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Abstract001

Large Language Models (LLMs) based agents002
excel at diverse tasks, yet they suffer from brit-003
tle procedural memory that is manually engi-004
neered or entangled in static parameters. In005
this work, we investigate strategies to endow006
agents with a learnable, updatable, and life-007
long procedural memory. We propose Memp008
that distills past agent trajectories into both fine-009
grained, step-by-step instructions and higher-010
level, script-like abstractions, and explore the011
impact of different strategies for Build, Re-012
trieval, and Update of procedural memory.013
Coupled with a dynamic regimen that contin-014
uously updates, corrects, and deprecates its015
contents, this repository evolves in lockstep016
with new experience. Empirical evaluation on017
TravelPlanner and ALFWorld shows that as the018
memory repository is refined, agents achieve019
steadily higher success rates and greater effi-020
ciency on analogous tasks. Moreover, procedu-021
ral memory built from a stronger model retains022
its value: migrating the procedural memory023
to a weaker model can also yield substantial024
performance gains.025

1 Introduction026

As large language models (LLMs) grow ever more027

powerful, LLM-based agents augmented by their028

own reasoning and external tools are taking on in-029

creasingly sophisticated works (Zhao et al., 2023;030

Wang et al., 2024a; Xi et al., 2025; Qiao et al.,031

2023). No longer mere assistants, these agents now032

trawl the web for elusive insights and weave them033

into comprehensive, publication ready reports, like034

Deep Research (OpenAI, 2025; x.ai, 2025) and035

WebDancer (Wu et al., 2025a). Moreover, they036

can handle complex data analyses (Lan et al., 2025;037

Ifargan et al., 2025; Ou et al., 2025), navigate multi-038

step GUI workflows (Luo et al., 2025; Qin et al.,039

2025), and sustain long-horizon, tool-rich interac-040

tions (Yao et al., 2025; Barres et al., 2025; Chen041

et al., 2025; Fang et al., 2025; Gur et al., 2023)042
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Figure 1: With procedural memory, agents can im-
prove both the success rate (accuracy ↑) and execution
efficiency (steps ↓) when solving similar tasks.

with precision. Yet executing such intricate, long- 043

horizon tasks demands dozens of steps and pro- 044

tracted runtimes. Along the way, unpredictable ex- 045

ternal events—network glitches, UI changes, shift- 046

ing data schemas—can derail the entire process. 047

Restarting from scratch every time is a punishing 048

ordeal for present-day agents. Beneath their surface 049

diversity, many complex tasks share deep structural 050

commonalities and a similar environment. Instead 051

of starting fresh each time, an agent should extract 052

its experience from past successes. By turning ear- 053

lier trajectories into reusable templates like patterns 054

of reasoning, tool sequences, and recovery tactics, 055

it can progress step by step, learning from every 056

failure and success, until even the most convoluted 057

missions become routine. 058

The capacity to distill, chronicle, and re-apply 059

lessons from one’s own experiential trajectory is 060

the bedrock of human learning and the pivotal 061

gateway through which an agent ascends toward 062

self-directed refinement (Liu et al., 2025a; Sumers 063

et al., 2023a; Li et al., 2023). Procedural mem- 064

ory (Gupta and Cohen, 2002; Cohen and Squire, 065

1980) silently compiles habitual skills into exe- 066
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cutable subroutines, enabling unconscious, fluent067

action. While contemporary agents built on LLMs068

can compose short action plans or call external069

tools, their procedural knowledge is either hand-070

crafted, stored as brittle prompt templates, or im-071

plicitly entangled in model parameters that are ex-072

pensive to update. Existing memory-augmented073

frameworks such as LangGraph (Mavroudis, 2024),074

AutoGPT (Yang et al., 2023), or agent cognitive ar-075

chitectures like Memory Bank (Zhong et al., 2024a;076

Sumers et al., 2023b) and Soar (Laird, 2022) pro-077

vide coarse abstractions (buffers, rule chunks, pro-078

duction systems) but leave the optimization of pro-079

cedural memory life-cycle operations about how080

skills are built, indexed, patched, and eventually081

pruned, largely unexamined. Consequently, there082

is no reliable way to measure how efficiently an083

agent grows its procedural skills or to ensure new084

experiences improve rather than harm performance.085

To close this gap, we present Memp, a task-086

agnostic framework that treats procedural memory087

as a first-class optimization object. The core explo-088

ration of Memp lies in how different strategies for089

memory construction, retrieval, and updating af-090

fect overall performance. During the construction091

phase, we follow the majority of traditional mem-092

ory architectures and agent-based memory designs093

by leveraging either the full historical trajectory094

or explicit guidelines to guide the process. In the095

retrieval phase, we experiment with various key-096

building strategies—such as query-vector match-097

ing and keyword-vector matching—to investigate098

how procedural memory can be constructed more099

precisely. Unlike prior memory mechanisms or100

learning from experience, Memp introduces di-101

verse procedural-memory update strategies: In the102

realm of agents, memory updating is crucial for103

agents to adapt to dynamic environments. By incor-104

porating diverse strategies like ordinary addition,105

validation filtering, reflection, and dynamic discard-106

ing, agents can efficiently manage their knowledge107

base. This ensures they stay updated with new108

information, discard outdated data, and optimize109

memory resources. Such strategies enhance learn-110

ing efficiency, improve decision-making quality,111

and boost adaptability, allowing agents to perform112

optimally in various tasks and scenarios.113

We instantiate Memp on top of strong LLMs114

(GPT-4o and Claude, Qwen) and evaluate on two115

diverse domains: long-horizon housework ALF-116

World (Shridhar et al., 2021) and long-term in-117

formation seeking task TravelPlanner (Xie et al.,118

2024). On two benchmark datasets that rigorously 119

evaluate agent capabilities, we demonstrate that 120

constructing and retrieving procedural memory dur- 121

ing training empowers an agent to distill and reuse 122

its prior experience. When this memory is ex- 123

ploited at test time, the agent’s task accuracy rises, 124

and compared with tackling each instance in iso- 125

lation, it eliminates most fruitless exploration on 126

unfamiliar tasks, yielding substantial reductions in 127

both step count and token consumption. Further, by 128

equipping the agent with a set of memory-update 129

mechanisms, we allow it to build and refine its 130

procedural memory while acting in the test envi- 131

ronment. This endows the agent with a continual, 132

almost linear mastery of the task. Extensive abla- 133

tion studies reveal that procedural memory not only 134

scales gracefully with increasing task complexity 135

but also transfers effectively to new, related tasks, 136

demonstrating its adaptability across scenarios. 137

2 Related Works 138

Memory in Language Agents. Memory is a 139

foundational component in language agents, en- 140

abling them to retain and utilize past information 141

across multiple timescales, including short-term, 142

episodic, and long-term memory, to enhance their 143

performance and adaptability (Zhou et al., 2023, 144

2024; Zhang et al., 2024; Liu et al., 2025a; Li 145

et al., 2025). These systems aim to mimic as- 146

pects of human memory to improve coherence, per- 147

sonalization, and learning capabilities (Chhikara 148

et al., 2025; Wu et al., 2025b; Xia et al., 2025). 149

Current approaches include end-to-end memory 150

systems (Yu et al., 2025; Zhou et al., 2025), ex- 151

ternal memory systems (Chhikara et al., 2025; 152

Zhong et al., 2024b), and hierarchical memory 153

structures (Hu et al., 2024a; Xu et al., 2025). These 154

methods involve encoding and storing information 155

in various formats, using retrieval mechanisms like 156

vector embeddings and semantic search, and imple- 157

menting memory updating and forgetting strategies 158

to maintain relevance and efficiency. Despite its im- 159

portance, memory in multi-turn agent interactions 160

remains underexplored, and enabling agents to ef- 161

fectively learn and utilize memory across trajecto- 162

ries poses a significant challenge. Procedural mem- 163

ory is a type of long-term memory that involves the 164

retention of procedures and skills, such as typing 165

or riding a bike, which are performed automati- 166

cally without conscious thought. The agent utilizes 167

procedural memory to internalize and automate 168
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repetitive tasks, decision-making processes, and169

interaction patterns, leading to more efficient and170

context-aware responses over time. Although there171

have been several works, such as Voyager (Wang172

et al., 2023), AWM (Wang et al., 2024b), and Au-173

toManual (Chen et al., 2024), that utilize proce-174

dural memory to enhance agents’ capabilities on175

similar tasks, there still lacks a systematic analysis176

on how to construct, retrieve, and update such pro-177

cedural memory like (Wu et al., 2024). Therefore,178

our work mainly focuses on exploring how to build179

an effective procedural memory system for agents180

performing cross-trajectory tasks.181

Learning from Experience. LLM-based Agent182

learning from experience involves intelligence con-183

tinuously improving their decision-making capabil-184

ities through interaction with environments and uti-185

lization of past experiences (Tan et al., 2025; Tang186

et al., 2025; Zhou et al., 2025; Qiao et al., 2025;187

Su et al., 2025; Wang et al., 2024b). This approach188

is crucial for developing adaptive and intelligent189

agents capable of handling dynamic real-world sce-190

narios, as it allows them to optimize behaviors,191

reduce manual programming needs, and enhance192

performance across various tasks (Zheng et al.; Liu193

et al., 2025c; Wang et al., 2025). Agents typically194

employ mechanisms such as reinforcement learn-195

ing (Lu et al., 2025; Dong et al., 2025), experi-196

ence replay (Feng et al., 2025; Liu et al., 2025b),197

imitation learning (Sun et al., 2024; Yang et al.,198

2024b), memory management (Hou et al., 2024; Hu199

et al., 2024b), and multi-agent learning to achieve200

this. However, current methods face limitations in-201

cluding low sample efficiency, poor generalization202

across tasks, catastrophic forgetting when learning203

new information, and there are very few features for204

memory update. The key distinction of our work205

lies in systematically investigating optimal strate-206

gies for construction, retrieval, and update modules207

of an agent’s procedural knowledge. During the208

update phase, we enhance the agent’s capabilities209

by maintaining an editable repository of procedural210

knowledge. Additionally, collecting high-quality211

training data can be challenging and may introduce212

biases.213

3 Preliminary214

When an agent influences its external environment215

by invoking external tools or executing prescribed216

actions, and iteratively refines its behavior over217

multiple rounds to accomplish a complex multi-218

step objective, this paradigm can be modeled as 219

a Markov Decision Process (MDP). (Puterman, 220

1990) Under this view, at each discrete time step t, 221

the agent, situated in state st ∈ S, chooses an ac- 222

tion at ∈ A, according to its policy π(at|st), where 223

A is the action space of the task. The environment 224

then transitions to a new state st+1 ∈ S and emits 225

an observation Ot. Consequently, the entire inter- 226

action trajectory may be compactly expressed as: 227

τ = (s0, a0, o1, s1, a1, o2, . . . , sT ), (1) 228

where τ is the complete exploration trajectory of 229

this task. Moreover, a reward function R will evalu- 230

ate the task’s completion r within this environment 231

env by assigning a score based on the final state 232

sT or the entire trajectory τ . 233

r = R(env, sT , τ) ∈ [0, 1] (2) 234

Although approaches resembling Markov Deci- 235

sion Processes inevitably contain erroneous actions 236

and exploratory attempts, the contextual informa- 237

tion they generate becomes valuable for decision- 238

making as the model’s reasoning and reflective ca- 239

pabilities improve. Nevertheless, this benefit comes 240

at a high test-time cost—both in time and in token 241

consumption. When facing an entirely new and 242

complex environment, many actions (or tokens) are 243

spent simply understanding the environment and 244

the task itself. This leads to redundancy when simi- 245

lar tasks are executed within the same environment: 246

the agent has already acquired partial procedural 247

knowledge about the environment or task during 248

earlier episodes, yet fails to transfer that knowledge 249

effectively to subsequent tasks. 250

By shifting from parallel task completion to se- 251

quential task completion, the agent can learn and 252

distill experience from earlier tasks, thereby re- 253

ducing repetitive exploration. Inspired by human 254

procedural memory, we propose to equip the agent 255

with a procedural memory module. This module 256

transforms the conventional policy π(at|st) into 257

πmp(at|st), where mp is the agent’s learned proce- 258

dural memory. 259

3.1 Agent Procedural Memory 260

Procedural memory is the type of long-term mem- 261

ory responsible for knowing how to perform tasks 262

and skills, such as typing or riding a bike. By 263

mastering this type of procedural memory, humans 264

avoid the need to relearn the process each time. For 265
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Figure 2: The procedural memory framework consists of Build, Retrieve, and Update, which respectively involve
encoding stored procedural memory, forming new procedural memories, and modifying existing ones in light of
new experiences.

an agent, that is, for a task trajectory τ and its re-266

ward r, a memory mp is constructed by a builder267

B, thereby achieving the acquisition of memory,268

namely269

Mem =
T∑
t=1

mpt , where mpt = B(τt, rt) (3)270

where Mem is the procedural memory library ac-271

quired by the agent over the T tasks. After con-272

structing the procedural memory library, when fac-273

ing a new task tnew, we need a good procedu-274

ral memory retriever to recall a memory that fits275

tnew. Generally speaking, we would choose the276

task t ∈ T that is most similar to tnew, because277

similar experiences are more helpful for the agent278

to complete the new task.279

mretrieved = arg max
mpi∈Mem

S(tnew, ti) (4)280

As we use cosine similarity for the vector embed-281

ding model ϕ of the task in the experiment, the282

retrieval process becomes:283

mretrieved = arg max
mpi∈Mem

ϕ(tnew) · ϕ(ti)
∥ϕ(tnew)∥∥ϕ(ti)∥

.

(5)284

Moreover, as the number of completed tasks con-285

tinuously increases, simply augmenting the agent’s286

procedural memory is inconsistent with common 287

sense. A well-designed procedural memory system 288

should have a reasonable update mechanism—that 289

is, it should dynamically perform addition, dele- 290

tion, modification, and retrieval based on the task 291

execution context. 292

Let M(t) denote the agent’s procedural memory 293

at time t, and τt represent the set of tasks completed 294

up to time t. Then, the update mechanism can 295

be modeled as a function U that takes the current 296

procedural memory and task execution feedback to 297

produce the updated memory: 298

M(t+ 1) = U (M(t), E(t), τt) , (6) 299

where E(t) encapsulates the execution feedback 300

(e.g., success, failure, performance metrics). A 301

more sophisticated implementation of U could be 302

represented as: 303

U = Add (Mnew)⊖Del (Mobs)⊕Update(Mest)
(7) 304

where Mnew represents new procedural memory 305

to be added; Mobs indicates procedural memory to 306

be removed, Mest are tasks to be updated based on 307

execution feedback E(t). This comprehensive for- 308

mula captures the essential add, delete, and modify 309

operations within the update mechanism. 310
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4 Experiment311

In this section, we will introduce the Procedural312

Memory framework in detail (Figure 2), covering313

the storage, retrieval, and update modules of mem-314

ory, as well as analyzing which strategies perform315

better within each module.316

4.1 Experimental Settings317

Datasets. For our experiments, we adapt Trav-318

elPlanner (Xie et al., 2024) and ALFWorld (Shrid-319

har et al., 2021) benchmarks. TravelPlanner is a320

benchmark designed to evaluate agents’ ability to321

use tools and perform complex planning under intri-322

cate constraints. In contrast, ALFWorld comprises323

household tasks. In each interaction round, the324

agent outputs an action, and the environment re-325

sponds with textual feedback describing the result-326

ing state. This process repeats for multiple turns un-327

til the task is completed or the maximum number of328

rounds is reached. ALFWorld includes test split to329

evaluate the agent’s generalization ability. Detailed330

evaluation methods are shown in Appendix C.331

Backbones. In our experiments, we bench-332

marked our procedural memory on three base mod-333

els. Specifically, we adopt the two proprietary fron-334

tier models that have consistently dominated public335

leaderboards: OpenAI’s GPT-4o (OpenAI, 2022)336

and Anthropic’s Claude (Anthropic, 2022), and337

complement them with the open-sourced Qwen2.5-338

72B-Instruct (Yang et al., 2024a). The first two339

provide state-of-the-art closed-source performance,340

while the third allows us to verify that our findings341

generalize beyond proprietary systems and remain342

valid in the open-source regime.343

4.2 Memory Storage & Retrieval344

Procedural knowledge is typically stored in two345

main formats: (1) trajectories are kept verbatim,346

round by round, in memory, or (2) high-level ab-347

stractions are extracted from these trajectories and348

then stored. Once a similar procedural memory is349

retrieved, it is appended to the task as part of the350

context, serving as prior knowledge to assist the351

model in completing the task.352

Inspired by this, we designed the following ex-353

perimental conditions:354

• No Memory: The model tackles the assigned355

task in a ReAct fashion without any external356

memory.357

• Trajectory: We first filter the gold trajecto- 358

ries from the training set and store them. At 359

inference time, the system retrieves the top- 360

k trajectories whose query vectors are most 361

similar to the current task’s vector, supplying 362

them as procedural memories before execu- 363

tion. 364

• Script: The model analyzes and summarizes 365

the gold trajectories from the training set, dis- 366

tilling them into abstract procedural knowl- 367

edge that is provided as a prompt before each 368

task. 369

• Proceduralization: This condition combines 370

the full retrieved trajectories with the high- 371

level script generated by the model, integrat- 372

ing both concrete examples and abstract guid- 373

ance as the procedural memory. 374

As shown in Table 1, all memory construc- 375

tion methods outperform the no-memory baseline, 376

achieving higher scores on both datasets while also 377

reducing the number of steps required. This indi- 378

cates that procedural memory built during training 379

is beneficial for directly applying tasks during test- 380

ing. Furthermore, we observe that the approach of 381

abstracting trajectories into scripts during training 382

yields relatively better performance on the ALF- 383

World test set compared to the dev set. Conversely, 384

trajectories that utilize complete execution traces 385

as procedural memory achieve higher scores on the 386

dev set, suggesting that scripts are more capable of 387

generalizing to different test tasks, while trajecto- 388

ries are better suited for scenarios involving tasks 389

similar to those already completed. By combin- 390

ing procedure knowledge from both methods of 391

employing abstracted guidelines along with con- 392

crete execution trajectories, we attain the optimal 393

performance. 394

After converting a set of completed trajectories 395

into procedural memory, the next critical challenge 396

is to retrieve the most accurate and relevant proce- 397

dural knowledge when a new task arrives. We have 398

designed several different key construction meth- 399

ods for memory storage to facilitate subsequent 400

vector-based matching and retrieval: 401

• Random Sample: Does not utilize keys for 402

vector retrieval; instead, randomly extracts a 403

few memories from procedural memory. 404

• Query: Employ query description as the key 405

for storage, leveraging the semantic similarity 406
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Model Granularity TravelPlanner ALFWorld
#CS ↑ #HC ↑ Steps ↓ Dev ↑ Test ↑ Steps ↓

GPT-4o

No Memory 71.93 12.88 17.84 39.28 42.14 23.76
Script 72.08 5.50 15.79 66.67 56.43 18.52
Trajectory 76.02 8.25 14.64 67.17 74.29 16.49
Proceduralization 79.94 9.76 14.62 87.14 77.86 15.01

Claude-3.5-sonnet

No Memory 63.49 33.06 18.84 39.20 34.97 24.12
Script 62.08 29.61 19.21 56.13 53.59 19.38
Trajectory 65.76 29.61 17.72 69.28 71.78 15.97
Proceduralization 65.46 30.14 15.29 82.50 74.72 15.79

Qwen2.5-72b

No Memory 56.57 7.34 18.32 44.91 41.25 21.38
Script 58.59 7.34 18.53 66.24 61.88 17.13
Trajectory 63.41 12.66 18.12 64.49 69.57 16.40
Proceduralization 63.82 14.19 17.94 85.71 77.19 15.32

Table 1: Results on Build Policy. #CS, #HC denote Commonsense and Hard Constraint, respectively. ↑ indicates
the higher values are better, and ↓ denotes the lower values are better. The best results among all methods with
similar settings are bolded, and the second-best results are underlined.

of queries for retrieval.407

• AveFact: We apply a large model to extract408

keywords from the task’s query, then com-409

putes the average similarity across matched410

keywords for retrieval.411

During the retrieval process, we evaluate the412

similarity by calculating the cosine similarity be-413

tween their corresponding vectors as shown in Ta-414

ble 2. Our experiments show that these different415

retrieval strategies produce varying results. Specif-416

ically, compared to random sampling, employing417

the query based and AveFact methods for precise418

retrieval significantly improves performance. The419

query-based approach benefits from capturing se-420

mantic contexts, enabling more accurate matches.421

The AveFact method, by extracting key features422

and averaging their similarities, effectively focuses423

on core task elements, leading to better retrieval424

efficacy. Overall, our findings suggest that incor-425

porating semantic understanding and key feature426

extraction in retrieval strategies substantially en-427

hances memory access accuracy and the effective-428

ness of downstream task performance.429

4.3 Memory Update430

While many prior efforts have focused on devel-431

oping reusable procedural knowledge, enabling432

models to learn from prior experiences rather than433

solving each test task in isolation, most existing434

memory update methods remain quite rudimen-435

tary. Typically, they simply append newly acquired436

memories to the existing store—a so-called “merge”437

Model Policy #CS ↑ #HC ↑ Steps ↓

GPT-4o

No Memory 71.93 12.88 17.84
Random Sample 74.59 6.72 15.12
Key=Query 73.38 8.95 15.44
Key=AveFact 76.02 8.25 14.64

Claude-3.5-sonnet

No Memory 63.49 33.06 18.84
Random Sample 63.99 29.91 17.93
Key=Query 64.93 28.56 17.60
Key=AveFact 65.76 29.61 17.72

Qwen2.5-72b

No Memory 56.57 7.34 18.32
Random Sample 59.76 8.43 18.31
Key=Query 61.71 11.97 18.54
Key=AveFact 63.41 12.66 18.12

Table 2: Results on Retrieve Policy on TravelPlanner.

strategy. In this work, we explore several online 438

memory-update mechanisms to identify which dy- 439

namic strategy delivers the best performance on 440

our tasks. Beyond end-to-end evaluation metrics, 441

we also analyze how both accuracy and efficiency 442

evolve as the number of executed tasks increases, 443

explicitly measuring the benefits conferred by our 444

procedural memory. 445

To facilitate systematic comparison, we design 446

several memory-update scenarios. The agent’s 447

episodic memory is refreshed after every t test-set 448

tasks, following the specific update strategies: 449

• Vanilla Memory Update: After every t tasks, 450

all trajectories from these tasks are consoli- 451

dated into procedural memories and directly 452

appended to the memory bank. 453

• Validation: After every t tasks, the system 454

performs a selective consolidation step: only 455

the trajectories that terminated in successful 456
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Figure 3: Reward gain and steps reduction vs. trajectory group index with procedural memory.

task completion are extracted, abstracted into457

compact, symbolic procedural memories. Tra-458

jectories that ended in failure, along with any459

redundant or noisy data, are discarded.460

• Adjustment: When a retrieved procedural461

memory results in a failed execution, the erro-462

neous trajectory is combined with the original463

memory and then revised in place, yielding an464

updated procedural memory.465

As depicted in Figure 3, we systematically di-466

vided the tasks within our testbed into several dis-467

tinct groups, with each group comprising a diverse468

set of individual tasks. Upon the completion of469

tasks within each group, we employed the previ-470

ously described strategies to construct, store, and471

update the procedural memory. The experimen-472

tal results reveal a clear trend: as we sequentially473

progress through more groups and iteratively re-474

fresh the memory, all strategies contribute to im-475

proved performance on subsequent tasks.476

A closer comparison of different strategies ex-477

poses significant disparities in their effectiveness.478

Notably, the reflexion-based update mechanism479

stands out as the most effective approach. By the480

time the final group of tasks is reached, this method481

delivers a substantial advantage: it surpasses the482

second-best strategy by an impressive margin of483

+0.7 points and achieves a reduction of 14 steps.484

These improvements underscore the value of con-485

tinually updating the memory, particularly when486

the update is guided by an error-correction mecha-487

nism embedded in the reflexion process.488

4.4 Comparison489

Figure 4 compares the performance and efficiency490

of different baselines using GPT-4o on ALFWorld.491
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Figure 4: Performance of several baselines using GPT-
4o on ALFWorld

React performs the worst, with low success rates 492

and the highest number of steps, indicating ineffi- 493

cient interaction. Expel and AWM achieve progres- 494

sively better performance, with AWM outperform- 495

ing Expel on both splits. Memp delivers the best 496

results, attaining the highest dev and test success 497

rates while requiring the fewest steps. This shows 498

that memory-augmented mechanisms significantly 499

improve both task effectiveness and execution effi- 500

ciency in long-horizon embodied agent tasks. 501

5 Analysis 502

Procedural Memory Boosts Accuracy and Cuts 503

Trials. Figure 6 presents a case study demonstrat- 504

ing how Procedural Memory enhances both accu- 505

racy and efficiency. In the absence of Procedural 506

Memory, facing a complex task that has not been 507

performed before, there are usually two situations. 508

In the first scenario, the model repeatedly attempts 509

illegal or incorrect actions, causing the context to 510

become increasingly complex and eventually ex- 511

ceeding the model’s understanding capacity. In the 512

second scenario, after multiple attempts, the model 513
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Figure 5: (a) Transfer result of GPT-4o’s procedural
memory to Qwen2.5-14B-Instruct and its performance
on TravelPlanner dataset.(b) The relationship between
the quantity of procedural memory retrieved for GPT-
4o’s performance on the ALFWorld dataset.

completes the task but at a cost significantly higher514

than the optimal path.515

In contrast, once Procedural Memory is avail-516

able for similar tasks, the model spends less time517

on trial and error. For example, in the egg heat-518

ing problem, Procedural Memory can indicate the519

approximate location of the egg, saving the aim-520

less search. During the heating process, it provides521

clear guidance, ensuring that the heating actions522

are performed consecutively and correctly, thereby523

allowing the task to be completed in fewer steps.524

Procedural memory exhibits transferability525

from strong models to weaker ones. For a pro-526

cedural memory constructed from a strong model in527

an offline memory library, we aim to verify whether528

this form of procedural memory can be effectively529

transferred to other models, or even weaker models.530

This exploration underscores the significance of531

memory transfer, as it could potentially enhance532

the adaptability and efficiency of various models by533

leveraging the knowledge and experience encapsu-534

lated within the strong model’s memory structure.535

As shown in Figure 5 (b), procedural memory gen-536

erated by GPT-4o was employed by Qwen2.5-14B.537

On the Travel Plan benchmark, the 14 billion pa-538

rameter model raised its task completion rate by539

5% and cut the average number of steps by 1.6.540

Similar gains, both in success rate and trajectory541

length, appeared on ALFWorld. These outcomes 542

confirm that procedural knowledge from a stronger 543

model can be distilled into a reusable memory bank 544

and transferred to a smaller model with minimal 545

overhead, giving that smaller model a clear boost 546

in task solving ability. 547

Scaling Memory Retrieval Improves Agent Per- 548

formance. While our main experiment has al- 549

ready demonstrated that procedural memory im- 550

proves an agent’s task accuracy and reduces the 551

number of steps required, vector-based storage and 552

retrieval confer an advantage over human proce- 553

dural memory: they can be scaled both in total 554

capacity and in the number of memories retrieved. 555

To investigate whether an agent’s performance con- 556

tinues to rise as the procedural-memory store and 557

the number of retrieved memories increase, we de- 558

signed a set of follow-up experiments. As shown in 559

Figure 5 (b), as the number of retrieved procedural 560

memories increases, the agent’s performance also 561

improves steadily, exhibiting an upward trend fol- 562

lowed by a plateau. However, retrieving too many 563

memories can lead to a decline in the agent’s per- 564

formance. This is because excessive retrieval can 565

affect the context length and also introduce less 566

accurate procedural memories, which can interfere 567

with the overall effectiveness. 568

6 Conclusion and Future Work 569

We introduce Memp, a task-agnostic framework 570

that elevates procedural memory to a core opti- 571

mization target in LLM-based agents. By systemat- 572

ically studying strategies for memory construction, 573

retrieval, and updating, Memp enables agents to 574

distill, reuse, and refine their own past experiences 575

across diverse, long-horizon tasks and supports con- 576

tinual learning and robust generalization, marking 577

a step toward self-improving, resilient agents. 578

In our experiments, Memp has achieved promis- 579

ing results in both construction and retrieval. Mov- 580

ing forward, we plan to enhance this work in sev- 581

eral ways. Firstly, we will develop more diverse 582

retrieval strategies. The current approach involves 583

constructing different keys for vector-based re- 584

trieval. Secondly, in Memp, we currently rely on 585

the standard reward signals provided by the bench- 586

mark. In such cases, using a LLM as a judge to 587

assess task completion could be a viable solution. 588

This would transform the agent’s lifecycle into a 589

continuous loop of executing tasks, self-assessing 590

completion, building memories, and then progress. 591
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Limitations592

Memp is still constrained by two key limitations:593

1. retrieval is restricted to vector-similarity search594

with manually crafted keys—other classic, poten-595

tially more precise methods like BM25 have not596

been incorporated; 2. the framework depends on597

explicit, benchmark supplied reward signals, so it598

cannot yet judge task success in real world settings599

where such rewards are sparse or absent.600
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Appendix877

A Use of AI Assistant878

We affirm that Large Language Models are em-879

ployed solely as an assisted tool to refine wording880

and sentence structure during our paper writing881

process. Their use in the experiments is strictly for882

scientific research purposes, and all such usage has883

been explicitly documented in our Experimental884

Settings and Reproducibility Statement. No other885

reliance on LLMs is involved in this work.886

B Case Study887

Detailed case studies are provided in Figure 6.888

C Evaluation Details889

For ALFWorld dataset, task completion is evalu-890

ated by the execution environment. After a task891

is completed or the maximum number of execu-892

tion steps is reached, the environment provides a893

reward of 0 or 1 to indicate whether the task has894

been successfully completed. For TravelPlanner,895

we conduct experiments on the test set in a two-896

stage mode. After multiple rounds of interaction897

to obtain the travel trajectory and the final planner,898

GPT-4o converts the travel plan into a specified899

JSON format. The converted plan is then com-900

pared with the gold standard to obtain scores for901

both Common Sense and Hard Constraint.902
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Task: heat some egg and put it in garbagecan

Without Memory 

Agent: go to countertop 1 
Obs: In the countertop 1, you see a 
dishsponge 1, a plate 1, a knife 1… 
Agent: go to cabinet 2 
Obs: In the cabinet 2, you see a bowl 1, a 
fork 1… 
Agent: go to fridge 1 
Obs: In the fridge 1, you see an egg 1, a 
cup 1… 
Agent: take egg 1 from fridge 1 
Agent: go to toaster 1 
Obs: I can’t use toaster to heat egg 
Agent: go to stoveburner 1 
Obs: I can’t use stoveburner to heat egg 
Agent: back to cabinet 1 

…… 
Obs: Task failed 

Steps: 27 
Tokens: 3635 
Accomplished: No 

With Memory 

Memory: I’ve solved similar task before. 
To solve this query, first go to the fridge 
or another likely location and take an 
egg, then put the egg into the microwave 
and heat it. Last, move to the designated 
location and place the heated egg.  

Agent: go to fridge 1 
Obs: In the fridge 1, you see an egg 1, a 
cup 1… 
Agent: take egg 1 from fridge 1 
Agent: go to microwave 1 

…… 
Agent: put egg 1 in garbagecan 1 
Obs: Task completed 

Steps: 14 ↓ 
Tokens: 2589↓ 
Accomplished: Yes 

Without Memory 

Agent: go to countertop 1 
Obs: In the countertop 1, you see a 
dishsponge 1, a plate 1, a knife 1… 
Agent: go to cabinet 2 
Obs: In the cabinet 2, you see a bowl 1, a 
fork 1… 
Agent: go to fridge 1 
Obs: In the fridge 1, you see an egg 1, a 
cup 1… 
Agent: take egg 1 from fridge 1 
Agent: go to toaster 1 
Obs: I can’t use toaster to heat egg 
Agent: go to microwave 1 

…… 
Agent: put heated egg 1 in garbagecan 1 
Obs: Task completed  

Steps: 23 
Tokens: 3274 
Accomplished: Yes 

Figure 6: Compare trajectories with and without procedural memory, shortens the process by 9 steps and saves 685
tokens.
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