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Abstract001

Reinforcement learning (RL) remains funda-002
mentally limited by poor data efficiency and003
weak generalization. Prior episodic RL meth-004
ods attempt to alleviate this via external mem-005
ory modules, yet suffer from two key lim-006
itations: a representation bottleneck caused007
by shallow encoders, and a retrieval dilemma008
where episodic memory is accessed indiscrimi-009
nately. To address these challenges, we propose010
Agentic Episodic Control (AEC), a novel ar-011
chitecture that integrates large language mod-012
els (LLMs) into episodic RL. AEC uses an013
LLM-based semantic augmenter to generate se-014
mantic representations from raw observations,015
and a critical state recognizer to selectively re-016
trieve valuable experiences. This transforms017
memory usage from passive similarity match-018
ing into strategic, context-aware recall. Across019
five BabyAI-Text environments, AEC achieves020
2–6× higher data efficiency than baselines and021
is the only method to solve complex tasks like022
UnlockLocal with over 90% success. It fur-023
ther demonstrates strong cross-task and cross-024
environment generalization, maintaining per-025
formance even under distribution shifts. AEC026
shows that combining LLM-derived priors with027
reinforcement learning yields more sample-028
efficient and adaptable agents.029

1 Introduction030

Reinforcement Learning (RL) has been a driving031

force in AI over the past decade (Silver et al., 2016;032

Tunyasuvunakool et al., 2021; Fawzi et al., 2022;033

Mankowitz et al., 2023). Today, RL remains piv-034

otal through Reinforcement Learning from Human035

Feedback (RLHF) and reinforcement fine-tuning036

(RFT), which aligns large language models with037

human preferences (Ouyang et al., 2022; Trung038

et al., 2024). Despite these successes, fundamental039

challenges separate RL agents from human learners040

in two critical aspects: data efficiency and gener-041

alization (Schwarzer et al., 2021; Korkmaz, 2024).042

While humans learn robustly from a handful of ex- 043

periences and seamlessly transfer knowledge, RL 044

agents often require millions of interactions to mas- 045

ter a single task and fail to adapt when faced with 046

novel compositions. We argue that this gap stems 047

from a deeper deficiency: the absence of cognitive 048

mechanisms that are central to human learning, 049

particularly a memory system capable of semantic 050

abstraction and strategic retrieval of relevant ex- 051

periences (Eichenbaum, 2004; Kuhl and Wagner, 052

2009). 053

Recognizing the importance of memory, 054

prior works such as Neural Episodic Control 055

(NEC) (Pritzel et al., 2017) and episodic reinforce- 056

ment learning frameworks (Liang et al., 2024; 057

Na et al., 2024) attempted to bridge this gap by 058

incorporating external memory modules. These 059

methods typically use a trainable neural network 060

to generate state embeddings, which are stored in 061

an episodic memory buffer. At each decision step, 062

the agent performs a K-nearest-neighbor (KNN) 063

lookup over this buffer to retrieve relevant past 064

experiences—either using them directly to estimate 065

Q-values for action selection, or to provide targets 066

for updating the Q-network. However, because 067

these designs rely on lightweight state encoders, 068

they yield narrow, task-specific embeddings with 069

insufficient semantic coverage for systematic 070

generalization. Moreover, in sparse-reward 071

settings, the episodic memory is dominated by 072

near-zero-return trajectories, and per-timestep 073

passive KNN reads therefore tend to retrieve 074

low-value neighbors, which provide neither 075

actionable signals nor useful training targets for the 076

Q-network. Consequently, these pioneering efforts 077

suffer from two critical flaws: a representation 078

bottleneck, wherein shallow encoders produce 079

retrieval keys with limited semantic and relational 080

abstraction; and a retrieval dilemma, wherein the 081

agent lacks the capacity to decide when or whether 082

to retrieve from memory, defaulting instead to 083
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unconditional KNN queries at each step.084

Building on the above analysis, we argue that an085

effective framework still lacks an oracle—a mod-086

ule that, given the current state, infers latent task-087

relevant factors, completes the state representation088

accordingly, and decides whether to exploit mem-089

ory or explore. Fortunately, we now stand at a090

unique inflection point, where the rise of large lan-091

guage models (LLMs) provides a practical path to092

the missing oracle. Trained on massive corpora093

that implicitly encode broad human knowledge,094

LLMs act as powerful semantic engines that sup-095

port high-level reasoning—logical inference (Patel096

et al., 2024), commonsense reasoning (Wang and097

Zhao, 2023), and abstract problem solving (Imani098

et al., 2023). Crucially, by conditioning prompts099

on the current state and task context, we can elicit100

oracle-like signals: latent, task-relevant abstrac-101

tions, candidate hypotheses, and decision heuristics102

that indicate whether to exploit prior experience or103

explore under distributional shift. In this sense,104

LLMs offer a readily accessible proxy for the ora-105

cle envisioned above.106

This capability directly addresses the represen-107

tation bottleneck by prompting LLMs with the108

current state and task context, allowing them to109

use their own commonsense knowledge to infer110

additional information beneath the surface state.111

Furthermore, their inherent capacity for logical in-112

ference and commonsense reasoning provides the113

foundation for building strategic, context-aware re-114

trieval mechanisms, indicating whether to exploit115

prior experience or explore under a distributional116

shift, thus offering a clear path to resolving the117

retrieval dilemma.118

Driven by the ability of LLMs, we introduce119

Agentic Episodic Control (AEC), a novel frame-120

work that addresses the representation bottleneck121

and retrieval dilemma by integrating two LLM-122

guided modules. An LLM-guided augmenter maps123

raw observations to language-grounded abstrac-124

tions that expose latent, task-relevant structure. A125

critical-state recognizer then determines when con-126

sulting episodic memory is warranted and when to127

act using the agent’s current understanding without128

recall. By turning memory access from passive129

similarity matching into selective, decision-aware130

recall, AEC yields improved data efficiency and131

generalization across varied task settings. Our con-132

tributions are four-fold:133

• We identify two fundamental limitations134

in episodic RL: a representation bottleneck 135

caused by shallow encoders, and a retrieval 136

dilemma stemming from indiscriminate mem- 137

ory access. 138

• We propose Agentic Episodic Control (AEC), 139

which addresses both limitations by leverag- 140

ing large language models to generate abstract 141

state representations and selectively retrieve 142

memory based on task-critical context. 143

• Through experiments on five BabyAI-Text 144

tasks, AEC achieves 2- to 6-fold improve- 145

ments in data efficiency over baselines, and is 146

the only method to solve complex tasks like 147

UnlockLocal with near-perfect success. 148

• We further validate AEC’s generalization 149

across tasks and environments, showing ro- 150

bust performance under distribution shift and 151

effective memory reuse across settings. 152

2 The AEC Framework 153

We propose an efficient episodic control frame- 154

work called Agentic Episodic Control (see Fig- 155

ure 1), designed to simultaneously address the rep- 156

resentation bottleneck and the retrieval dilemma 157

of NEC and its variants. To overcome the repre- 158

sentation bottleneck, AEC incorporates a seman- 159

tic augmenter based on LLMs, which maps raw 160

observations into language-aligned abstract repre- 161

sentations. This yields richer feature embeddings 162

and more stable keys for memory operations. To 163

tackle the retrieval dilemma, AEC introduces a 164

working memory that maintains a short-term sum- 165

mary of the current context to support exploration, 166

along with a critical-state recognizer that dynam- 167

ically mediates between exploitation and explo- 168

ration. Episodic recall is selectively triggered only 169

when it is likely to significantly influence future 170

decisions; otherwise, the agent proceeds based on 171

its current internal model. This transforms memory 172

access from passive similarity-based retrieval into 173

targeted, decision-aware recall, thereby enhancing 174

data efficiency and generalization. 175

Preliminary. Episodic control draws on the hip- 176

pocampus’s memory mechanism (Eichenbaum, 177

2004). At each timestep t, the agent observes a 178

state st. To enable memory-based decision-making, 179

the agent employs a state embedding function 180

fϕ(s) : S → Rk, which maps raw states into a 181

k-dimensional latent space (Na et al., 2024). The 182

resulting embedding is denoted by zt = fϕ(st). 183
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Figure 1: The overview of Agentic Episodic Control framework. Raw states are processed in parallel by an
LLM-based semantic augmenter (b) to produce language-form abstraction and by a World-Graph working memory
module (c) to build a structured working memory of entities and relations. An episodic control module (d), equipped
with a critical-state recognizer, then uses these representations to decide whether to exploit episodic memory or to
continue exploring under World-Graph guidance. The chosen actions interact with the environment.

For each action, the agent maintains an episodic184

memory buffer Da
E , which stores key–value pairs185

where each key is a state embedding zt, and each186

value stores the highest return observed for a given187

state–action pair. Formally, given a pair (st, at),188

the agent updates the value H(zt) within the spe-189

cific buffer Dat
E according to (Lin et al., 2018):190

H(zt) =

{
max{H(ẑt), Rt(st, at)} , if (st, at) ∈ Dat

E ,

R(st, at), otherwise,
(1)191

where R(st, at) denotes the return received af-192

ter taking action at in state st, and ẑt represents193

the exact match of the current state–action pair in194

memory, if available.195

At decision time, the agent queries the episodic196

memory for each candidate action a. Specifically, it197

performs a k-nearest neighbor (KNN) search over198

Da
E using the current state embedding zt, yielding199

a set of top-k closest entries Np(zt,Da
E). Each200

retrieved value is weighted according to its simi-201

larity to the query embedding, producing a kernel-202

weighted action value estimate:203

Q(st, a) =
∑

i∈Np(zt,Da
E)

wi ·H(zi), (2)204

where the weights wi are typically computed205

via a softmax over cosine similarities or a kernel206

function.207

Finally, the selected action is: 208

at = argmax
a

Q(st, a). (3) 209

This memory-based approach enables rapid 210

value estimation from past experience and under- 211

pins the enhanced episodic control mechanisms 212

introduced in this work. 213

2.1 How to Solve the Representation 214

Bottleneck? 215

To address the representation bottleneck, we in- 216

troduce an LLM-based semantic augmenter that 217

enriches raw inputs by generating language-based 218

abstractions that capture deeper contextual mean- 219

ing. These abstractions expose latent task-relevant 220

features, enabling robust memory indexing. In this 221

section, we describe how these representations are 222

generated, stored, and queried to support more effi- 223

cient and generalizable episodic memory. 224

Representation Generation via LLMs. We con- 225

struct semantic state representations by integrat- 226

ing commonsense knowledge through an LLM- 227

based semantic augmenter as LLMaug. Specifi- 228

cally, given a raw state s, the augmenter takes a 229

structured prompt that includes the environment 230

description, the raw observation, and the task in- 231

struction. It outputs a language-form abstraction. 232

l(s) = LLMaug(s), (4) 233
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This module is implemented via prompting and234

does not require additional fine-tuning. A complete235

template is given in the Appendix E. To enable236

efficient retrieval, we further compute a dense state237

embedding z(st) via a fixed pretrained text encoder238

fenc (Reimers and Gurevych, 2019)239

z(st) = fenc(l(s)), (5)240

which encapsulates the textual representation of the241

state. These representations are more semantically242

meaningful and provide more information, making243

them ideal for indexing and retrieval in episodic244

memory.245

Representation Storage and Memory Update.246

To implement episodic memory control, we main-247

tain an episodic memory M that stores represen-248

tations in triplets, each triplet consisting of a state249

embedding, the action that has historically achieved250

the highest observed return, and its return:251

M =
(
z(s), a∗, Q̂(s, a∗)

)
, (6)252

253
a∗ = argmax

a
Q̂(s, a), (7)254

where a∗ is the action with the highest recorded255

return from s, and Q̂(s, a∗) is the maximum value.256

At each timestep t, the agent observes the current257

state st and stores the corresponding state embed-258

ding z(st), the taken action a, and the received259

reward r in an episodic data buffer. Only after the260

episode ends is Q̂ computed based on the collected261

data, and the episodic memory is then updated ac-262

cordingly. We insert new entries for unseen states,263

and update existing ones only if the current return264

exceeds the stored value.265

Memory Retrieval. We perform a KNN search266

in the dense state embedding space with k = 1.267

The LLM-based semantic augmenter enriches the268

representation with contextual meaning and latent269

information beyond the surface-level observation,270

enabling the embedding space to cluster function-271

ally similar states. As a result, retrieving a single272

nearest neighbor is often sufficient and helps avoid273

irrelevant or misleading matches. This clustering274

effect arises from expressing goal-relevant rela-275

tions and affordances in natural language, which276

are then encoded into dense vector representations.277

Let zt be the query embedding at time t and zi be278

the embedding stored with the i-th memory entry279

(zi, a
∗
i , Q̂(si, a

∗
i )) ∈ M. We measure similarity280

with cosine similarity:281

sim(zt, zi) =
z⊤t zi

∥zt∥2 ∥zi∥2
. (8)282

The k-nearest neighbors of s are then 283

Nk(s) = TopKi∈M sim(zt, zi), (9) 284

and in our experiments we set k = 1. The retrieved 285

memory tuple is (zi, a∗i , Q̂(si, a
∗
i )). 286

2.2 How to Address the Retrieval Dilemma? 287

To resolve the retrieval dilemma, we introduce a 288

two-part mechanism: (i) a World-Graph working 289

memory that maintains structured summaries for 290

short-term reasoning, and (ii) a critical-state rec- 291

ognizer that selectively triggers memory recall at 292

decision-critical moments. Together, these mod- 293

ules transform retrieval from passive matching into 294

active, context-aware decisions. 295

World-Graph Working Memory. Prior work 296

has shown that combining working memory with 297

episodic memory can improve generalization in 298

reinforcement learning agents (Fortunato et al., 299

2019). Building on this insight, we introduce a 300

World-Graph working memory to maintain a struc- 301

tured representation of the agent’s interaction his- 302

tory. The environment is represented as a dynamic 303

graph 304

G = (V, E ,X ), (10) 305

where each node v ∈ V corresponds to a distinct 306

and persistent environment configuration. Edges 307

e ∈ E represent actions that induce transitions be- 308

tween configurations, and X stores configuration- 309

specific attributes. This design allows the graph to 310

compactly encode the agent’s accumulated knowl- 311

edge of environment dynamics. 312

At each timestep t, the World-Graph module 313

updates Gt based on the current state st and past 314

interactions, adding a new node only when a pre- 315

viously unseen environment configuration is en- 316

countered. Edges are created or updated to reflect 317

action-induced transitions, while node attributes 318

are refined as new information becomes available. 319

For example, in navigation tasks, a new node is 320

created only when the agent enters a previously 321

unexplored room, whereas movements within the 322

same room update the current node. Through this 323

incremental construction process, the World-Graph 324

captures the agent’s evolving understanding of envi- 325

ronment dynamics and provides structured support 326

for reasoning and decision-making. 327

Critical-State Recognizer. While the World- 328

Graph working memory offers a real-time spatial 329

abstraction of the current environment, and the 330
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Figure 2: Learning curves (success rate vs. training frames) for five BabyAI-Text tasks comparing AEC with four
baseline methods. For each method the solid line shows the mean success rate over three seeds, and the surrounding
shaded region marks one standard deviation above and below that mean. AEC consistently demonstrates faster
convergence and higher final performance across tasks.

episodic memory preserves valuable past experi-331

ences, the retrieval dilemma remains unresolved:332

when should the agent consult memory, and when333

should it rely on its current understanding? To334

address this, we introduce a critical-state recog-335

nizer, powered by a large language model, which336

identifies moments when episodic recall is likely337

to influence future outcomes. By detecting such338

decision-critical states, the agent can selectively339

trigger memory retrieval only when it is beneficial,340

thereby improving efficiency and avoiding unneces-341

sary or distracting recall. This mechanism ensures342

that historical experience is injected precisely at343

important decision points, transforms memory ac-344

cess from passive similarity-based retrieval into345

targeted, decision-aware recall.346

Definition 1. (Critical State) A state st is critical if347

the choice of action at st can substantially change348

the remaining cumulative return. Formally,349

∆(st) = max
a

Q(st, a)−min
a

Q(st, a). (11)350

A state is typically classified as critical when351

∆(st) > τQ, where τQ is a preset hyperparame-352

ter.353

Computing ∆(st) requires a trained Q-network354

and a tuned threshold τQ, which is brittle and task-355

specific. Instead, we use a large language model to356

directly decide criticality from the semantic abstrac-357

tion LLMaug(st), enabling generalization without358

retraining or hyperparameter tuning:359

c(st) = LLMcrit(LLMaug(st)) ∈ {0, 1}. (12)360

Exploitation. If the current state is classified as361

critical, the agent triggers an episodic memory362

retrieval. The agent queries the episodic mem-363

ory with fenc(LLMaug(st)). As described in Sec-364

tion 2.1, we perform an exact KNN search (k = 1)365

over M. If a matching entry exists, the agent ex-366

ecutes the stored action; otherwise, it samples an367

action at random: 368

at =

a∗i , if (zi, a∗i , Q̂(si, a
∗
i )) ∈ M,

Uniform(A), otherwise,
(13) 369

where A denotes the action space. 370

Exploration. If the state is not critical, the agent 371

proceeds with exploration. Given the current state 372

st and the up-to-date World-Graph working mem- 373

ory Gt, it chooses the next action by reasoning over 374

these two sources of information. In practice, this 375

step is implemented by a decision LLM that takes 376

(st,Gt) as input and outputs an action. 377

3 Experiments 378

We assess AEC through the following research 379

questions: 380

RQ1 (Data Efficiency): Can AEC improve data 381

efficiency? 382

RQ2 (Generalization): How well does AEC gen- 383

eralize across different tasks and environments? 384

RQ3 (Representation Bottleneck): Does LLM- 385

based semantic augmenter produce better state rep- 386

resentations for episodic memory retrieval? 387

RQ4 (Retrieval Dilemma): Is selective episodic 388

retrieval more effective than indiscriminate mem- 389

ory access? 390

3.1 Experimental Setup 391

Environment. We evaluate Agentic Episodic Con- 392

trol on the BabyAI-Text benchmark (Carta et al., 393

2023), a textual variant of BabyAI (Chevalier- 394

Boisvert et al., 2019) that reformulates grid-based 395

instruction-following tasks into a controlled yet 396

challenging testbed for grounded language under- 397

standing, semantic decision-making, and general- 398

ization in reinforcement learning. 399

Our evaluation covers five BabyAI-Text environ- 400

ments that probe complementary capabilities: Go- 401
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Setting Method GoToLocal PickupDist PickupLocal UnlockLocal FindObj

No Change

DRRN 0.13 ± 0.02 0.14 ± 0.02 0.01 ± 0.02 / 0.03 ± 0.06
EM-DRRN 0.24 ± 0.09 0.15 ± 0.02 0.04 ± 0.01 / 0.03 ± 0.06
NECSA-DRRN 0.18 ± 0.02 0.05 ± 0.03 0.01 ± 0.01 / /
GLAM 0.91 ± 0.08 0.69 ± 0.03 0.18 ± 0.04 0.01 ± 0.01 0.13 ± 0.06
AEC 0.84 ± 0.02 0.75 ± 0.17 0.45 ± 0.02 0.95 ± 0.04 0.23 ± 0.02

New Object

DRRN 0.08 ± 0.02↓0.05 0.11 ± 0.03↓0.03 /↓0.01 / • /↓0.03
EM-DRRN 0.10 ± 0.07↓0.14 0.09 ± 0.09↓0.06 /↓0.04 / • /↓0.03
NECSA-DRRN 0.19 ± 0.03↑0.01 0.02 ± 0.02↓0.03 0.02 ± 0.00↑0.01 / • / •
GLAM 0.85 ± 0.10↓0.06 0.61 ± 0.04↓0.08 0.16 ± 0.06↓0.02 0.01 ± 0.01• 0.12 ± 0.03↓0.01
AEC 0.83 ± 0.02↓0.01 0.71 ± 0.12↓0.04 0.52 ± 0.06↑0.07 0.95 ± 0.02• 0.20 ± 0.03↓0.03

Table 1: Final success rates (mean ± std over 3 seeds) after 70K environment frames on five BabyAI-Text
environments, evaluated under two settings: No Change (seen objects) and New Object (unseen objects). “/”
indicates the method failed to solve the task. Performance differences between the two settings are indicated as
follows: ↑ (increase), ↓ (decrease), and • (no change).

ToLocal, PickupDist, PickupLocal, UnlockLocal,402

and FindObj.Following the protocol in (Carta et al.,403

2023), we also test the agent’s ability to generalize404

to unseen instructions and object types. We refer to405

the standard setting as No change and the version406

containing novel, unseen target objects as New ob-407

ject. More details are given in Appendix C. AEC is408

built on top of the Qwen2.5-32B-Instruct (Team,409

2024) model, a powerful large language model with410

strong instruction-following capabilities.411

Baselines. We compare AEC against a range412

of baselines, covering both reinforcement learn-413

ing and large language model–augmented ap-414

proaches. DRRN (He et al., 2016) serves as415

a standard RL baseline with competitive perfor-416

mance in interactive text environments (Wang417

et al., 2022), including the BabyAI-Text bench-418

mark (Carta et al., 2023). EM-DRRN extends419

DRRN with an episodic memory module, follow-420

ing the design of EMDQN (Lin et al., 2018), to421

improve sample efficiency. NECSA-DRRN in-422

corporates NECSA (Li et al., 2023) into DRRN,423

discretizing the state-action space into a grid-like424

structure for efficient memory-based value estima-425

tion. GLAM (Carta et al., 2023) fine-tunes a large426

language model with PPO to act as a policy di-427

rectly in textual environments, serving as a strong428

LLM-based baseline.429

3.2 RQ1: Data Efficiency430

We benchmarked AEC against four baselines on431

five BabyAI-Text environments. As shown in Fig-432

ure 2, AEC consistently achieves higher success433

rates with significantly fewer interactions. In the434

obstacle navigation environment GoToLocal, AEC435

surpasses an 80% success rate within 25K frames,436

while GLAM requires approximately 50K frames 437

to reach a comparable level (75%), demonstrat- 438

ing nearly a 2× improvement in sample efficiency. 439

Although EM-DRRN and NECSA-DRRN bene- 440

fit from episodic memory to slightly accelerate 441

learning, they still fall far behind AEC. In the ob- 442

ject pickup environment PickupDist, for example, 443

GLAM requires 60K frames to reach a 40% suc- 444

cess rate, whereas AEC achieves this performance 445

within just 10K frames—representing a 6× gain in 446

data efficiency. For the multi-step reasoning envi- 447

ronment UnlockLocal, AEC is the only method ca- 448

pable of solving the task, surpassing a 90% success 449

rate within 40K frames. All baselines fail to exceed 450

15% even after 70K frames, highlighting AEC’s 451

strong generalization and planning capabilities. In 452

the most challenging environment, FindObj, which 453

involves multi-room exploration under sparse re- 454

wards, AEC again stands out as the only method to 455

exceed a 20% success rate within 70K frames. 456

Taken together, these results clearly demonstrate 457

that AEC significantly improves data efficiency 458

across a diverse set of language-conditioned rea- 459

soning and navigation tasks. 460

3.3 RQ2: Generalization 461

Cross-Task. We evaluate AEC’s generalization 462

ability across different tasks settings by comparing 463

its performance under two evaluation conditions: 464

No Change, where the agent encounters familiar ob- 465

jects seen during training, and New Object, where 466

novel target objects are introduced at test time. 467

As shown in Table 1, AEC demonstrates strong 468

generalization across all five BabyAI-Text tasks. 469

While it performs slightly below GLAM on Go- 470

ToLocal, it consistently outperforms all baselines 471
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on the remaining tasks under both evaluation set-472

tings. Notably, AEC is the only method that main-473

tains high performance even when evaluated with474

previously unseen objects. Despite the distribu-475

tion shift introduced in the New Object setting,476

AEC retains most of its performance. For exam-477

ple, on PickupLocal, AEC even exceeds its per-478

formance under the No Change condition, achiev-479

ing a relative improvement of +16% (from 0.45480

to 0.52). In more challenging scenarios like Find-481

Obj, AEC still retains 87% of its original perfor-482

mance (dropping only slightly from 0.23 to 0.20),483

whereas other baselines degrade significantly or484

fail entirely. These results confirm that AEC’s inte-485

gration of language-grounded abstraction and struc-486

tured memory enables it to generalize effectively487

to novel task configurations with minimal perfor-488

mance loss.489

Cross-Environment. We investigate whether490

AEC’s episodic memory enables cross-491

environment generalization. To this end, we492

conducted a transfer experiment in which the493

agent attempted to solve a task using episodic494

memories retrieved from a different environment.495

Specifically, we evaluated performance on the496

GotoLocal and PickupLocal environments under497

three memory settings: raw states from the same498

environment, memory from the same environment,499

and memory from a different environment.500

As shown in Table 2, reusing memory from501

a related environment leads to notable improve-502

ments over using raw states. For example, using503

PickupLocal-derived memory to solve GotoLocal504

yields a success rate of 0.75, substantially higher505

than the 0.49 obtained with raw states. Similarly,506

applying GotoLocal memory to PickupLocal im-507

proves performance from 0.30 to 0.39. Interest-508

ingly, we observe an asymmetry in transferabil-509

ity: experiences learned from the more complex510

PickupLocal environment benefit GotoLocal more511

than the reverse. This suggests that solving more512

demanding environments may yield richer, more513

generalizable memory representations, providing514

stronger priors when applied to simpler environ-515

ments. These results indicate the potential for516

cross-environment memory reuse in AEC and open517

avenues for future work on compositional general-518

ization.519

3.4 RQ3: Representation Bottleneck520

To evaluate whether our method alleviates the rep-521

resentation bottleneck in episodic reinforcement522

Memory Source Target Task
GotoLocal PickupLocal

Raw States 0.49 0.30
GotoLocal Memory 0.83 0.39
PickupLocal Memory 0.75 0.52

Table 2: Cross-task memory transfer results. Success
rates on GotoLocal and PickupLocal tasks when using
episodic memory encoded from different tasks. “Raw
States” denotes raw states without LLM-based semantic
augmenter from the same task.
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Figure 3: KNN retrieval accuracy for different state
representations.

learning, we perform a controlled representation 523

analysis on states with known decision semantics. 524

We construct a balanced set of 300 states by ran- 525

domly sampling 100 states for each of three man- 526

ually identified optimal actions, enabling a direct 527

test of whether similarity in the embedding space 528

aligns with decision equivalence. 529

We compare four state representations: Sen- 530

tenceTransformer embeddings of LLM-augmented 531

semantic representations, SentenceTransformer em- 532

beddings of raw textual states, embeddings from 533

a DRRN encoder trained for 70K environment 534

frames, and embeddings from an untrained DRRN 535

encoder. For each representation, we perform KNN 536

retrieval and measure KNN retrieval accuracy, de- 537

fined as the proportion of retrieved neighbors that 538

share the same optimal action. 539

As shown in Figure 3, LLM-based representa- 540

tions achieve consistently high retrieval accuracy 541

across all values of k, exceeding 95% at k = 1 542

and remaining above 92% at k = 10. DRRN rep- 543

resentations trained for 70K frames show only a 544

modest improvement over untrained DRRN em- 545

beddings. We note that with substantially more 546

training data and interaction, DRRN-style encoders 547

may learn stronger task-specific representations. 548

However, under the low-data regime considered 549

here, shallow and partially trained encoders fail 550
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LLM GoToLocal PickupLocal FindObj

Qwen2.5-7B-Instruct 0.79 ± 0.03 0.43 ± 0.02 0.13 ± 0.01
Qwen2.5-32B-Instruct 0.84 ± 0.02 0.45 ± 0.02 0.23 ± 0.02

Table 3: Robustness across different LLM backbones
on the three BabyAI-Text tasks (100 test environments).
Values are means over three seeds; ± denotes one stan-
dard deviation.
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Figure 4: Comparison of success rates and memory re-
trieval proportions on three BabyAI-Text environments.
SR denotes Selective Retrieval. Error bars represent one
standard deviation.

to align embedding similarity with decision rele-551

vance, whereas LLM-based semantic augmenter552

yields highly action-consistent neighborhoods.553

3.5 RQ4: Retrieval Dilemma554

To investigate the impact of the retrieval dilemma555

on decision quality, we compare AEC against a556

variant that queries episodic memory indiscrimi-557

nately at every timestep (AEC w/o selective re-558

trieval). Crucially, both agents utilize the identical559

episodic memory content to ensure a fair compari-560

son. Figure 4 reports task success rates and mem-561

ory retrieval proportions across three environments:562

GoToLocal, PickupLocal, and UnlockLocal.563

AEC consistently outperforms the indiscriminate564

baseline across all tasks. This performance gap is565

particularly pronounced in UnlockLocal, where the566

baseline’s success rate drops significantly. These567

results indicate that accessing episodic memory568

at every step is detrimental to decision accuracy,569

potentially due to the interference caused by re-570

trieving information at non-critical states. Conse-571

quently, selectively invoking episodic memory is572

essential for maximizing task success and robust-573

ness in complex environments.574

3.6 Ablation studies575

We conduct ablation studies on all five BabyAI-576

Text environments to assess the contribution of577
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Figure 5: Ablation study results across five BabyAI-
Text environments. Error bars represent one standard
deviation.

AEC’s components. As shown in Figure 5, re- 578

moving either module consistently degrades per- 579

formance across tasks, demonstrating their com- 580

plementary roles. In particular, working memory 581

is crucial for FindObj, which features extremely 582

sparse rewards, where selective memory retrieval 583

is essential to avoid uninformative recall. These 584

results confirm that both the LLM-based semantic 585

augmenter and the working memory are necessary 586

for AEC’s strong performance, enabling semantic 587

generalization and long-horizon reasoning. 588

To evaluate robustness across backbone mod- 589

els, we repeat experiments using the smaller 590

Qwen2.5-7B-Instruct model on three tasks of 591

varying difficulty, with three random seeds per task. 592

Table 3 reports mean success rates over 100 test en- 593

vironments. AEC achieves consistent performance 594

with both backbones, while the 32B model per- 595

forms better overall, indicating that AEC further 596

benefits from the richer knowledge of larger lan- 597

guage models. 598

4 Conclusions 599

We introduced Agentic Episodic Control, a frame- 600

work that integrates LLM-based semantic abstrac- 601

tion with structured memory to resolve the rep- 602

resentation bottleneck and retrieval dilemma in 603

episodic RL. By replacing passive retrieval with 604

decision-aware recall, AEC achieves significant 605

improvements in sample efficiency and generaliza- 606

tion, consistently outperforming strong baselines 607

in complex, long-horizon tasks. These results un- 608

derscore the effectiveness of combining semantic 609

understanding with active memory mechanisms, 610

offering a robust path toward more data-efficient 611

autonomous agents. 612
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Limitations613

Despite its strong performance, AEC incurs higher614

inference latency compared to traditional RL base-615

lines due to the computational cost of LLM616

queries and structured memory updates. This over-617

head may limit its deployment in real-time, high-618

frequency control settings. Future work will focus619

on mitigating these costs through techniques such620

as knowledge distillation into smaller models or621

caching intermediate semantic representations.622
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A Ethical Considerations864

This study investigates the role of large language865

models as components within reinforcement learn-866

ing agents, and all experimental results are obtained867

by evaluating agent performance in controlled en-868

vironments. In addition, an LLM was used as an869

auxiliary tool during manuscript preparation, in-870

cluding improving grammar and clarity of the text.871

The LLM was not used to generate experimental872

data, design algorithms, analyze results, or draw873

scientific conclusions. All research ideas, meth-874

ods, experiments, analyses, and conclusions were875

conceived and conducted by the authors.876

B Related Works877

B.1 Neural Episodic Control878

Episodic control refers to capturing and retaining879

the most influential experiences during the learn-880

ing process to guide an agent’s decision-making.881

Model-free episodic control (MFEC) (Blundell882

et al., 2016) employs episodic memory buffers883

that hold experience tuples, compressing states via884

Gaussian random projection or variational auto-885

encoders. NEC (Pritzel et al., 2017) introduced886

a differentiable neural dictionary that stores past887

experiences, with convolutional networks used for888

state embedding. Subsequent studies modify pa-889

rameterised models through episodic memory (Lin890

et al., 2018; Hansen et al., 2018; Chen et al., 2022;891

Liang et al., 2024; Lee et al., 2019). Recently, re-892

search has shifted to state representation in neural893

episodic control. Episodic Reinforcement Learning894

with Associative Memory (ERLAM) (Zhu et al.,895

2020) associates related trajectories to form poli-896

cies with efficient reasoning and propagates new897

values through a graph built over memory items.898

Neural Episodic Control with State Abstraction899

(NECSA) (Li et al., 2023) performs state abstrac-900

tion on grid-based environments to exploit topolog-901

ical structures and enhance policy learning and gen-902

eralization. Efficient Episodic Memory Utilization903

(EMU) (Na et al., 2024) constructs semantically904

coherent memory embeddings with a trainable en-905

coder–decoder. Cooperative Embodied Language906

Agent (CoELA) (Zhang et al., 2024) maintains907

three memory systems—semantic, episodic, and908

procedural—that are updated primarily by logging909

raw action and dialogue histories. However, hu-910

man episodic memory encodes experiences with911

prior knowledge and semantic detail (Xue, 2018;912

Ramey et al., 2022). We therefore introduce an913

LLM-based semantic augmenter, aligned with this 914

human characteristic to enhance decision-making. 915

B.2 LLMs for Reinforcement Learning 916

Effectively enhancing reinforcement learning with 917

large language models is a promising research area. 918

Several approaches have been explored to lever- 919

age LLMs in this field. One method is based on a 920

hierarchical framework, in which LLMs are used 921

to decompose complex tasks and generate high- 922

level plans, which are then executed by low-level 923

controllers (Peng et al., 2024; Shukla et al., 2024). 924

Another approach utilizes LLMs to design reward 925

functions, simplifying the typically labor-intensive 926

process of reward function formulation (Kwon 927

et al., 2023; Wu et al., 2023; Li et al., 2024; Bham- 928

bri et al., 2024). Some studies directly use LLMs as 929

behavioral policies, training them via RL to interact 930

with the environment (Yan et al., 2023; Shi et al., 931

2024; Li et al., 2022; Carta et al., 2023; Tan et al., 932

2024). For example, Grounded Language Models 933

(GALM) (Carta et al., 2023) and Twosome (Tan 934

et al., 2024) apply LLMs to text-based games. Our 935

work differs from these approaches by leveraging 936

the semantic understanding of LLMs to enhance 937

episodic memory embedding, while dynamically 938

coordinating with graph-structured working mem- 939

ory for real-time reasoning. This tight integration 940

enables more human-like generalization and sam- 941

ple efficiency compared to existing LLM-RL hy- 942

brids. 943

B.3 LLM-based State Embedding 944

Recent advances demonstrate the versatile capabili- 945

ties of large language models in enriching state rep- 946

resentations across diverse applications (Da et al., 947

2024; Shek et al., 2024; Chen et al., 2023; Wang 948

et al., 2024; Benara et al., 2024). Language for 949

context-aware robot locomotion (LANCAR) (Shek 950

et al., 2024) employs an LLM-based contextual 951

information translation module to interpret high- 952

level information from the environment into con- 953

textual embeddings accessible to RL agents. LLM- 954

State (Chen et al., 2023) leveraged the inherent 955

contextual understanding and historical action rea- 956

soning capabilities of LLMs to provide continu- 957

ous expansion and updates of object properties. 958

Question-answering embeddings (QA-Emb) (Be- 959

nara et al., 2024) is a method that leverages LLMs 960

to answer a series of yes/no questions for gener- 961

ating interpretable state embeddings. Our method 962

integrates a LLM-based semantic encoder directly 963
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into the agent"s core memory architecture, enabling964

deep semantic grounding of both episodic memory965

storage and retrieval processes.966

C Environment Details967

We evaluate the proposed Agentic Episodic Control968

architecture on the BabyAI-Text benchmark (Carta969

et al., 2023). The wrapper (Carta et al., 2023)970

built on top of BabyAI removes reliance on visual971

perception and allows us to isolate the benefits of972

language-driven episodic memory and structured973

reasoning. In this environment, the agent is pro-974

vided with a natural language instruction and a tex-975

tual description of its local egocentric observation.976

This observation represents a forward-facing view977

in text form, covering up to seven adjacent tiles978

directly in front of the agent. This design simulates979

partial observability and tests the agent’s ability980

to reason over limited, language-grounded sensory981

input.982

Our evaluation covers five BabyAI-Text envi-983

ronments that probe complementary capabilities:984

• GoToLocal: The agent must navigate to a985

specified object in a room with distractors,986

assessing spatial grounding and distractor re-987

sistance.988

• PickupDist: Requires picking up a specified989

object (by type and/or color) amid distractors,990

stressing fine-grained object disambiguation.991

• PickupLocal: Builds on PickupDist, but de-992

scribes the target via its location, testing993

grounding of locative language in a single-994

room setting.995

• UnlockLocal: Involves fetching the correct996

key and unlocking a door in the current room,997

emphasizing multi-step reasoning and tool998

use.999

• FindObj: Evaluates exploration, requiring the1000

agent to explore across six rooms to locate a1001

target object.1002

Following the protocol in (Carta et al., 2023), we1003

also test the agent’s ability to generalize to unseen1004

instructions and object types. We refer to the stan-1005

dard evaluation setting as No change, where the1006

object names and colors present in the environment1007

during testing are consistent with those seen during1008

training. However, the target instruction and room1009

layout vary across episodes. In contrast, the New1010

Raw observation:
You see a wall 2 steps right, You see a green
ball 3 steps left, You see a yellow ball 2 steps
left, You see a blue ball 3 steps forward.
LLM augmented:
TARGETS: 
CARRYING: no
Obstacle: [At 1 step forward: no; At 1 step
left: no; At 1 step right: no; Target 1 step
forward: no]

Step 2：

Raw observation:
You see a wall 1 step forward, You see a wall 2
steps left, You see a grey key 1 step right, You
see a grey box 3 steps right.
LLM augmented:
TARGETS: target right
CARRYING: no
Obstacle: [At 1 step forward: yes; At 1 step
left: no; At 1 step right: yes; Target 1 step
forward: no]

Step 5：

Raw observation:
You see a wall 1 step left, You see a grey box
3 steps forward, You see a grey key 1 step
forward, You see a green ball 1 step right and
3 steps forward, You see a yellow ball 1 step
right and 2 steps forward.
LLM augmented:
TARGETS: target forward
CARRYING: no
Obstacle: [At 1 step forward: yes; At 1 step
left: yes; At 1 step right: no; Target 1 step
forward: no]

Step 6：

Raw observation:
You carry a grey key, You see a wall 1 step
left, You see a grey box 3 steps forward, You
see a green ball 1 step right and 3 steps
forward, You see a yellow ball 1 step right and
2 steps forward.
LLM augmented:
TARGETS: target forward
CARRYING: yes
Obstacle: [At 1 step forward: no; At 1 step left:
yes; At 1 step right: no; Target 1 step forward:
no]

Step 7：

...

Figure 6: Case study of the LLM-based semantic aug-
menter in the PickupDist task (pick up the gray box).
For selected timesteps, we show the textual description,
and the LLM-augmented semantic representations.

object setting introduces novel, previously unseen 1011

object names and colors at test time, while still 1012

varying the target and room layout in each episode. 1013

D Case Studies 1014

Analysis of LLM-based semantic augmenter. To 1015

illustrate the role of the LLM-based semantic aug- 1016

menter, we analyze a representative episode from 1017

the PickupDist task, focusing on how raw obser- 1018

vations are transformed into structured, decision- 1019

relevant representations. 1020

As shown in Figure 6, raw observations con- 1021

sist of unstructured, surface-level descriptions that 1022

enumerate visible objects and their relative posi- 1023

tions. While informative, these observations en- 1024

tangle task-relevant signals with irrelevant details, 1025

making it difficult for similarity-based retrieval to 1026

identify functionally equivalent states. 1027

In contrast, the LLM-based semantic augmenter 1028

distills each observation into a compact representa- 1029
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Step 1：

Raw observation:
You see a wall 3 steps forward, You see a wall
2 steps left, You see a closed purple door 2
steps left and 1 step forward, You see a closed
blue door 1 step right and 3 steps forward, You
see a closed yellow door 2 steps right.
World-Graph working memory:
Current Room: room A
room A[closed purple door, closed blue door,
closed yellow door].

...

Step 16：

Raw observation:
You see a wall 4 steps forward, You see a
wall 1 step left, You see a wall 1 step right,
You see a closed green door 3 steps left and 1
step forward, You see a closed yellow door 1
step right and 1 step forward.
World-Graph working memory:
Current Room: room B
room A[closed purple door, closed blue door,
closed yellow door, closed red door, closed
green door, open blue door];room A, open
blue door, room B;room B[wall, closed green
door, closed yellow door].

Step 105：

Raw observation:
You see a wall 4 steps forward, You see a wall
1 step left, You see a wall 1 step right, You see
a closed red door 1 step left and 3 steps
forward, You see a closed grey door 3 steps
right and 2 steps forward.
World-Graph working memory:
Current Room: room C  
room A[wall, closed green door, closed purple
door, open blue door, closed yellow door,
closed grey door, closed red door, open red
door];room A, open blue door, room B; room
B[wall];room A, open red door, room C; room
C[wall, closed red door, closed grey door].

...

Step 146：

Raw observation:
You see a wall 1 step left, You see a wall 3
steps right, You see a open green door 1
step forward, You see a red box 1 step right
and 2 steps forward.
World-Graph working memory:
Current Room: room B  
room A[wall, closed green door, closed
purple door, closed yellow door, closed
grey door, closed red door, open blue
door];room A, open blue door, room
B;room A, open red door, room C;room
C[wall, closed red door, closed grey
door];room C, open red door, room A;room
B[wall, wall, wall, open green door, closed
purple door, closed yellow door, closed
grey door];room B, open green door, room
D;room B, open red door, room A.

...

...

Figure 7: Selected key steps from the “pick up the box”
task. Each frame illustrates the agent’s textual descrip-
tion, and the corresponding state of its world-graph
working memory. Since the environment does not pro-
vide explicit room names, the agent assigns room labels
(e.g., room A, room B) based on its own exploration
order and infers connectivity between rooms using door
colors and relative positions.

tion that explicitly highlights task-critical factors,1030

including the relative direction of the target , the1031

agent’s carrying status, and local obstacle availabil-1032

ity. For example, at Step 5, the augmenter correctly1033

identifies the target as being to the right and marks1034

the immediate right position as blocked by an ob-1035

stacle, while suppressing unrelated objects such1036

as balls that do not affect decision-making. As1037

the episode progresses (Steps 6–7), the semantic1038

representation remains stable despite changes in1039

raw visual content, while dynamically updating1040

key attributes such as the agent’s carrying state1041

Step 6：

Raw observation:
You see a wall 2 steps left, You see a locked
grey door 2 steps forward.
Critical-state recognizer:
No.

Step 7：

Raw observation:
You see a locked grey door 2 steps left, You
see a grey key 4 steps forward.
Critical-state recognizer:
Yes.

Step 18：

Raw observation:
You carry a grey key, You see a wall 6 steps
forward, You see a wall 2 steps right, You see
a locked grey door 2 steps right and 4 steps
forward.
Critical-state recognizer:
Yes.

...

...

Figure 8: Performance of the critical-state recognizer in
the UnlockLocal environment.

after picking up the key. 1042

This abstraction process effectively maps per- 1043

ceptually different but functionally similar states 1044

to nearby representations, aligning the embedding 1045

space with decision relevance rather than surface 1046

appearance. As a result, episodic memory retrieval 1047

operates over semantically meaningful keys, en- 1048

abling reliable reuse of past experience across vari- 1049

ations in object layout and observation wording. 1050

This case study demonstrates that the LLM-based 1051

semantic augmenter plays a crucial role in alleviat- 1052

ing the representation bottleneck by transforming 1053

raw observations into task-aligned, decision-centric 1054

state representations. 1055

Analysis of World-Graph Working Memory. To 1056

evaluate the correctness of the world-graph work- 1057

ing memory constructed by the agent during task 1058

execution, we analyzed a representative episode 1059

from the FindObj task, specifically the “pick up the 1060

box” scenario. As illustrated in the Figure 7, we 1061

highlight several key steps in the episode, showing 1062

the visual observations, textual descriptions, and 1063

the corresponding state of the agent’s world-graph. 1064

Our analysis shows that the agent is capable of 1065

accurately building and maintaining connectivity 1066

information between rooms during exploration. For 1067

instance, by step 146, the world-graph correctly 1068
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reflects that Room A is connected to Room B via1069

a blue door, to Room C via a red door, and that1070

Room B is connected to Room D through a green1071

door. This structured spatial representation allows1072

the agent to plan paths and navigate toward the goal1073

room effectively.1074

It is important to note that since the environment1075

does not provide explicit room identifiers, the agent1076

assigns room names based on the order of explo-1077

ration and relies on room attributes to recognize its1078

current location. This approach poses challenges,1079

especially in dynamic environments where, for in-1080

stance, door states may change—sometimes lead-1081

ing to attribute misidentification and local inconsis-1082

tencies in the world-graph. Nevertheless, despite1083

these uncertainties, the agent is still able to infer1084

room connectivity accurately and reliably identify1085

paths to the target, demonstrating robustness in1086

spatial memory construction and planning.1087

Analysis of Critical-State Recognizer. The Fig-1088

ure 8, based on the UnlockLocal environment, il-1089

lustrates the effectiveness of the critical-state recog-1090

nizer. In the "open the door" task, before the agent1091

obtains the key, the recognizer identifies observa-1092

tions containing the key as critical states. After ac-1093

quiring the key, it shifts to recognizing locked doors1094

as critical. This dynamic adaptation shows that the1095

recognizer can adjust its definition of criticality in1096

real time according to the agent’s task progress. As1097

a result, it more effectively guides the agent’s bal-1098

ance between exploration and exploitation, trans-1099

forming retrieval from passive matching into active,1100

context-aware decision-making—thereby address-1101

ing the retrieval dilemma.1102

E Prompt Engineering1103

We introduce the four prompt templates employed1104

in our experiments. These prompts are carefully1105

crafted to provide structured and consistent instruc-1106

tions that guide the large language model’s behav-1107

ior within the text-based maze environment. Their1108

design aims to enhance clarity, ensure uniform in-1109

terpretation of observations, support coherent mem-1110

ory management, and promote rational decision-1111

making. The complete content of each prompt is1112

presented below.1113

1114

The prompt for LLM-based semantic augmenter1115

You are MazeNavigator-GPT, an expert at reading1116
text-based maze observations.1117

GAME DESCRIPTION1118
{Game description}1119

MISSION 1120
{Mission} 1121
INPUT 1122
{Observation} 1123
TASK (Do all in order, think step-by-step) 1124
STEP 0 - PARSE MISSION 1125
Analysis the game description and the 1126

observation, determine your current target object. 1127
If the prerequisites for certain goals are not met, 1128
they should not be set as current target object. 1129
Extract the exact color + item that defines the 1130
current target object. Store it as one pair (e.g. 1131
"red ball"). This is the current target object. 1132

STEP 1 - BUILD OUTPUT LIST 1133
Try to find the current target object in the 1134

observation. Scan the single observation for any 1135
mention of that current target object with the 1136
same color. Ignore objects whose does not match 1137
exactly. For each valid sentence: remove all 1138
numbers (distances, counts, step sizes). Keep the 1139
pure direction phrase (e.g. "left and forward", 1140
"right"). Create an entry in the form: "target 1141
<direction phrase >". Example → "target left and 1142
forward". Preserve the order they appear in the 1143
observation. 1144

STEP 2 - CARRYING ITEM? 1145
Output "yes" if the observation states the agent 1146

is carrying anything; else "no". 1147
STEP 3 - OBSTACLE ANALYSIS 1148
Is there any objects or walls are there in the 1149

three directions of the agent: "1 step forward 1150
without left and right", "1 step left without 1151
forward", "1 step right without forward"? If no 1152
information provided, output "no". 1153

STEP 4 - TARGET ANALYSIS 1154
Target 1 step forward? Output "Target 1 step 1155

forward: yes" if the current target object only at 1156
1 step forward; else if the current target object 1157
is at 1 step left/right and 1 step forward, output 1158
"Target 1 step forward: no". 1159

OUTPUT FORMAT 1160

{Format requirements} 1161

1162

The prompt for World-Graph working memory con- 1163

struction 1164

OBJECTIVE 1165
The main goal is to meticulously gather 1166

information from maze exploration observations and 1167
update a structured knowledge graph. Don"t include 1168
any speculation. Only incorporate new, directly 1169
observed information. 1170

Always retain all items and triplets from the 1171
previous knowledge graph. Do not remove or modify 1172
any previously recorded objects or relationships, 1173
even if they are not observed in the current 1174
observation. 1175

PREVIOUS WORLD MODEL 1176
{Previous world model} 1177
PREVIOUS OBSERVATION 1178
{Previous observation} 1179
ACTION 1180
{Action} 1181
NEW OBSERVATION 1182
{New observation} 1183
TASK 1184
Building and Updating the Knowledge Graph - 1185

Follow these steps: 1186
STEP 0 - Room Labeling and Node Properties 1187
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Assign room labels sequentially as rooms are1188
confirmed. Name the first room "room A", and1189
label subsequent new rooms as "room B", "room1190
C", etc. If a room has been labeled previously,1191
reuse that label consistently. For the room you1192
have just passed, include all explicitly observed1193
objects in its properties. IMPORTANT: first,1194
import any objects already memorized for that1195
room from the previous world model. Then, add1196
only the newly observed objects (if they are not1197
already recorded). Do not remove any objects from1198
previous observations.- Ignore object positions or1199
orientations. Format: room A [item 1, item 2, item1200
3, ...]; ...1201

At the beginning of your output, include a line1202
stating the current room label. Example: "Current1203
Room: room A".1204

STEP 1 - Triplet Creation1205
Only perform this step if the new observation1206

explicitly mentions a door. If the new observation1207
does not explicitly mention a door, SKIP THIS1208
STEP entirely and do not create any triplets.1209
When creating triplets, strictly use the format:1210
subject, relation, object. Here the subject is the1211
current room. The relation is the specific door1212
(using the color and state as explicitly mentioned1213
in the observation). The object is the new room1214
reached by that door.1215

OUTPUT FORMAT1216

{Format requirements}1217

1218

The prompt for critical-state recognizer1219

You are MazeNavigator-GPT, a specialist in solving1220
navigation games.1221

GAME DESCRIPTION1222
{Game description}1223
MISSION1224
{Mission}1225
CURRENT OBSERVATION1226
{Current observation after augmentation}1227
TASK1228

Based on the current observation, determine if1229

there is a target direction. If there is, output1230

"yes". If not, output "no". Do not provide any1231

additional explanations, comments, or text.1232

1233

The prompt for exploration strategy using World-1234

Graph working memory1235

You are MazeNavigator-GPT, a specialist in1236
solving navigation games by selecting the optimal1237
action based on the mission, world model, and1238
observations. You enjoy exploring unknown1239
environments.1240

GAME DESCRIPTION1241
{Game description}1242
MISSION1243
{Mission}1244
ACTION SPACE:1245
{Action space}1246
WORLD MODEL1247
{World model}1248
HISTORY1249
{History}1250
CURRENT OBSERVATION1251
{Current observation}1252

TASK 1253
Based on the world model, history and current 1254

observation, select the single most effective 1255
action that brings you closer to the mission 1256
goal or advances environmental exploration(if no 1257
mission objective is present). Be careful to avoid 1258
falling into a simple loop of exploration solely 1259
through turning left or right;try considering 1260
moving forward, picking up items, or other actions 1261
to break the stalemate. If you notice that 1262
repeating the same actions in consecutive similar 1263
scenarios fails to make progress, prioritize 1264
trying other options. 1265

OUTPUT FORMAT 1266
{Format requirements} 1267
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