yao et al., 2023), where033

the agent alternates between reasoning and act-034

ing: it selects a single action, observes the envi-035

ronmental feedback, and then uses that observation036

to inform its next step. This “reason, then act”037

framework has shown notable success in complex,038

long-horizon tasks (Shridhar et al., 2021; Yao et al.,039

1Code is available at https://anonymous.4open.
science/r/Code-for-DPEPO-C6C5/
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Figure 1: ReAct-based agent constructs environmental
understandings from a narrow, linear view. Our DPEPO
allows agent to build comprehensive cognition of envi-
ronments from diverse parallel exploration.

2022; Wang et al., 2022) by enabling structured, 040

step-by-step reasoning. Recent work (Richens 041

et al., 2025) demonstrates that a comprehensive un- 042

derstanding of the environment is crucial for effec- 043

tive and reliable agents. However, ReAct imposes a 044

fundamental limitation: at each step, the agent can 045

perform only one action and observe a single obser- 046

vation. This restricts the breadth of environmental 047

exploration and forces the agent to construct its un- 048

derstanding from a narrow, linear view. As a result, 049

agents often develop an incomplete and biased cog- 050

nition of the environment, leading to suboptimal 051

decisions and failures in complex tasks. 052

A straightforward approach to broaden explo- 053

ration is to sample multiple independent trajecto- 054

ries for the same task. However, this naive multi- 055

sampling strategy faces two critical shortcomings: 056

(1) Lack of diversity: Despite increased output en- 057

tropy, actions sampled across multiple trials tend to 058

converge to similar choices, failing to promote truly 059

diverse exploration and preventing the agent from 060
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developing a comprehensive grasp of the environ-061

ment. (2) Inefficiency and isolation: Experiences062

from different trajectories are neither shared nor063

leveraged, meaning the agent cannot learn from064

cross-trajectory insights. Moreover, sampling mul-065

tiple trials sequentially inflates token consump-066

tion and running time, making the approach pro-067

hibitively costly for practical deployment.068

To overcome these limitations, we introduce par-069

allel exploration, a paradigm in which an agent in-070

teracts with multiple environments simultaneously.071

This allows the agent to gather diverse observations072

in parallel, share experiences across environments,073

and build a more holistic understanding of the en-074

vironment dynamics. Building on this exploration075

paradigm, we propose Diverse Parallel Exploration076

Policy Optimization (DPEPO), a novel reinforce-077

ment learning framework that endows agents with078

structured parallel exploration capabilities. After079

an initial SFT phase to acquire basic parallel rea-080

soning and action generation skills, the agent is081

optimized via a hierarchical reward scheme that en-082

courages diverse exploration at both the trajectory083

and step levels. Specifically, we design a parallel084

trajectory-level success reward and two novel step-085

level rewards: Diverse Action Reward and Diverse086

State Transition Reward, that actively penalize re-087

dundant behaviors. These rewards are combined088

through a group-relative advantage computation089

to provide multi-granularity learning signals, en-090

abling the agent to explore more broadly while stay-091

ing focused on task completion. Extensive exper-092

iments on ALFWorld and ScienceWorld, demon-093

strate that DPEPO achieves state-of-the-art success094

rates across all task splits. Notably, our analysis095

of trajectory length and token usage reveals that096

DPEPO achieves efficiency comparable to strong097

sequential baselines, despite its parallel nature.098

Our contributions are summarized as follows:099

•We propose Diverse Parallel Exploration Policy100

Optimization (DPEPO), a novel RL framework that101

pioneers parallel exploration for agents to build102

holistic environment cognition.103

• We design a Parallel Trajectory-level Success104

Reward to optimize task completion in concurrent105

multi-environment settings.106

•We propose Parallel Step-level Rewards (Diverse107

Action & State Transition) to penalize redundancy108

and foster distinct explorations.109

• Extensive experiments on ALFWorld and Sci-110

enceWorld show DPEPO achieves SOTA perfor-111

mance in terms of success rates while maintain-112

ing comparable efficiency with single exploration 113

methods. 114

2 Related Work 115

116

LLM as Autonomous Agents LLMs are increas- 117

ingly being deployed as autonomous agents across 118

a wide range of domains, including code genera- 119

tion (Zhang et al., 2024), web navigation (Abuel- 120

saad et al., 2024), smart device control (Zhang and 121

Zhang, 2024; Gur et al., 2024; Liu et al., 2025b; Ye 122

et al., 2025), external tool use (Gao et al., 2024; Shi 123

et al., 2024, 2025; Huang et al., 2025) and interac- 124

tive gaming (Shridhar et al., 2021; Yao et al., 2022; 125

Wang et al., 2022, 2023). Early LLM-based agents 126

typically relied on engineered prompting strategies 127

(Wei et al., 2022) to achieve strong performance, 128

such as ReAct (Yao et al., 2023) and Reflexion 129

(Shinn et al., 2023). Recent studies has shifted their 130

focus toward fine-tuning LLMs for agent-related 131

tasks using either SFT (Song et al., 2024; Xi et al., 132

2024) or RL (Feng et al., 2025; Zhang et al., 2025), 133

aiming to develop agents with greater generaliza- 134

tion ability and robustness, ultimately resulting in 135

more efficient and resilient behaviors compared to 136

earlier prompt-based methods. 137

Reinforcement Learning for LLM-based Agents 138

Reinforcement learning has been recognized as a 139

foundational approach for enabling LLMs to oper- 140

ate as autonomous agents in complex environments. 141

Early work in this domain primarily employed PPO 142

(Schulman et al., 2017), which allowed agents to 143

learn diverse interactive tasks while avoiding the 144

need for expensive imitation data. With the emer- 145

gence of reinforcement learning with verifiable re- 146

ward (RLVR) (Guo et al., 2025; Lambert et al., 147

2025) and group-based policy optimization (Shao 148

et al., 2024; Zheng et al., 2025; Kool et al., 2019; 149

Liu et al., 2025c), a series of studies have elimi- 150

nated complex reward model and critic model, in- 151

stead adopting rule-based reward signals: GiGPO 152

(Feng et al., 2025) proposes anchor state groups 153

to estimate the quality of specific steps; RLVMR 154

(Zhang et al., 2025) introduces meta-reasoning and 155

corresponding step-level rewards to address ineffi- 156

cient exploration; iStar (Liu et al., 2025a) estimates 157

step rewards via the LLM’s intrinsic implicit re- 158

wards. However, these methods remain constrained 159

by the sequential ReAct paradigm, which limits 160

their exploration space and maintains a narrow fo- 161
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Figure 2: Training framework of our proposed Diverse Parallel Exploration Policy Optimization (DPEPO).

cus on single-path reasoning. In this work, we intro-162

duce a novel reinforcement learning algorithm for163

training agents with more fine-grained reward shap-164

ing, drawing from the insight that more diverse and165

comprehensive exploration, helping agents build166

a better understanding of environments, thereby167

enabling them to perform tasks more effectively.168

3 Methodology169

170

In this section, we first introduce the parallel171

agent exploration framework, and then we detail172

the framework for training the LLM-based agent173

to perform parallel exploration. The overall archi-174

tecture is shown in Figure 2.175

3.1 Parallel Agent Exploration Formulation176

177

Given a task specified by a prompt and a set of178

K parallel environments E = {E1, E2, . . . , EK}179

sharing the same initial state, an LLM-based agent180

interacts with E over multiple turns until the task181

is completed or the maximum allowed step T is182

reached. Specifically, at step t, the agent selects183

a subset of all environments E ′t. Let |E ′t| denote184

the number of selected subset, due to the agent185

dynamically selects environments to interact, |E ′t|186

can vary at each step. For the selected environ-187

ments, the agent generates a set of parallel ac-188

tions At = {(Ei, at) | Ei ∈ E ′t}, which are ex-189

ecuted simultaneously in their respective environ-190

ments. The agent then observes the resulting states 191

St = {(Ei, st) | Ei ∈ E ′t}. Consequently, the 192

agent’s full trajectory can be denoted as: 193

τ = {(St, At)
}T

t=1
, (1) 194

where the trajectory τ consists a sequence of paral- 195

lel states and parallel actions. 196

3.2 Parallel Exploration Capability Cold Start 197

We begin with an SFT-based cold start stage to 198

endow the agent with foundational skills for struc- 199

tured output and parallel exploration. For the SFT 200

training data, we introduce human prior knowl- 201

edge into its synthetic pipeline. The data synthesis 202

pipeline is two steps: (1) We first manually anno- 203

tated five ground-truth trajectories. Each trajectory 204

consists of multiple steps, with some key steps con- 205

taining two or more parallel exploration actions. 206

(2) Based on these trajectories, we employ a power- 207

ful teacher LLM to annotate trajectories containing 208

parallel exploration behaviors. Finally, the agent is 209

fine-tuned on these annotated trajectories, learning 210

to imitate the parallel exploration patterns. 211

Next, we employ a reinforcement learning 212

method to train the LLM to perform better parallel 213

exploration actions by using dual-level rewards as 214

the training signal: trajectory-level and step-level. 215

3.3 Parallel Trajectory-level Success Reward 216

In this section, we extend the rule-based success re- 217

ward to parallel setting. Formally, given a task, par- 218

allel environments E , agent interaction trajectory 219
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τ and task success state G, the parallel trajectory-220

level success reward is calculated as follows:221

Rtraj(τ) =

{
1 if ST ∩ G ̸= ∅,
0, otherwise.

(2)222

This parallel trajectory-level success reward signi-223

fies that when any state in ST reaches a goal state,224

the overall trajectory is considered successful. This225

reward provides a important training signal that226

guides the agent to complete the task.227

3.4 Parallel Step-level Rewards228

The trajectory-level reward provides an important229

yet coarse-grained signal, failing to assess individ-230

ual steps with parallel actions. To provide fine-231

grained guidance for diverse exploration and better232

information acquisition, we introduce two novel233

step-level and diversity-driven rewards: Diverse234

Action Reward and Diverse State Transition Re-235

ward. These rewards discourage redundant explo-236

ration behavior, forcing the agent to gather more237

information for making better decisions. These238

dense, step-level reward signals complement the239

sparse trajectory-level reward, together providing a240

multi-granularity learning signal for parallel agent.241

Diverse Action Reward To incentivize diverse242

exploration behavior, we define a composite reward243

that incorporates both depth-wise (within a single244

environment) and width-wise (across different en-245

vironments at the same step) considerations.246

Formally, at step t, given the selected environ-247

ments E ′t and generated parallel actions At. We248

compute this reward as follows:249

Raction(At) =
1

|E ′t|
∑

Ei∈Et′
αCdepth(Ei,at)+ωCwidth(At),

(3)250

where Cdepth(Ei, at) is the number of repetitions of251

action at in environment Ei, ωCwidth(At) is the num-252

ber of repeated actions inAt. The α, ω ∈ (0, 1] are253

discount factors corresponding to depth-wise and254

width-wise rewards. The Diverse Action Reward255

encourages diversity within each environment and256

between parallel environments.257

Diverse State Transition Reward Beyond in-258

dividual actions, we further propose the diverse259

state transition reward to discourage the agent from260

repeating the same state-action transitions, this re-261

ward also operates at both depth and width level.262

At step t, for each environment in selected E ′t, the263

agent observes state st, takes an action at, define264

this state-action transition as pt = st → at. The 265

parallel state St and parallel actions At result in 266

parallel state-action transition {(Ei, pt)|Ei ∈ E ′t}. 267

We compute this reward as follows: 268

Rtransition(At) =
1

|E ′t|
∑
Ei∈E ′

t

γMdepth(Ei,pt)

+
1

|E ′t|
∑
Ei∈E ′

t

βMwidth(Ei,pt),

(4) 269

where Mdepth(Ei, pt) measures the recurrence of 270

the transition pt within the environment Ei, and 271

Mwidth(Ei, pt) counts how many other selected en- 272

vironments have previously observed the same tran- 273

sition. The γ, β ∈ (0, 1] are discount factors for 274

the depth-wise and width-wise terms, respectively. 275

Step-Level Composite Reward The final reward 276

for step At is the average of Diverse Action Re- 277

ward and Diverse State Transition Reward: 278

Rstep(At) =
Raction(At) +Rtransition(At)

2
.

(5) 279

This reward provides a dense, multi-granularity pol- 280

icy optimizing signal that actively promotes diverse 281

and efficient exploration. 282

3.5 Policy Optimization 283

Similar to GRPO (Shao et al., 2024), DPEPO elim- 284

inates the critic model and instead estimates the 285

advantages of trajectories through group sampling 286

and relative advantage computation. For a given 287

task, we sample a group G containing N trajecto- 288

ries {τ}Ni=1, each trajectory paired with its corre- 289

sponding trajectory reward Rtraj(τi): 290

G =
{
(τi, Rtraj(τi))

}N

i=1
. (6) 291

We then access the advantage of each trajectory by 292

normalizing its reward using group-level statistics: 293

Φtraj(τi) =
R(τi)−mean

(
{R(τj)}Nj=1

)
std

(
{R(τj)}Nj=1

) . (7) 294

The trajectory-level advantage Φtraj(τi) reflects 295

the agent’s overall success in completing the task. 296

Similar to standard GRPO, it performs on outcome- 297

level credit assignment, encouraging policy to de- 298

velop long-horizon behaviors to complete the task. 299

We use this trajectory-level advantage as the base 300

advantage for more fine-grained, step-level advan- 301

tage computation. More specifically, at step t, 302
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given a step Ai,t in trajectories τi with its associated303

step reward Rstep(Ai,t), we compute the step-level304

advantage by combining this immediate reward305

with the global trajectory advantage:306

Φstep(Ai,t) =

{
Rstep(Ai,t), if Φtraj(τi) > 0,

2−Rstep(Ai,t), otherwise.
(8)307308

Φ(Ai,t) = Φstep(Ai,t) · Φtraj(τi). (9)309

This combined advantage provides hierarchical su-310

pervision by assigning credit at both trajectory and311

step scales, thereby enabling the learned policies to312

exhibit more diverse behaviors across parallel en-313

vironments. We then optimize the policy for each314

step using the same objective as GRPO. The pseudo315

code for our algorithm can be found in Appendix D.316

317

4 Experimental Setup318

4.1 Datasets319

We train and evaluate the LLM-based agents on320

two challenging benchmarks: ALFWorld (Shridhar321

et al., 2021) and ScienceWorld (Wang et al., 2022).322

ALFWorld is a text-based interactive environment323

where agents perform everyday household tasks324

through multi-step reasoning and interactions. It325

presents goals like “put the pencil on the desk”,326

requiring agents to explore simulated rooms based327

on common sense. The environment is fully text-328

based and only returns a reward signal upon final329

success or failure. ScienceWorld is a simulated330

benchmark designed to evaluate scientific agent’s331

reasoning capabilities across diverse elementary332

science topics. It includes tasks from 10 domains,333

including electricity, life cycles, and chemical reac-334

tions. Each task consists of multiple intermediate335

sub-goals that agents must complete sequentially.336

4.2 Baselines337

For ALFWorld and ScienceWorld, we compare338

our approach with a range of competitive base-339

lines under the ReAct paradigm: (1) Closed-source340

LLMs: GPT-4o (Hurst et al., 2024), DeepSeek-341

V3 (Liu et al., 2024), and DeepSeek-R1 (Guo342

et al., 2025), which show superior performance343

on various natural language tasks. (2) A se-344

ries of RL methods: GRPO (Shao et al., 2024),345

which performs advantage estimation over trajec-346

tory groups; GiGPO (Feng et al., 2025), intro-347

ducing step-level advantage through anchor state348

grouping; RLVMR (Zhang et al., 2025), which pro-349

poses meta-reasoning rewards to address inefficient350

exploration; and SPEAR (Qin et al., 2025), leverag- 351

ing self-imitation and intrinsic rewards to improve 352

the exploration–exploitation balance. 353

4.3 Implementation Details 354

We conduct experiments on various model sizes 355

of Qwen2.5-Instruct (Yang et al., 2025b) and 356

Qwen3 (Yang et al., 2025a). For cold start train- 357

ing, we annotate approximately 500 and 1,000 for 358

ALFWorld and ScienceWorld, respectively. For re- 359

inforcement learning stage, the number of training 360

sample is 500, the temperature for rollout is 0.4, the 361

rollout group size N is set to 8 for ALFWorld and 362

4 for ScienceWorld, with 1 epoch and a total of 125 363

training steps. The max step is 25, and the number 364

of parallel environments is 4. Full hyperparameter 365

details and prompts used for training are provided 366

in Appendix B and Appendix C. 367

5 Experimental Results 368

5.1 Overall Performance 369

Table 1 demonstrates the performance of DPEPO 370

and baselines on ALFWorld and ScienceWorld 371

datasets. As illustrated, closed-source LLMs ex- 372

hibit only limited performance: On ALFWorld, 373

DeepSeek-R1 achieves a success rate of 80.1%, 374

and on ScienceWorld, GPT-4o reaches 45.2%. Un- 375

der the ReACT paradigm, RL training yields sub- 376

stantial improvements: GRPO raises the average 377

success rate on ALFWorld to 72.0% for the 1.5B 378

model and 77.5% for the 7B model, demonstrat- 379

ing the effectiveness of rule-based success reward. 380

However, the coarse-grained nature of this re- 381

ward limits further performance gains. In contrast, 382

GiGPO, SPEAR and RLVMR address this issue by 383

incorporating step-level rewards that provide more 384

fine-grained optimization signals for intermediate 385

reasoning steps. Among these methods, RLVMR 386

achieves the strongest performance, with average 387

success rates of 91.6% on ALFWorld and 47.5% on 388

ScienceWorld. Despite the demonstrated effective- 389

ness of these RL methods, they remain constrained 390

by the ReAct paradigm, which restricts the breadth 391

of environmental exploration and forces the agent 392

to construct its understanding from a narrow, linear 393

view. Our proposed DPEPO addresses this limi- 394

tation through parallel exploration and diversity- 395

driven rewards, achieving the best results: 98.2% 396

on ALFWorld and 61.4% on ScienceWorld. It also 397

demonstrates strong generalization on unseen ALF- 398

World tasks and on the L1 and L2 splits of Sci- 399
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Method
ALFWorld ScienceWorld

Pick Cool Heat Look Pick2 Clean All OOD Avg. L0 L1 L2 Avg.

Frontier LLMs
GPT-4o 75.3 21.6 56.7 60.8 49.8 31.2 48.0 66.0 57.0 45.4 49.2 41.0 45.2
DeepSeek-V3 71.4 76.0 81.3 61.5 75.0 77.8 74.3 80.6 77.5 27.3 35.2 26.5 29.7
DeepSeek-R1 80.0 80.0 56.3 46.2 87.5 77.8 75.0 85.1 80.1 22.2 31.4 29.1 27.6

Qwen2.5-1.5B-Instruct
ETO - - - - - - 64.1 66.4 65.3 39.1 22.7 15.6 25.8
GRPO 85.3 59.7 78.2 53.7 53.5 84.5 72.8 71.1 72.0 21.1 13.7 10.9 15.2
GiGPO 94.4 79.8 94.4 67.5 76.4 94.8 86.7 83.2 85.0 25.8 15.2 4.7 15.2
SPEAR 96.4 87.6 99.0 86.5 91.6 96.1 93.2 - - - - - -
RLVMR - - - - - - 89.1 87.9 88.5 46.9 34.3 26.5 35.9
DPEPO 100.0 96.0 93.8 100.0 87.5 96.3 95.7 92.5 94.1 59.8 58.1 34.2 50.7

Qwen2.5-7B-Instruct
ETO - - - - - - 70.3 74.2 72.3 62.5 40.6 28.1 43.7
GRPO 90.8 72.5 74.7 66.1 77.6 89.3 77.6 77.3 77.5 49.1 30.1 26.6 35.3
GiGPO 97.7 89.3 83.7 82.7 79.2 98.8 90.8 90.2 90.5 53.4 25.2 25.8 34.8
SPEAR 99.9 89.9 96.4 85.1 95.1 95.6 94.7 - - - - - -
RLVMR - - - - - - 91.4 91.8 91.6 67.2 43.0 32.2 47.5
DPEPO 100.0 100.0 93.8 100.0 100.0 96.3 98.6 97.8 98.2 66.6 66.5 51.0 61.4

Table 1: Performance comparison on ALFWorld and ScienceWorld. For ALFWorld, we report success rate (%) on
seen (in-domain) and unseen (out-of-domain) tasks. For ScienceWorld, we report results on three splits: L0 (seen
variants and categories), L1 (unseen variants, seen categories), and L2 (unseen variants and categories). DPEPO
achieves superior in-domain performance and strong generalization ability. Bold is best, underlined is second-best.
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Figure 3: Scaling experiments of DPEPO with varying
model sizes. The x-axis and y-axis show the average
steps and average success rate across all splits.

enceWorld. This significant improvement can be400

attributed to diverse parallel exploration, which al-401

lows agents to gain a comprehensive understanding402

of the environment, thereby supporting more in-403

formed decision-making and ultimately leading to404

more successful task completion.405

5.2 Scaling Abilities of DPEPO406

In this section, to demonstrate the scaling poten-407

tial of DPEPO, we present its performance across408

models with varying model sizes. As shown in Fig-409

ure 3, DPEPO exhibits consistent performance im-410

provements and higher efficiency as the model size411

increases, underscoring its generalization and scal-412

ing abilities. Moreover, on the ALFWorld bench- 413

mark, even our smallest DPEPO variant (based 414

on Qwen2.5-1.5B-Instruct) outperforms the strong 415

baseline RLVMR by 2.53% in success rate and 416

completes tasks in fewer steps. On the more chal- 417

lenging ScienceWorld benchmark, DPEPO further 418

achieves higher performance with competitive ef- 419

ficiency. This highlights that diverse parallel ex- 420

ploration enables more effective and efficient task 421

completion. More scaling experiments conducted 422

on Qwen3 series can be found in Appendix A.1. 423

5.3 Analysis of Environment Numbers 424

Furthermore, we analyze the impact of varying the 425

number K of parallel environments during infer- 426

ence. For this analysis, we evaluate on both seen 427

and unseen tasks in ALFWorld and report the av- 428

erage success rate. During DPEPO inference, we 429

introduce a limiting prompt that specifies the max- 430

imum number of parallel environments the agent 431

is allowed to explore; any trial that exceeds K is 432

treated as a failure. We use GiGPO with multiple 433

sampling as our baseline; in GiGPO, K denotes 434

the number of sampled trajectories. 435

As shown in Figure 4, both DPEPO and GiGPO 436

exhibit stable performance improvement trends 437

as K increases, but DPEPO consistently outper- 438
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forms GiGPO across all values of K. Moreover,439

DPEPO achieves strong performance even at small440

K, demonstrating high sample efficiency. In terms441

of token usage, the token budget of DPEPO is only442

slightly higher than that of GiGPO when K is small.443

As K increases, GiGPO’s token consumption in-444

creases approximately linearly, while the token bud-445

get of DPEPO grows much more slowly. Notably,446

DPEPO without any restriction on exploration en-447

vironments not only achieves the best performance,448

but also explores fewer environments on average.449

The reason for this phenomenon is that the envi-450

ronmental limit prompt may introduce additional451

inductive bias, causing the model to explore all452

environments exhaustively rather than selectively.453

5.4 Ablation Study454

Next, we conducted an ablation study to evalu-455

ate the contribution of each proposed reward com-456

ponent. We compare DPEPO against four vari-457

ants: the variant only performed the cold start stage458

(ColdStart), DPEPO without Diverse Action Re-459

ward (DPEPO w/o DAR), DPEPO without Diverse460

State Transition Reward (DPEPO w/o DTR), and461

DPEPO with neither reward (DPEPO w/o DAR462

& DTR). As shown in Table 2, the ColdStart vari-463

ant yields only moderate performance. Removing464

either DAR or DTR leads to a significant perfor-465

mance degradation, and the variant without both re-466

wards shows an even greater decline. This suggests467

that DAR and DTR jointly provide training signals468

for the policy optimization process, thus contribut-469
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Figure 5: Analysis of exploration dynamics across abla-
tion variants on the ALFWorld seen-task split.

Method
ALFWorld ScienceWorld

In Domain OOD L0 L1 L2

ColdStart 93.6 97.8 66.5 62.2 48.1
DPEPO 98.6 97.8 66.6 66.5 51.0
w/o DAR 97.1 97.0 65.1 62.8 49.0
w/o DTR 96.4 98.5 64.4 63.6 49.7
w/o DAR & DTR 96.4 98.5 66.3 65.7 49.9

Table 2: Ablation results on ALFWorld and Science-
World. Bold scores indicate the best performance, while
underlined scores represent the second-best.

ing to the superior performance of DPEPO. More 470

detailed results of specific tasks can be found in 471

Appendix A.2. 472

To further understand how these reward com- 473

ponents influence agent’s behavior, we visualize 474

several exploration metrics across aforementioned 475

variants: (1) exploration diversity, (2) state tran- 476

sition repeat count, (3) action repeat count, and 477

(4) trajectory length. The repetition counts are 478

computed using Equations 3 and 4, exploration 479

diversity is the fraction of unique actions among 480

all actions in parallel trajectories. As illustrated in 481

Figure 5, agents trained with DPEPO exhibit sig- 482

nificantly lower action and transition repetition and 483

higher exploration diversity compared to ablated 484

variants. This indicates that the DAR and DTR 485

shape the agent’s policy to generate trajectories 486

that are not only more goal-directed but also more 487

diverse and efficient, thereby achieving a better 488

trade-off between exploration and task success. 489
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5.5 Efficiency Analysis490

491

5.5.1 Inference-time Efficiency Analysis492

Having established the effectiveness of our ap-493

proach in terms of success rate, we now turn to494

its efficiency: while diverse parallel exploration be-495

havior broadens the search space, it may also lead496

to a higher computational budget or inference time.497

To quantitatively assess this trade-off, We com-498

pare the token budget and inference time of DPEPO499

with those of various methods on ALFWorld. As500

shown in Table 3, although understanding parallel501

environments brings higher token budgets, DPEPO502

completes tasks with significantly shorter trajecto-503

ries and faster inference time compared to GiGPO504

and the DeepSeek series. We attribute this to two505

factors: (1) simultaneously executed parallel ac-506

tions do not increase inference time, and (2) par-507

allel interaction enables the agent to acquire more508

comprehensive environmental insights, support-509

ing more purposeful decision-making that leads510

to more efficient and successful task completion.511

5.5.2 Training Efficiency Analysis512

We further evaluate the training efficiency of513

DPEPO in comparison with GiGPO, a critic-free514

method known for its training efficiency and strong515

performance. We first compare the time consump-516

tion per reasoning step. As shown in the left part517

of Figure 6 and Figure 7, although our method ex-518

plores more environments in parallel, the time con-519

sumption per step does not increase significantly.520

Despite the longer time per step, the overall train-521

ing efficiency of DPEPO is significantly higher: as522

shown in the right part of Figure 7, including the523
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Figure 7: Comparison of training efficiency.

Method Tokens Steps Time (s)

DeepSeek-V3 950.0 20.5 62.4
DeepSeek-R1 1667.9 24.8 237.0
GiGPO 1115.1 15.2 70.8
DPEPO 2283.4 12.3 44.7

Table 3: Inference time comparison between DPEPO
and other methods under identical experimental settings.

cold start stage, DPEPO achieves superior final per- 524

formance in approximately 24 hours using only 500 525

RL training samples. In contrast, GiGPO requires 526

96 hours of training to reach its peak performance. 527

This experiment is conducted using Qwen2.5-1.5B- 528

Instruct. Further details and experimental setup of 529

this experiment are provided in Appendix A.3. 530

6 Conclusion 531

In this work, we propose a novel parallel explo- 532

ration paradigm and reinforcement learning algo- 533

rithm to address the constrained exploration chal- 534

lenge inherent in ReACT paradigm. We first ex- 535

tend the ReACT framework to enable agents to 536

simultaneously explore multiple parallel environ- 537

ments. We then introduce Diverse Parallel Ex- 538

ploration Policy Optimization (DPEPO), a novel 539

diversity-driven policy gradient algorithm specifi- 540

cally designed for parallel agents. By incorporat- 541

ing fine-grained, step-level rewards into the par- 542

allel trajectory-level success reward, DPEPO en- 543

courages agents to perform more diverse explo- 544

ration in parallel environments. Empirical eval- 545

uations across all test splits on ALFWorld and 546

the more challenging ScienceWorld benchmarks 547

demonstrate that DPEPO achieves state-of-the-art 548

performance and high sample efficiency. Through 549

extensive experiments and analysis, we show that 550

the diverse parallel exploration behavior reinforced 551

by DPEPO leads to superior task performance, 552

higher efficiency, and more effective token usage. 553
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Limitations554

While DPEPO shows significant improvements555

in performance and efficiency, it still faces chal-556

lenges in real-world scenarios where parallel envi-557

ronments are hard to build. However, we suggest a558

possible solution: training agents to complete dif-559

ferent tasks in parallel, which might help mitigate560

this issue in real-world scenarios. We leave this561

exploration for future work.562

Ethical Considerations563

In some real-world environments that may con-564

tain biases, parallel exploration enables the agent565

to gather more experience, which could lead it to566

learn those biases, potentially resulting in unfair or567

unsafe behavior. Therefore, before applying our568

proposed method to real-world tasks, developers569

should conduct thorough evaluations in their target570

environments to ensure the agent acquires accu-571

rate and objective knowledge and performs actions572

safely and responsibly.573
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A Supplementary Results of Experiments785

A.1 Additional Results of Scaling Analysis786

In Section 5.2, we presented the performance of787

Qwen2.5 variants across different model scales.788

Here, we provide a detailed results of Qwen3 vari-789

ants with varying parameter, reporting their average790

success rate on both seen and unseen tasks of ALF-791

World. Full results are shown in Figure 8. As illus-792

trated, stronger models consistently achieve higher793

performance. Within the Qwen3 series, success794

rate improves steadily with model size, demonstrat-795

ing clear and predictable scaling behavior.
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Figure 8: Scaling experiments conducted on Qwen3.

796

A.2 Detailed Results of Ablation Study797

In Section 5.4, we have reported the performance798

of various DPEPO variants. In this section, we799

provide a more detailed breakdown of their re-800

sults across individual tasks in the ALFWorld In-801

Domain setting. Full scores are shown in Table 4.802

A.3 Details of Training Efficiency Analysis803

Both our approach and GiGPO are adapted from804

GRPO and thus follow the same training pipeline as805

GRPO, which includes multi-turn rollout, old pol-806

icy probability computation, reward and advantage807

estimation, and policy updates. We have reported808

the total training time in Section 5.5.2; in this sec-809

tion, we detail the time consumption of different810

training components per step.811

During DPEPO training, the agent is allowed812

to explore up to 4 parallel environments per step,813

with a maximum of 25 steps per trajectory. In con-814

trast, GiGPO explores only a single environment815

with no more than 50 steps. Under this setting,816

Figure 6 indicates that although the DPEPO roll-817

out phase takes longer than that of GiGPO due818

to parallel execution, policy updates, probability 819

recomputation, and advantage estimation are con- 820

sistently faster. We attribute this to the reduced 821

average trajectory depth under parallel exploration, 822

which yields fewer but higher-quality samples for 823

policy updates. 824

A.4 Parallel Exploration Behavior Analysis 825
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Figure 9: Agent’s Exploration Strategy Dynamics

Exploration Strategy As presented in Figure 9, 826

the agent performs more parallel actions in the early 827

steps. At this stage, the agent is unfamiliar with the 828

environment and relies on parallel exploration to 829

rapidly build a preliminary understanding of task 830

and environment. In the later steps, after acquiring 831

a basic model of the environment and the task, the 832

agent shifts its strategy toward focused exploration. 833

It reduces the number of parallel actions and con- 834

centrates on a specific environment, using only a 835

few parallel actions to support its more targeted 836

exploration. 837

Efficient Search via Parallel Actions The case 838

shown in Figure 18 illustrates how the agent ef- 839

ficiently searches for a candle that is not visible 840

in the initial observation. Recognizing that can- 841

dles are commonly stored on shelves, the agent 842

prioritizes the three shelves in the room as likely 843

candidates. Instead of checking them one by one, 844

it leverages parallel environments to visit shelf 1, 845

shelf 2, and shelf 3 simultaneously. This strategy 846

reduces search time and demonstrates the agent’s 847

ability to perform goal-directed exploration by dis- 848

tributing candidate actions across multiple environ- 849

ments. 850

Validating Hypotheses via Parallel Exploration 851

As the case shown in Figure 19, when the agent 852

repeatedly fails to take book 2 from the bed, it 853
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Method
ALFWorld ScienceWorld

Pick Cool Heat Look Pick2 Clean All OOD Avg. L0 L1 L2 Avg.

Qwen2.5-7B-Instruct
ColdStart 100.0 84.0 100.0 92.3 91.7 92.6 93.6 97.8 95.7 66.5 62.2 48.1 58.9
DPEPO 100.0 100.0 93.8 100.0 100.0 96.3 98.6 97.8 98.2 66.6 66.5 51.0 61.4
w/o DAR 100.0 96.0 93.8 84.6 100.0 100.0 97.1 97.0 97.1 65.1 62.8 49.0 59.0
w/o DTR 100.0 100.0 100.0 92.3 87.5 96.3 96.4 98.5 97.5 64.4 63.6 49.7 59.2
w/o DAR & DTR 97.1 92.0 100.0 100.0 91.7 100.0 96.4 98.5 97.5 66.3 65.7 49.9 60.6

Table 4: Detailed per-task success rate of DPEPO variants on ALFWorld In Domain split, alongside overall results on
ScienceWorld. This table complements the summary success rate in Table 2 by providing fine-grained performance
across individual ALFWorld tasks. Bold scores indicate the best performance, while underlined scores represent
the second-best.

hypothesizes that there might be a carrying limit.854

To test this, it uses parallel environments to check855

its inventory in env_1 and env_2 while also look-856

ing around in env_3 to gather more context. This857

demonstrates the model’s ability to perform rea-858

soning and efficiently validate hypotheses through859

parallel exploration.860

Keep Exploring Even After Finding a Solution861

The case in Figure 20 shows that even after finding862

the mug in environment 4, the agent keeps checking863

other places in parallel, just in case there’s a better864

option or something it missed. This shows the865

model doesn’t stop exploring too early, which helps866

it make better decisions in uncertain environments.867

Structured Search Across Location Types The868

case in Figure 21 shows that after failing to find869

a tomato in the fridge across all environments,870

the agent, based on common-sense knowledge of871

where tomatoes might be, systematically uses each872

parallel environment to explore a different type of873

location: cabinets, drawers, and countertops. In-874

stead of randomly trying places, it assigns each en-875

vironment a distinct category to cover more ground876

efficiently. This demonstrates the DPEPO’s ability877

to perform structured exploration.878

B Experimental Details879

B.1 SFT Training Details880

Datasets For ALFWorld, we annotate 500 suc-881

cessful trajectories from the training split. For Sci-882

enceWorld, we adopt the same data partitioning883

strategy as RLVMR, which defines three difficulty884

levels: L0, L1, and L2. For training on L0 and L1,885

we annotate 1,000 trajectories from the L1 training886

set (used for both L0 and L1 training for simplicity).887

Consequently, our model faces a more challenging888

L0 evaluation compared to RLVMR, as it is trained889

with fewer L0-specific examples. For L2, we anno- 890

tate 500 trajectories for training. 891

Experiment and Hyperparameters Details All 892

our SFT experiments are conducted using the 893

OpenRLHF framework. Specifically, we employ 894

DeepSpeed ZeRO-3 with Adam optimizer offload- 895

ing enabled. The model is trained with a maxi- 896

mum sequence length of 8,192 tokens, a learning 897

rate of 5e-6, and bfloat16 mixed-precision, with 898

FlashAttention-2 enabled in all experiments. The 899

batch size is set to 4 for ALFWorld and 16 for 900

ScienceWorld. 901

B.2 RL Training Details 902

Datasets For both ALFWorld and ScienceWorld, 903

we select 500 samples from the training set that 904

excludes SFT samples for RL training. 905

Experiment and Hyperparameters Details All 906

RL experiments is conducted based on verl-agent 907

framework and Ray-based dirtributed parallel en- 908

vironment. The maximum prompt length is set to 909

10,240 tokens and the maximum response length 910

to 2,048 tokens, with each trajectory allowed up 911

to 25 environment steps. The final actor learning 912

rate is 1e-6, and we employ parallel trajectory-level 913

reward that awards +1 for task success. Repetition 914

penalties are applied consistently across both envi- 915

ronments, with coefficients of 0.8 for depth-level 916

action repetition and 0.95 for width-level action rep- 917

etition, depth-level transition repetition, and width- 918

level transition repetition. Notably, ScienceWorld 919

includes an additional penalty coefficient of 0.5 for 920

invalid actions, which is not used in ALFWorld. 921

Both environments run with a maximum of 4 par- 922

allel exploration trajectories during training. For 923

group-based reinforcement learning, ALFWorld 924

adopts a group size of 8 while ScienceWorld uses 925

a group size of 4; in both cases, 4 distinct groups 926
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are sampled per rollout. The rollout temperature is927

set to 0.4, and the mini-batch size is 32. All policy928

updates are performed using LoRA, with the LoRA929

rank and scaling factor are all set to 32.930

B.3 Computation Details.931

For parallel environments, we cap the maximum932

CPU usage at 0.3. For training on ALFWorld and933

ScienceWorld, experiments with Qwen2.5-1.5B934

are conducted on 4×L40 GPUs, and those with935

Qwen2.5-7B on 4×H20 GPUs. Each model is936

trained for 1 epoch (500 samples) with 125 iter-937

ations.938

C Prompt939

C.1 Prompt Details for Training940

System Prompt System prompt is crucial for941

prompt engineering. The LLM follows the instruc-942

tions and assumes the role specified in the it, such943

as translator, programmer, etc. Therefore, as illus-944

trated in Figure 11, we have provided a detailed945

description of the desired behaviors of the paral-946

lel agent within the system prompt to facilitate its947

parallel exploration and thereby accomplish the948

task better. Specifically, similar to ReAct, paral-949

lel agent is required to engage in reasoning before950

making a decision. For example, it needs to con-951

sider which actions can be executed in parallel to952

gather more information and which environments953

warrant further exploration. This reasoning process954

must be enclosed within the <think></think>955

tags. After reasoning, the agent can take actions.956

Unlike ReAct, the parallel agent can interact with957

multiple environments simultaneously. Thus, we958

require it to specify environment-specific actions959

within <parallel></parallel> tags, with each960

individual action wrapped in <env_i><env> tags961

to clearly indicate which environment the action962

belongs to and to enable easier parsing of the ac-963

tions.964

Prompt for First Step At the beginning of a965

task, the agent has not yet interacted with the en-966

vironment. The environment provides only initial967

state information, a set of available actions, and968

the task description. We organize this informa-969

tion into a concise yet clear prompt (As shown in970

Figure 12) to help the agent understand the initial971

context. Additionally, for ALF-World, we do not972

include explanations for the available actions. How-973

ever, for the ScienceWorld dataset, which involves974

combinations of actions and objects, we introduce975

brief action descriptions to avoid excessive token 976

consumption. 977

Prompt for Intermediate Step As the number of 978

parallel agent exploration steps increases, maintain- 979

ing the full history of interactions becomes costly 980

in terms of both memory and computation. To ad- 981

dress this, at step t, for information from steps 1 982

to t − 2, we retain only the actions and their cor- 983

responding observations within {history_info}. In 984

contrast, for the immediate previous step t − 1, 985

we preserve all of the parallel actions, observa- 986

tions, and executable actions within {last_history}. 987

The details of {history_info} and {last_history} are 988

presented in Figure 14 and Figure 15. With this 989

carefully designed prompt presented in Figure 13, 990

the context length is reduced while still retaining 991

sufficient information for the agent to perform its 992

task more effectively. 993

Exploration-limiting prompt For experiments 994

that require controlling the number of parallel envi- 995

ronments, we designed a prompt to limit the max- 996

imum number of environments the model can ex- 997

plore. In this prompt, we specify the allowed num- 998

ber of environments using “env_num” and inform 999

the model that if it attempts to explore more than 1000

this number, the entire task will be considered a 1001

failure. In addition to this prompt-based restriction, 1002

we also enforce behavioral constraints: if the model 1003

tries to access an environment that is not permitted, 1004

the entire task is immediately seen as failed. 1005

Action-Explanation Prompt Since the tasks in 1006

ScienceWorld require actions to interact with ob- 1007

jects and involves a large number of both actions 1008

and objects, it is impractical to include all possible 1009

object-action combinations in the limited context. 1010

Therefore, we adopt the same prompt as RLVMR, 1011

which provides only a list of executable actions 1012

along with explanations of their specific details and 1013

the objects they can interact with. This prompt is 1014

illustrated in Figure 17. 1015

C.2 Effectiveness of Designed Prompts 1016

Token Budget Analysis When tackling long- 1017

horizon tasks, traditional methods typically append 1018

all historical information and intermediate reason- 1019

ing steps into a single context window. However, 1020

as the number of steps increases, the context con- 1021

tinuously expands. In this section, we evaluate the 1022

effectiveness of our designed prompt in compress- 1023

ing the context window. As illustrated in Figure 10, 1024
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Figure 10: Context length distribution for the vanilla prompt (left) and our designed prompt (right).

our method can compress prompts that originally1025

contain at most 50,000 tokens down to at most1026

7,000 tokens, significantly reducing the token bud-1027

get while still maintaining the agent’s strong per-1028

formance.1029

Comparison of Context Management Strategies1030

GiGPO employs a similar prompting strategy, but1031

instead of retaining all historical information, it1032

only preserves the most recent few steps within1033

a limited context window. We evaluate GiGPO’s1034

performance with varying context window sizes,1035

as shown in Table 5. Although the context length1036

may be shorter, its performance does not improve1037

as the context window expands. Furthermore, once1038

the number of retained steps exceeds 16, the total1039

context length will surpasses the model’s maximum1040

sequence length, leading to truncation.1041

In contrast, our proposed prompting design not1042

only preserves more comprehensive historical in-1043

formation but also adheres to the token budget.1044

Furthermore, as demonstrated in Section 5.2 and1045

Section 5.5, under our prompting scheme, the per-1046

formance of our method consistently improves as1047

the number of environments increases, highlighting1048

its efficiency, robustness and scalability.1049

D Pseudo Code for DPEPO1050

To clearly illustrate the overall pipeline of our pro-1051

posed DPEPO, this section provides the detailed1052

algorithmic pseudo code, as shown in Table 1.1053

Validating Hypotheses via Parallel Exploration1054

As the case shown in Figure 19, when the agent1055

repeatedly fails to take book 2 from the bed, it1056

hypothesizes that there might be a carrying limit.1057

To test this, it uses parallel environments to check 1058

its inventory in env_1 and env_2 while also look- 1059

ing around in env_3 to gather more context. This 1060

demonstrates the model’s ability to perform rea- 1061

soning and efficiently validate hypotheses through 1062

parallel exploration. 1063
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System Prompt

You are an expert agent operating in the {ALFRED / ScienceWorld} embodied environment. Given
a task, you need to reason first in your mind. Your reasoning process must be enclosed within
<think> </think> tags, for example: <think> reasoning process here </think>.
After thinking, you may take actions. You can either explore multiple parallel environments
with multiple actions or take an action in a specific environment. At the very beginning, every
environment have the same status, but each environment is independent, they do not share state
changes after actions are taken. So, parallel actions are executed simultaneously across different
environments. The parallel actions are not carried out sequentially. You must wrap each action in
specific environment tags like <env_i> . . . </env_i> to indicate which environment you are acting
in.
To take multiple actions at the same time in different environments, use the <parallel> . . .
</parallel> tags and wrap each action within its corresponding <env_i> . . . </env_i> tag,
where i refers to the i-th environment:

<parallel>
<env_1> possible action 1 </env_1>
...
<env_i> possible action 2 </env_i>
</parallel>

Your output must follow the rules above.

Figure 11: The system prompt template.

Prompt for First Step

You are an expert agent operating in the {ALFRED / ScienceWorld} Embodied Environment.
Your task is to: {task_description}
Your current observation is: {current_observation}
Your admissible actions in the current situation are: {admissible_actions}.
Your output must follow the rules above.

Figure 12: The prompt template at the beginning of a task.

Prompt for Intermediate Step

You are an expert agent operating in the {ALFRED / ScienceWorld} Embodied Environment.
Your task is to: {task_description}.
Your initial observation is: {initial_observation}.
{history_info}.
In your last step, your actions, corresponding observations, and admissible actions are:
{last_history}

Figure 13: Careful designed prompt for intermediate step.
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history_info

You have already taken multiple actions in multiple parallel environments. Below are the most
recent observations and the corresponding actions you took:
In Environment 1
Action 1: {action_1}
Observation 1: {obs_1}
Action 2: {action_2}
Observation 2: {obs_2}

In Environment 2
Action 1: {action_1}
Observation 1: {obs_1}
Action 2: {action_2}
Observation 2: {obs_2}
Action 3: {action_3}
Observation 3: {obs_3}

Figure 14: Historical information used in the “Prompt for Intermediate Step” demonstration.

last_history

In Environment 1
Action 1: {action_1}
Observation 1: {obs_1}
Action 2: {action_2}
Observation 2: {obs_2}
Next Possible Actions: {poa_2}

In Environment 2
Action 1: {action_1}
Observation 1: {obs_1}
Next Possible Actions: {poa_1}

Figure 15: Last step information used in the “Prompt for Intermediate Step” demonstration.

Exploration_limiting Prompt

You can explore up to {env_num} different environments, ranging from 1 to {env_num}. If you
explore more than {env_num} parallel environments, the task seens failed.

Figure 16: Prompt for limiting the model to exploring at most {env_num} environments.

17



Action Explanation Prompt for ScienceWorld

Here the explanations of actions you may take:
{{"action": "open OBJ", "description": "open a container"}},
{{"action": "close OBJ", "description": "close a container"}},
{{"action": "activate OBJ", "description": "activate a device"}},
{{"action": "deactivate OBJ", "description": "deactivate a device"}},
{{"action": "connect OBJ to OBJ", "description": "connect electrical components"}},
{{"action": "disconnect OBJ", "description": "disconnect electrical components"}},
{{"action": "use OBJ", "description": "use a device/item"}},
{{"action": "look around", "description": "describe the current room"}},
{{"action": "look at OBJ", "description": "describe an object in detail"}},
{{"action": "look in OBJ", "description": "describe a container’s contents"}},
{{"action": "read OBJ", "description": "read a note or book"}},
{{"action": "move OBJ to OBJ", "description": "move an object to a container"}},
{{"action": "pick up OBJ", "description": "move an object to the inventory"}},
{{"action": "put down OBJ", "description": "drop an inventory item"}},
{{"action": "pour OBJ into OBJ", "description": "pour a liquid into a container"}},
{{"action": "dunk OBJ into OBJ", "description": "dunk a container into a liquid"}},
{{"action": "mix OBJ", "description": "chemically mix a container"}},
{{"action": "go to LOC", "description": "move to a new location"}},
{{"action": "eat OBJ", "description": "eat a food"}},
{{"action": "flush OBJ", "description": "flush a toilet"}},
{{"action": "focus on OBJ", "description": "signal intent on a task object"}},
{{"action": "wait", "description": "take no action for 10 iterations"}},
{{"action": "wait1", "description": "take no action for 1 iteration"}},
{{"action": "task", "description": "describe current task"}},
{{"action": "inventory", "description": "list your inventory"}}

Figure 17: Action explanation prompt used in ScienceWorld, listing all valid environment interaction commands
and their natural-language descriptions.

Algorithm 1 Training LLM Agents with DPEPO

1: Require: Initial policy πθold , task distribution p(X), group size N , number of parallel environment K
2: for each training iteration do
3: Update the old policy model: θold ← θ
4: // Multi-turn parallel rollout stage
5: Sample task x ∼ p(X) and initialize N parallel environment workers, each worker manages K identical environments.
6: for t = 1 to T do
7: Sample parallel actions

{
Ai,t ∼ πθold

}N

i=1

8: Execute parallel actions , observe parallel observations {Si,t+1}Ni=1

9: end for
10: // Advantage computation stage
11: Compute trajectory relative advantages Φtraj(τi) via Equation (7)
12: Compute step advantages Φstep(Ai,t) via Equation (8)
13: // Policy update phase
14: Combine these advantages: Φ(Ai,t) = Φstep(Ai,t) · Φtraj(τi)
15: Update policy θ by maximizing objective same as GRPO
16: end for
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Method Window Size
ALFWorld

Pick Cool Heat Look Pick2 Clean All

GiGPO

2 80.0 72.0 87.5 84.6 79.2 74.1 78.6
4 91.4 84.0 93.8 84.6 95.8 92.6 90.7
6 88.6 84.0 93.8 92.3 79.2 92.6 87.9
8 74.3 80.0 87.5 92.3 79.2 92.6 82.9

10 80.0 80.0 93.8 76.9 75.0 92.6 82.9
12 88.6 80.0 93.8 76.9 70.8 96.3 85.0

Table 5: Performance of GiGPO with different context window sizes on ALFWorld. Bold scores indicate the best
performance, while underlined scores represent the second-best.

A Case for Efficient Search via Parallel Actions

User:
Your task is to: put some candle on toilet. Your current observation is: -= Welcome to TextWorld,
ALFRED! =-
You are in the middle of a room. Looking quickly around you, you see a bathtubbasin 1, a garbagecan
1, a handtowelholder 1, a shelf 3, a shelf 2, a shelf 1, a sinkbasin 1, a toilet 1, a toiletpaperhanger 1,
and a towelholder 1.
Your admissible actions of the current situation are: [’go to bathtubbasin 1’, ’go to garbagecan 1’,
’go to handtowelholder 1’, ’go to shelf 1’, ’go to shelf 2’, ’go to shelf 3’, ’go to sinkbasin 1’, ’go to
toilet 1’, ’go to toiletpaperhanger 1’, ’go to towelholder 1’, ’help’, ’inventory’, ’look’].
Assistant:
<think>

My task is to put some candle on toilet. First, I need to find a candle. Looking at the objects in the
room, I don’t see a candle mentioned in the current observation. The objects are: bathtubbasin 1,
garbagecan 1, handtowelholder 1, shelf 3, shelf 2, shelf 1, sinkbasin 1, toilet 1, toiletpaperhanger 1,
and towelholder 1.
Candles are often found on shelves or in other storage areas. I should check the shelves first since
they are the most likely places to contain items like candles. There are three shelves: shelf 1, shelf 2,
and shelf 3.
Since I can explore up to 5 different environments, I can check multiple shelves simultaneously
to speed up the search for the candle. I’ll start by going to shelf 1, shelf 2, and shelf 3 in parallel
environments.
In each environment, after going to the shelf, I’ll need to look around to see if there’s a candle there.
But for now, I’ll just navigate to the shelves first.

</think>
<parallel>
<env_1> go to shelf 1 </env_1>
<env_2> go to shelf 2 </env_2>
<env_3> go to shelf 3 </env_3>
</parallel>

Figure 18: A Case for Efficient Search via Parallel Actions.
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A Case for Validating Hypotheses via Parallel Exploration

User: You are an expert agent operating in the ALFRED Embodied Environment.
Your task is to: put two book in desk.
Your initial observation is: -= Welcome to TextWorld, ALFRED! =-
You are in the middle of a room. Looking quickly around you, you see a bed 1, a desk 1, a drawer 6,
a drawer 5, a drawer 4, a drawer 3, a drawer 2, a drawer 1, a garbagecan 1, a shelf 2, a shelf 1, and a
sidetable 1.. You have already taken multiple actions in multiple parallel environments. Below are
the most recent observaitons and the corresponding actions you took:
...
In the past few steps, the agent successfully picked up book 1 in environment 2, but has repeatedly
failed to take book 2 from the same bed.
Assistant:
<think>

It seems like I am having trouble taking book 2 from bed 1 in environment 2. The action "take book
2 from bed 1" keeps resulting in "Nothing happens." This might be because I can only carry one
item at a time, or there might be another issue.
Let me check the inventory in environment 2 to see what Iḿ currently carrying. I should also check
if there are any other books available in the room that I could use as alternatives.
Since I already have book 1, I should first put it down somewhere, then go back to get book 2. Or
maybe I need to go to the desk with book 1 first, then come back for book 2.
Let me check the inventory in environment 2 first to understand the current state.

</think>
<parallel>
<env_1> inventory </env_1>
<env_2> inventory </env_2>
<env_3> look </env_3>
</parallel>

Figure 19: A Case for Validating Hypotheses via Parallel Exploration.
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A Case for Keep Exploring Even After Finding a Solution

User: You are an expert agent operating in the ALFRED Embodied Environment.
Your task is to: put a cool mug in coffeemachine.
Your initial observation is: -= Welcome to TextWorld, ALFRED! =-
You are in the middle of a room. Looking quickly around you, you see a cabinet 27, a cabinet 26, a
cabinet 25, a cabinet 24, a cabinet 23, a cabinet 22, a cabinet 21, a cabinet 20, a cabinet 19, a cabinet
18, a cabinet 17, a cabinet 16, a cabinet 15, a cabinet 14, a cabinet 13, a cabinet 12, a cabinet 11, a
cabinet 10, a cabinet 9, a cabinet 8, a cabinet 7, a cabinet 6, a cabinet 5, a cabinet 4, a cabinet 3, a
cabinet 2, a cabinet 1, a coffeemachine 1, a countertop 2, a countertop 1, a diningtable 1, a drawer
12, a drawer 11, a drawer 10, a drawer 9, a drawer 8, a drawer 7, a drawer 6, a drawer 5, a drawer
4, a drawer 3, a drawer 2, a drawer 1, a fridge 1, a garbagecan 1, a microwave 1, a sinkbasin 1, a
stoveburner 4, a stoveburner 3, a stoveburner 2, a stoveburner 1, and a toaster 1. In your last step,
your actions, corresponding observations and admissible actions are:
...
Assistant:
<think>

Perfect! Iḿ still at countertop 2 in environment 4 where I found the mug. Now I need to take the
mug and then put it in the coffeemachine. The task requires a "cool mug" though, so I need to cool
it down first. I should take the mug and then go to the fridge to cool it.
Let me take the mug from countertop 2 in environment 4, and continue exploring other environments
in parallel.

</think>
<parallel>
<env_1>open cabinet 2</env_1>
<env_2>open cabinet 11</env_2>
<env_3>go to drawer 5</env_3>
<env_4>take mug 1 from countertop 2</env_4>
<env_5>open cabinet 21</env_5>
</parallel>

Figure 20: A Case for Keep Exploring Even After Finding a Solution.
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A Case for Structured Search Across Location Types

User: You are an expert agent operating in the ALFRED Embodied Environment.
Your task is to: cool some tomato and put it in microwave.
Your initial observation is: -= Welcome to TextWorld, ALFRED! =-
You are in the middle of a room. Looking quickly around you, you see a cabinet 26, a cabinet 25, a
cabinet 24, a cabinet 23, a cabinet 22, a cabinet 21, a cabinet 20, a cabinet 19, a cabinet 18, a cabinet
17, a cabinet 16, a cabinet 15, a cabinet 14, a cabinet 13, a cabinet 12, a cabinet 11, a cabinet 10, a
cabinet 9, a cabinet 8, a cabinet 7, a cabinet 6, a cabinet 5, a cabinet 4, a cabinet 3, a cabinet 2, a
cabinet 1, a coffeemachine 1, a countertop 3, a countertop 2, a countertop 1, a drawer 12, a drawer
11, a drawer 10, a drawer 9, a drawer 8, a drawer 7, a drawer 6, a drawer 5, a drawer 4, a drawer 3, a
drawer 2, a drawer 1, a fridge 1, a garbagecan 1, a microwave 1, a sinkbasin 1, a stoveburner 4, a
stoveburner 3, a stoveburner 2, a stoveburner 1, and a toaster 1.
...
The agent went to and opened the fridge in all 5 environments, but found it empty, no tomato located
yet.
Assistant:
<think>

The fridge is empty in all environments. I need to search other locations for a tomato. Tomatoes
might be in cabinets, drawers, or on countertops. I should search systematically. Since I have
multiple environments, I can search different locations simultaneously.
I’ll use the environments to search different types of locations: - Environment 1: Search a cabinet
(e.g., cabinet 1)
- Environment 2: Search a drawer (e.g., drawer 1)
- Environment 3: Search countertop 1
- Environment 4: Search countertop 2
- Environment 5: Search countertop 3
This will help me find the tomato faster by searching multiple locations at once.

</think>
<parallel>
<env_1> go to cabinet 1 </env_1>
<env_2> go to drawer 1 </env_2>
<env_3> go to countertop 1 </env_3>
<env_4> go to countertop 2 </env_4>
<env_5> go to countertop 3 </env_5>
</parallel>

Figure 21: A Case for Structured Search Across Location Types.
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