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Abstract001

Procedural memory enables large language002
model (LLM) agents to internalize “how-to”003
knowledge and thus reduce redundant trial-and-004
error. However, existing frameworks predom-005
inantly suffer from a “passive accumulation”006
paradigm, treating memory as a static append-007
only archive. To bridge the gap between static008
storage and dynamic reasoning, we propose009
ReMe (Remember Me, Refine Me), a compre-010
hensive framework for experience-driven agent011
evolution. ReMe manages the memory lifecy-012
cle via three mechanisms: 1) multi-faceted dis-013
tillation, which extracts fine-grained experi-014
ences by recognizing success patterns, analyz-015
ing failure triggers and generating comparative016
insights; 2) context-adaptive reuse, which tai-017
lors historical insights to new contexts through018
scenario-aware indexing; and 3) utility-based019
refinement, which automatically adds validated020
memories and prunes outdated ones to maintain021
a compact, high-quality experience pool. Ex-022
periments on BFCL-V3 and AppWorld demon-023
strate that ReMe establishes a new state-of-the-024
art in agent memory system. Crucially, we025
observe a significant memory-scaling effect:026
Qwen3-8B equipped with ReMe outperforms027
larger, memoryless Qwen3-14B, indicating that028
self-evolving memory provides a computation-029
efficient path for lifelong learning.030

1 Introduction031

The transition from static language models to au-032

tonomous agents marks a pivotal shift in artificial033

intelligence, enabling systems to handle complex,034

dynamic tasks through iterative reasoning and tool035

use (Tao et al., 2024; Gao et al., 2025; Fang et al.,036

2025). To facilitate continuous improvement with-037

out model retraining, procedural memory, which038

internalizes “how-to” knowledge from past interac-039

tions, has emerged as a critical substrate for agent040

evolution (Zhang et al., 2025b; Xu et al., 2025).041

By accumulating high-quality problem-solving ex-042

periences, agents can leverage prior successes and043

lessons to navigate novel scenarios, theoretically re- 044

ducing redundant trial-and-error and avoiding local 045

optima (Wang and Chen, 2025; Chen et al., 2025). 046

Figure 1 contrasts how an agent completes one 047

stock trading task with and without experiences. 048

To bridge the gap between static storage and 049

dynamic reasoning, an ideal procedural memory 050

system must function not merely as a database, but 051

as an evolving cognitive substrate satisfying three 052

core criteria: 1) High-quality Extraction: The sys- 053

tem should distill generalized, reusable knowledge 054

from noisy execution trajectories, rather than raw, 055

problem-specific observations. 2) Task-grounded 056

Utilization: Retrieved memories should be dynam- 057

ically adapted to the specific requirements of the 058

current task, maximizing their utility in novel sce- 059

narios. 3) Progressive Optimization: The memory 060

pool should maintain its vitality through continu- 061

ous updates, autonomously reinforcing effective 062

entries while removing outdated ones to prevent 063

degradation over time. 064

However, current frameworks often fall short 065

of these criteria, largely constrained by a “passive 066

accumulation” paradigm. Prevailing approaches 067

typically treat memory as inert, static storage, built 068

on either raw trajectories as experiences (Zheng 069

et al., 2024; Hu et al., 2024) or summarized work- 070

flows corresponding to entire trajectories (Tang 071

et al., 2025; Liu et al., 2025b). This introduces sev- 072

eral fundamental limitations. First, coarse-grained 073

trajectory-level experiences may introduce irrele- 074

vant information that can prevent the agent from 075

grasping the core logic. Second, fetched experi- 076

ences are applied without adaptation, leading to 077

failures in slightly shifted scenarios. Crucially, lack 078

of timely update strategies causes the experience 079

pool to degrade into a mixture of valid insights and 080

toxic noise (Xiong et al., 2025). 081

To address these challenges, we propose ReMe 082

(Remember Me, Refine Me), a dynamic procedu- 083

ral memory framework that shifts the paradigm 084

1



when to use: When a user wants to place an order 
for a stock but specifies 'current market price' 
without providing a specific price.
content: The assistant demonstrated a methodical 
approach by first retrieving the current stock price 
using get_stock_info before placing an order. 
This ensured that the user's request was 
executed with precise, real-time data … ...

Past Trajectory Experience

w/o experience

The price of AAPL 
is fabricated!

…

w/ experience

➕

LLM Agents

Turn 1:
User: I'm reviewing my account, and I'd like you to confirm the current balance and provide ...
Assistant: [get_account_info()] … …

Turn 2:
User: Subsequently, initiate a purchase order for 150 shares of TSLA at the prevailing market price ...
Assistant: [get_stock_info(symbol='TSLA’)]
Tool: {'price': 667.92, 'percent_change': -0.12, 'volume': 1.654, … }
Assistant: place_order(order_type='Buy', symbol='TSLA', amount=150, price=250.0)]

Turn 3: … …

Turn 1:
User: I know the stock market updates its status at different points ...
Assistant: [get_current_time()] … ...

Turn 2:
User: I'm on the lookout for a stock ... 100 shares of the company with 

symbol AAPL at the prevailing market price? …
Assistant: [place_order(order_type='Buy',symbol='AAPL',price=190.50, … )] …

Turn 3:
User: Once you've set up the order, …

Turn N:
User: I‘ve decided to back off from this particular order …

Turn 1:
User: I know the stock market updates ...

Turn 2:
User: ... 100 shares of the company with symbol AAPL at the prevailing price …
Assistant: [get_stock_info(symbol='AAPL')]
Tool: {'price': 227.16 , 'percent_change': 0.17, 'volume': 2.552, … }
Assistant: [place_order(order_type='Buy',symbol='AAPL',price=227.16,…)] …

Turn 3:
User: Once you've set up the order, …

Turn N:
User: I‘ve decided to back off from this particular order …

Related Experience

…
Figure 1: Example of how agents complete one stock trading task with and without past experience.

from passive storage to feedback-driven evolution.085

We introduce coordinated innovations across the086

memory lifecycle to meet the criteria of an ideal087

system. First, ReMe employs a multi-faceted distil-088

lation strategy for high-quality extraction. Through089

success pattern recognition, failure analysis and090

comparative insight generation, the system distills091

key steps from past execution trajectories into struc-092

tured, reusable experiences. Second, we design a093

comprehensive reuse pipeline for task-grounded094

utilization. ReMe employs usage scenario index-095

ing strategy for retrieval, supplemented by rerank-096

ing and adaptive rewriting, aligning historical in-097

sights with the specific constraints of new tasks.098

Finally, ReMe implements a utility-based refine-099

ment mechanism for progressive optimization. The100

memory pool grows as new successful trajectories101

contribute reliable experiences and failure attempts102

trigger self-reflection to explore viable solutions103

for potential insights. Concurrently, our framework104

tracks the utility of each experience during reuse,105

periodically pruning low-utility entries to maintain106

a compact and highly effective memory state.107

Through extensive experiments on BFCL-V3108

and AppWorld benchmarks, ReMe achieves state-109

of-the-art performance, demonstrating its effective-110

ness for memory-augmented agents. Most notably,111

results reveal that memory quality can substitute112

for model scale: ReMe enables Qwen3-8B to outper-113

form larger Qwen3-14B (without memory), achiev-114

ing average gains of 8.83% in Avg@4 and 7.29%115

in Pass@4. These findings suggest that a self-116

evolving memory mechanism paves the way for117

resource-efficient lifelong learning in LLM agents.118

In summary, our contributions are as follows: 119

• We propose ReMe, a comprehensive framework 120

for agent evolution that integrates multi-faceted 121

experience distillation, context-adaptive reuse, 122

and utility-based refinement. This achieves the 123

closed loop of procedural memory, resolving the 124

“passive accumulation” dilemma by enabling 125

agents to autonomously distill, adapt, and main- 126

tain high-quality reasoning patterns. 127

• We release reme.library, a fine-grained proce- 128

dural memory dataset constructed from diverse 129

agentic tasks, with structured success patterns 130

and failure lessons to serve as a valuable com- 131

munity resource for studying procedure memory 132

and optimizing memory-augmented agents. 133

• Extensive experiments show that ReMe signif- 134

icantly enhances agent performance across di- 135

verse benchmarks. Crucially, we demonstrate 136

a memory-scaling effect, where smaller mod- 137

els equipped with ReMe surpass larger baselines, 138

validating our framework as a computationally 139

efficient pathway for lifelong agent learning. 140

2 Related Works 141

Memory-enhanced LLM Agents. LLM-based 142

agents excel at handling complex tasks and in- 143

teractions, fueling their integration into diverse 144

fields, such as finance (Ding et al., 2024), edu- 145

cation (Wang et al., 2024) and personalized as- 146

sistant applications (Abbasian et al., 2023). Con- 147

temporary LLM agents employ memory systems 148

that store explored information and reuse these ex- 149

periences, to enhance their reasoning capabilities 150
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and training efficiency (Mei et al., 2025). In gen-151

eral, memory-enhanced agents often leverage two152

forms of memory: parametric memory and non-153

parametric memory (Zhang et al., 2024). Paramet-154

ric memory refers to encoding long-term knowl-155

edge within model weights, while non-parametric156

memory utilizes external resources like knowledge157

bases and databases to enrich task contexts without158

modifying model parameters. WKM (Qiao et al.,159

2024) incorporates a parametric world-knowledge160

model to facilitate agent planning. AWM (Wang161

et al., 2025) enables agents to automatically induce162

and use task workflows from past experiences, im-163

proving their performance on web navigation tasks.164

MARK (Ganguli et al., 2025) constructs user pref-165

erence memory to deliver personalized responses166

in conversational AI systems.167

Experience Learning Strategies. Recent studies168

show LLMs can improve their decision-making169

abilities through gathering experiences and recall-170

ing relevant knowledge (Zhao et al., 2024; Tan171

et al., 2025). The core of experience learning in-172

volves extracting usable information to selectively173

update the experience pool and retrieving effective174

experiences to help generate responses. Early ap-175

proaches, such as Synapse (Zheng et al., 2024) and176

HiAgent (Hu et al., 2024), store complete trajec-177

tories as experiences for retrieval. However, col-178

lecting raw and long interaction histories is hard179

to manage, and the lack of abstraction limits task180

generalization. Current works (Wang et al., 2025;181

Chen et al., 2025) focus on summarizing structured182

knowledge from prior trajectories and implement-183

ing a context-aware retrieval system to reuse ex-184

periences for task guidance. For instance, Agent185

KB (Tang et al., 2025) captures generalizable expe-186

rience units and introduces a teacher-student dual-187

phase retrieval mechanism that enables complex188

agentic problem solving. CER (Liu et al., 2025b)189

distills fine-grained skills and environment dynam-190

ics, allowing agents to augment themselves with191

relevant knowledge in new tasks. These methods192

neglect strategic experience removal mechanism,193

since harmful experiences inevitably exist even194

with human validation and initial helpful ones can195

also degrade over time (Xiong et al., 2025).196

3 Methodology197

3.1 Overview of ReMe198

Our framework, ReMe, as illustrated in Figure 2,199

operates through three interconnected phases: ex-200

perience acquisition, reuse, and refinement. In the 201

experience acquisition phase, a summarizer ana- 202

lyzes agent generated trajectories (both successful 203

and failed) and distills actionable knowledge into 204

a structured experience pool. During experience 205

reuse, given a novel task, a retriever recalls rele- 206

vant experiences from the experience pool. These 207

experiences then augment the agent’s context, en- 208

hancing their reasoning and task-solving perfor- 209

mance. Finally, the experience refinement phase 210

continuously optimizes the experience pool by in- 211

corporating new solid experiences and discarding 212

outdated ones, ensuring long-term relevance and 213

adaptability to shifting task demands. 214

3.2 Experience Acquisition 215

We begin by defining agentic experiences E as 216

structured, generalizable representations of agent 217

execution insights. Each individual experience 218

E ∈ E is denoted as E = ⟨ω, e, κ, c, τ⟩, where 219

ω states the scenario when to use the experience, 220

e represents the core experience content, κ = 221

{κ1, κ2, ..., κm} is a set of relevant keywords for 222

categorization, c ∈ [0, 1] quantifies the confidence 223

score, and τ enumerates the tools utilized. 224

To construct the initial experience pool, the ex- 225

ecution agent LLMexecute interacts with the envi- 226

ronment over time and across the training tasks, 227

incrementally accumulating informative trajecto- 228

ries. For each task query q, we sample trajectories 229

N times aiming to capture diverse execution paths 230

and thereby increase the likelihood of obtaining 231

valuable success/failure pairs for comparisons dur- 232

ing experience acquisition. 233

After collecting a set of exploration trajectories, 234

a summarizer LLMsumm is instructed to transform 235

them into structured, reusable experiences through 236

three complementary analyses: First, the summa- 237

rizer engages in success pattern recognition, identi- 238

fying effective strategies and distilling the underly- 239

ing principles from succeeded trajectories. Concur- 240

rently, LLMsumm conducts failure analysis, scru- 241

tinizing unsuccessful attempts to derive valuable 242

lessons. These preventive insights discuss common 243

pitfalls, ineffective approaches, and critical errors 244

that can be used to avoid repeating them in future 245

tasks. Additionally, LLMsumm performs compara- 246

tive analysis by jointly examining successful and 247

failed trajectories, identifying critical differences 248

that distinguish effective from ineffective attempts. 249

Following the summarization, a validation step 250

leveraging LLM-as-a-Judge (Zheng et al., 2023) is 251
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AI Agents

Trajectory-level Keypoint-level

Extraction
Strategies

From 
 comparisonFrom Failure

From Success

Execution 
Trajectories

Extraction
Granularity

Experience Acquisition Experience Reuse

Experience Refinement

Selective Addition

Recall 

Score 
 Validation

Similarity-based Filtering

Indexing    
Strategies

Task Query

LLM-generated Field 
(e.g., when to use)

Retrieval 
Frequency Task / Turn / Step Level

Failure-aware 
Reflection

when to use

Task Experience

Prior Tasks
Trajectory
Collection

ReMe
LLM As 

EvaluatorValidation

Deduplication

experience contenttask query

query keywords

generalized query

score tool used

Rerank Rewrite 

+
Experience-driven Inference

freq += 1
 if task success: utility += 1

Experience Record
freq >= α &&
 utility / freq < β

Utility-based Deletion

Figure 2: The ReMe framework comprises three alternating phases: build an experience pool from the agent’s past
trajectories, recall and adapt relevant experiences for new tasks, then refine the pool by selectively adding new
insights and removing outdated ones after each task execution.

further applied to assess whether the extracted ex-252

periences are actionable, accurate, and valuable for253

future agent executions. The designed prompt tem-254

plate is presented in Appendix Table 10. Moreover,255

to keep the experience pool compact, validated256

experiences undergo a similarity-based deduplica-257

tion process which removes redundant experiences.258

This helps maintain the efficiency of the subsequent259

experience reuse phase and preserve the diversity260

of retrieved experiences.261

All retained experiences are indexed by the em-262

bedding vector of usage scenario ω and then stored263

in a vector database, which we refer to as the expe-264

rience pool. The multi-faceted experience pool es-265

tablishes a foundation for efficient retrieval and ap-266

plication of relevant knowledge in future problem-267

solving scenarios, promoting the agent evolution268

from trial-and-error to strategic reasoning.269

3.3 Experience Reuse270

Equipped with the experience pool, we can retrieve271

top-K relevant experiences based on task similarity,272

which serve as a candidate set of in-context learn-273

ing demonstrations to guide LLMexecute. To be274

specific, the retriever utilizes advanced embedding 275

models (e.g., text-embedding-v4 1) to encode the 276

current task query and computes cosine similarity 277

scores to rank prior experiences. More retrieval de- 278

tails can be found in Appendix B.4.2. Upon fetch- 279

ing the top-K experiences, we optionally employ a 280

context-aware reranker LLMrerank to further refine 281

the selection. This involves a nuanced evaluation 282

of experience relevance in light of the current task’s 283

specific context, constraints, and objectives, thus 284

ensuring the most pertinent experiences are brought 285

to the forefront. 286

To better adapt the experiences to new task re- 287

quirements, we introduce the rewriting module to 288

reorganize the original context (containing multiple 289

experiences) into a cohesive, task-specific guidance 290

that is more directly applicable. Since past expe- 291

riences may not always perfectly align with new 292

situations, this intelligent adaptation mechanism 293

not only increases the immediate utility of the re- 294

trieved experiences but also empowers the agent to 295

make more flexible and context-aware decisions. 296

1https://bailian.console.aliyun.com/?tab=model#/model-
market/detail/text-embedding-v4
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The experience reuse phase extends beyond297

mere experience retrieval, acting as a cognitive298

bridge that dynamically connects past knowledge299

with present challenges. By combining retrieval,300

reranking and rewriting, it not only leverages prior301

wisdom but also encourages novel thinking when302

past experiences fall short, thereby achieving a bal-303

ance between exploitation and exploration.304

3.4 Experience Refinement305

However, a static experience pool cannot adapt306

to shifts in task distributions or improvements in307

model capability, making retrieved experiences in-308

creasingly irrelevant. To address this, we introduce309

a experience refinement mechanism that dynam-310

ically updates the experience pool via selective311

addition and utility-based deletion.312

First, we carefully compare two distinct strate-313

gies for adding new experiences to the pool: 1) full314

addition, which incorporates experiences summa-315

rized from all new trajectories regardless of out-316

come; 2) selective addition, where only trajectories317

that lead to success are distilled into experiences318

and stored. The empirical evidence indicates that319

full addition often underperforms selective addi-320

tion, which may be attributed to the quality of321

failure-based experiences. During initial experi-322

ence pool construction, multiple failed trajectories323

can be collectively analyzed to extract meaningful324

insights. However, in real-time task execution, a325

single failed trajectory often provides insufficient326

context for accurate failure analysis, potentially327

leading to misguided experiences. In contrast, suc-328

cessful trajectories consistently yield more reliable329

and actionable insights, thereby making selective330

addition effective.331

Additionally, we recognize the potential value332

of learning from failures and introduce a failure-333

aware reflection mechanism that encourages agents334

to explore alternative strategies when encounter-335

ing new task failures. Specifically, LLMsumm an-336

alyzes this unsuccessful attempt, extracts key in-337

sights about potential areas for improvement, and338

then LLMexecute starts a new trial based on these339

lessons. When such trial succeeds, the correspond-340

ing lessons are incorporated into memory; other-341

wise, they are discarded without cluttering the ex-342

perience pool. To avoid falling into an endless loop343

caused by inherent model limitations, we limit the344

maximum number of self-reflections to 3.345

Second, to prevent the accumulation of outdated346

or ineffective experiences, we employ a utility-347

based deletion strategy that removes any experi- 348

ence whose average utility across all its past recalls 349

falls below a predefined threshold β. Specifically, 350

ReMe continuously records the status of existing 351

experiences, including the total retrievals f and the 352

historical utility u which increments by 1 each time 353

its recall contributes to a successful task comple- 354

tion. An experience E ∈ E is considered to be 355

removed when it is frequently retrieved yet fails to 356

improve new task performance: 357

ϕremove(E) =

{
1
[
u(E)
f(E) ≤ β

]
, if f(E) ≥ α,

0 , otherwise.
(1) 358

Note that we only consider an experience for re- 359

moval after it has been retrieved at least α times. 360

By integrating these components, ReMe facili- 361

tates a self-evolving experience pool that retains 362

high-quality experiences capable of shaping long- 363

term agent behavior while adapting to new task 364

demands. 365

4 Experiments 366

4.1 Experimental Settings 367

Datasets. We conduct experiments on two tool- 368

augmented benchmarks: BFCL-V3 (Patil et al., 369

2025), AppWorld (Trivedi et al., 2024). For BFCL- 370

V3, we randomly select 50 tasks from the base 371

multi-turn category to construct the initial experi- 372

ence pool since the default dataset does not provide 373

training split. The remaining 150 tasks serve as the 374

evaluation set. For AppWorld, we use 90 training 375

tasks for the initial experience acquisition stage and 376

evaluate agents on 168 test-normal tasks. Detailed 377

information of the datasets are in Appendix B.1. 378

Metrics. We report both Avg@4 and Pass@4 379

results: the average task success rate across four 380

independent trials, and the probability that at least 381

one out of four independent task trials is successful. 382

Unless otherwise specified, all results are averaged 383

over three independent runs and reported as mean 384

with standard deviation. 385

Baselines. To evaluate the effectiveness of ReMe, 386

we compare it against three baselines: (1) No Mem- 387

ory, and two popular baseline memory systems (2) 388

A-Mem (Xu et al., 2025), an agentic memory sys- 389

tem that enables LLM agents to dynamically orga- 390

nize their memories for future action guidance, and 391

(3) LangMem (LangChain, 2025), LangChain’s 392

long-term memory module that provides tooling to 393
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Model Methods BFCL-V3 AppWorld Avg
Avg@4 Pass@4 Avg@4 Pass@4 Avg@4 Pass@4

Qwen3-8B

No Memory 40.33±0.94 59.55±0.83 14.97±0.24 32.85±2.11 27.65 46.20
A-Mem 41.22±0.61 62.00±2.37 12.95±0.37 29.76±2.80 27.09 45.88
LangMem 44.11±0.28 65.55±1.13 11.46±0.53 26.79±0.84 27.79 46.17
ReMe (fixed) 44.50±0.85 65.77±0.63 17.06±0.25 36.31±1.29 30.78 51.04
ReMe (dynamic) 45.17±0.36 68.00±0.55 24.70±1.04 42.06±0.74 34.94 55.03

Qwen3-14B

No Memory 48.66±1.51 68.22±0.63 22.57±0.19 41.07±0.84 35.62 54.65
A-Mem 47.44±0.44 69.77±0.63 18.95±0.31 37.70±0.57 33.20 53.74
LangMem 49.17±0.33 71.33±1.33 21.88±1.37 41.67±1.68 35.53 56.50
ReMe (fixed) 51.89±0.34 72.44±0.63 25.35±0.91 46.82±0.74 38.62 59.63
ReMe (dynamic) 55.00±0.72 74.44±0.83 34.32±0.81 52.98±1.29 44.66 63.71

Qwen3-32B

No Memory 54.55±0.63 72.44±0.83 27.23±0.92 50.59±1.68 40.89 61.52
A-Mem 54.50±1.09 72.66±0.54 28.13±0.75 51.19±0.97 41.32 61.93
LangMem 52.27±1.13 72.22±1.91 24.55±0.57 47.02±1.56 38.41 59.62
ReMe (fixed) 56.05±1.26 74.89±0.63 31.50±0.67 58.13±1.40 43.78 66.51
ReMe (dynamic) 56.17±0.24 76.44±1.13 42.02±0.51 63.49±0.28 49.10 69.97

Table 1: Performance comparison (%) between ReMe and the baselines on BFCL-V3, AppWorld benchmarks. Bold
indicate the best results of each model. All results are computed as the average over three independent runs, with
the superscript showing the standard deviation.

extract important information from previous con-394

versations and optimize agent behavior through395

prompt refinement. For fair comparison, all meth-396

ods perform experience retrieval only once at the397

beginning of each task. Additionally, the mem-398

ory addition operation for these systems is trig-399

gered only upon the collection of successful tra-400

jectories. Further implementation details of the401

baseline methods are provided in Appendix B.2.402

Implementation Details. We use the Qwen3 se-403

ries instruct models (Team, 2025b) as LLMexecute404

and set LLMsumm = LLMexecute for experience-405

driven self-evolution. For experience indexing, we406

employ Qwen3-Embedding (Zhang et al., 2025a)407

with its default embedding dimension of 1024. In408

the experience acquisition phase, we set N = 8 and409

temperature = 0.9 for trajectory sampling. The410

prompts used in this phase and more details can be411

found in Appendix B.4.1. In the experience reuse412

phase, we use a top-K value of 5, retrieving the five413

most relevant experiences for each task. The con-414

figuration difference between ReMe (fixed) and415

ReMe (dynamic) lies in whether the experience416

pool is dynamically updated during agent execu-417

tion. In the experience refinement phase, utility-418

based deletion is controlled by the retrieval thresh-419

old α = 5 and the utility threshold β = 0.5. Ad-420

ditionally, the maximum number of iterations is421

limited to 30, after which the agent terminates422

regardless of task success or failure. To ensure 423

fair comparison, we maintain these settings con- 424

sistently across all experiments unless otherwise 425

specified for ablation studies. 426

4.2 Main Results 427

Table 1 presents the main results of ReMe across 428

Qwen3 family models on BFCL-V3 and AppWorld 429

benchmarks. Overall, ReMe achieves the highest av- 430

erage task success rate across three model sizes, 431

consistently outperforming No Memory baseline 432

and competitive baseline memory systems. Specifi- 433

cally, Qwen3-8B with ReMe surpasses the No Mem- 434

ory baseline by an improvement of 7.29% Pass@4 435

and 8.83% Avg@4 on average. The gains observed 436

in Pass@4 indicate that retrieved experiences are ef- 437

fective at broadening the exploration space, increas- 438

ing the likelihood of finding at least one successful 439

solution among multiple attempts. Besides, the 440

performance stability of our ReMe is particularly ev- 441

ident when compared to the baseline methods. For 442

instance, while LangMem performs well on BFCL- 443

V3, its performance drops significantly on App- 444

World, especially for smaller models. Instead, ReMe 445

(dynamic) shows remarkable consistency across 446

both BFCL-V3 and AppWorld benchmarks. 447

Notably, smaller models equipped with ReMe can 448

be comparable to, or even surpass, larger models 449

without memory. For example, the average Pass@4 450
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40 45 50 55 60 65 70 75 80
Avg@4 (%)

GLM-4.7
DeepSeek-V3.2

Kimi-K2-Thinking
Qwen3-Max

o4-mini
GPT-4.1

BFCL-V3
No Memory Baseline
+ ReMe (fixed)
+ ReMe (dynamic)

No Memory Baseline
+ ReMe (fixed)
+ ReMe (dynamic)

Figure 3: Performance improvements (%) for multiple
LLMs enhanced with ReMe.

Granularity Qwen3-8B Qwen3-14B
Avg@4(%) Pass@4(%) Avg@4(%) Pass@4(%)

Trajectory-level 43.00+2.67 60.00+0.45 49.66+1.00 69.33+1.11

Keypoint-level 44.50+4.17 65.77+6.22 51.89+4.23 72.44+4.22

Table 2: Ablation study on extraction granularity levels
in the experience acquisition stage. The experimental
setting is ReMe (fixed), with subscript showing the
performance gap compared with No Memory baseline.

score for Qwen3-8B + ReMe (dynamic) exceeds451

that of vanilla Qwen3-14B (55.03% vs. 54.65%).452

Similarly, Qwen3-14B + ReMe (dynamic) exceeds453

the overall performance of Qwen3-32B without454

memory (Avg@4: 44.66% vs. 40.89%; Pass@4:455

63.71% vs. 61.52%). This underscores that an456

effective memory mechanism can significantly nar-457

row the performance gap across model scales.458

Moreover, ReMe (dynamic) consistently outper-459

forms ReMe (fixed) across all model sizes and460

benchmarks. This underscores the importance of461

adaptive experience refinement during task execu-462

tion. In addition, ReMe tends to reduce the standard463

deviation in performance across runs, particularly464

for larger models. This suggests that ReMe not only465

improves overall performance but also enhances466

the robustness and reliability of model outputs.467

To demonstrate the generalizability of ReMe468

across different backbones, we evaluate on six ad-469

ditional LLMs as shown in Figure 3. ReMe delivers470

consistent gains in Avg@4 across all models, with471

the dynamic variant yielding further improvements.472

4.3 Ablation Studies473

Granularity Ablations. We compare two granu-474

larity levels for experience acquisition: trajectory-475

level and keypoint-level. In Appendix C, we476

present two experience examples illustrating the477

structural and content differences between these478

granularity settings. As shown in Table 2, although479

the incorporation of trajectory-level experiences480

exhibits minor progress over No Memory base-481

line, the performance gains brought by keypoint-482

level experiences are substantially higher. This483

Full
Addition

Selective
Addition Reflection Deletion BFCL-V3

Avg@4 Pass@4

✓ – – – 40.83% 62.00%
– ✓ – – 44.33% 64.66%
– ✓ ✓ – 45.00% 64.66%
– ✓ ✓ ✓ 45.17% 68.00%

Table 3: Ablation on key components. We compare the
full addition and selective addition and assess the impact
of failure-aware reflection and utility-based deletion. A
checkmark (✓) indicates the component is used.

Qwen3-8B
Qwen3-14B

Qwen3-32B
42
45
48
51
54
57

A
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4 
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Qwen3-8B
Qwen3-14B

Qwen3-32B
63

66

69

72

75

Pa
ss

@
4 
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)

task query
generalized query

query keywords
usage scenario

Figure 4: Ablation on retrieval keys. The experiments
are evaluated on BFCL-V3 in ReMe (fixed) setting.

underscores that summarizing experiences at a fine- 484

grained level enables more effective knowledge 485

transfer, leading to superior agent performance 486

across different tasks and model scales. 487

Component Ablations. Taking Qwen3-8B as an 488

example, Table 3 presents an ablation study on key 489

components of our ReMe framework. Firstly, replac- 490

ing full addition with selective addition leads to 491

substantial performance improvements, with gains 492

of 3.50% Avg@4 and 2.66% Pass@4 on BFCL- 493

V3. This highlights the importance of experience 494

quality over quantity in experience-driven agent 495

evolution. Moreover, the introduction of the failure- 496

aware reflection module enhances the average task 497

success rate, demonstrating the value of learning 498

from unsuccessful attempts. Notably, incorporating 499

the utility-based deletion yields further improve- 500

ments, indicating that regularly discarding outdated 501

experiences is critical for agents to adapt to non- 502

stationary environments. 503

Retrieval Key Ablations. Regarding the index- 504

ing strategy, we explore four different retrieval keys 505

to assess their impact on the performance of ReMe. 506

From Figure 4, it can be seen that using the raw 507

task description or their extracted keywords to in- 508

dex experiences underperforms the LLM-generated 509

fields (generalized query and usage scenario). The 510

usage scenario indexing strategy, which likely cap- 511

tures both the task context and potential application 512
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LLMexecute LLMsumm
BFCL-V3

Avg@4 (%) Pass@4 (%)

Qwen3-8B
Qwen3-8B 44.50 65.77
Qwen3-14B 46.33 △ = 1.83 ↑ 66.00 △ = 0.23 ↑
Qwen3-32B 47.83 △ = 3.33 ↑ 68.00 △ = 2.23 ↑

Table 4: Performance of different LLMsumm capabili-
ties with fixed LLMexecute in ReMe (fixed) setting.
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66
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64.0

63.33
64.0
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Model: Qwen3-8B  Dataset: BFCL-V3

Pass@4 Avg@4

Figure 5: Effect of retrieved experience number on agent
performance (%) in ReMe (fixed) setting.

areas, proves to be the most effective in retrieving513

relevant experiences from the database. For com-514

prehensive results, please refer to Appendix D.2.515

4.4 More Analysis516

Agent Gains More with Stronger LLMsumm.517

Our main experiments demonstrate an agent can518

learn effectively through experience-driven self-519

evolution, i.e., LLMsumm=LLMexecute. To inves-520

tigate whether the agent gains more as LLMsumm521

capability increases, we scale the summarization522

model from Qwen3-8B to Qwen3-32B with the523

fixed LLMexecute = Qwen3-8B. It can be observed524

from Table 4 that stronger summarization capabil-525

ity yields clear performance improvements in both526

Avg@4 and Pass@4 metrics (Avg@4: +1.83% →527

+3.33%; Pass@4: +0.23% → +2.23%). These528

findings emphasize the critical role of high-quality529

experience summarization in overall agent perfor-530

mance, highlighting the potential for further gains531

through advanced summarization techniques.532

Effect of Retrieved Experience Number. To533

evaluate the relationship between retrieved experi-534

ence number and performance, we vary the value535

K from 0 to 10. Figure 5 illustrates increasing the536

number of in-context experiences achieves steady537

performance gains that rise and then saturate. Be-538

yond the saturation point, retrieving more may de-539

Baseline
ReMe

22

14

19
16

1313

4
2 4

2

Model: Qwen3-8B
Dataset: BFCL-V3

(a) (b)

Figure 6: Statistics of failed tasks with and without
ReMe. (a) Left: shows overlapping and unique failure
cases; (b) Right: displays the number of task failures
across different error categories.

grade performance, primarily due to the higher 540

chance of incorporating noisy experiences. This is 541

why we select K = 5 in the main experiments. 542

Error Analysis. We conduct an analysis of the 543

error patterns with and without ReMe for Qwen3- 544

8B on BFCL-V3. The Venn diagram (Figure 6a) 545

reveals a reduction in the total number of failure 546

cases from 62 (No Memory Baseline) to 47 (ReMe). 547

Notably, ReMe corrects 17 baseline-specific errors 548

while introduces only 2 new ones. Further, we man- 549

ually review and categorize each failure case to ex- 550

amine the impact of ReMe on different error types 551

(Figure 6b). A substantial decrease in Reasoning 552

Error (22 → 14) indicates ReMe effectively lever- 553

ages past experiences to strengthen its multi-step 554

reasoning capabilities, reducing propagation of ear- 555

lier mistakes. ReMe also yields a moderate but 556

meaningful reduction in Action Omission errors, 557

which helps the agent recognize missing steps in 558

multi-turn tasks, especially those requiring sequen- 559

tial tool interactions or state tracking. 560

5 Conclusion 561

We introduce ReMe, a dynamic procedural memory 562

framework that evolves agent reasoning from blind 563

trial-and-error to strategic experience reuse. By 564

distilling structured knowledge from prior trajec- 565

tories at a fine-grained level, ReMe enables agents 566

to leverage critical insights, thus avoiding poten- 567

tial experience interference in coarse-grained ap- 568

proaches. Equipped with effective experience re- 569

finement, ReMe maintains a high-quality experience 570

pool for agent evolution. Extensive experiments 571

validate that ReMe significantly outperforms several 572

baselines, with ablation studies highlighting the 573

value of each core component in ReMe. 574
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Limitations575

This paper focuses on procedural memory manage-576

ment for agent self-evolution. Despite its promis-577

ing performance, there are several limitations that578

could be addressed in future work. First, ReMe579

currently employs a fixed retrieval strategy, where580

experiences are retrieved once at the beginning of581

each task. Implementing a more flexible, context-582

aware retrieval mechanism could potentially im-583

prove system performance, since dynamic experi-584

ence incorporation promotes adaptive knowledge585

utilization. Secondly, although the existing ex-586

perience validation process effectively filters out587

low-quality experiences, relying primarily on an588

LLM-as-judge approach may overlook nuanced as-589

pects of experience quality and relevance. In the590

future, we can explore more sophisticated valida-591

tion techniques for more precise experience eval-592

uation. Furthermore, a larger-scale summarizer593

brings greater performance gains in agent reason-594

ing, as shown in Section 4.4, which can be at-595

tributed to its stronger summarization capability.596

This indicates that designing advanced summariza-597

tion strategies with small models can further boost598

agent self-evolution.599
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A Use of AI Assistants 750

During the writing process of this paper, we utilized 751

AI assistants for language refinement, including 752

tasks such as grammar checking, sentence restruc- 753

turing, and phrasing. All AI-suggested changes 754

were thoroughly reviewed and approved by the 755

authors to ensure the final content of this paper 756

represents the authors’ original ideas. 757

B Experimental Details 758

In this section, we detail our experimental setup, in- 759

cluding the benchmark datasets, evaluation metrics, 760

and baseline methods compared. We also describe 761

the implementation details of ReMe crucial for re- 762

producing our results. 763

B.1 Datasets and Evaluation Metrics 764

BFCL-V3 Berkeley Function Calling Leader- 765

board V3 (BFCL-V3) (Patil et al., 2025) is a bench- 766

mark which assesses the function calling and tool- 767

using capabilities of LLMs, particularly in multi- 768

turn and multi-step scenarios. It provides over 769

1,800 test tasks that require models to generate 770

precise API calls, handle various programming 771

languages (Python, Java, JavaScript), and manage 772

complex interactions like parallel function calls. 773

The evaluation employs both Abstract Syntax Tree 774

(AST) matching to check syntactic correctness and 775

executable testing to verify functional outcomes. 776

In our experiments, a task is deemed successful 777

when the agent makes the necessary function calls 778

correctly and yields the expected outputs. 779
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when to use: When a user wants to place an order for 
a stock but without providing a specific price.
experience content: The assistant demonstrated a 
methodical approach by first retrieving the current 
stock price using get_stock_info and then using that 
price in the place_order function. This two-step 
process ensures compliance with the required 
parameters of the place_order function while aligning 
with the user's intent for a market-price-based order.

when to use: When interacting with APIs that require 
precise authentication parameters and data extraction.
experience content: The higher-scoring approach 
prioritized API specification validation before execution 
(e.g., confirming phone login requires phone number as 
username), implemented robust error handling for 
authentication failures, and used precise data extraction 
techniques (search_notes with tags/query filters). The 
lower-scoring approach made repeated authentication 
errors, included explanatory text in code blocks causing 
syntax failures, and used inefficient string parsing that 
retained metadata instead of clean titles.

task query: Access and retrieve the details of my 
most recent order, as I've misplaced the ID but need 
the latest transaction.
query keywords: ["order retrieval", "ambiguous 
requests", "efficiency", "user experience"]
generalized query: Retrieve recent order details 
when order ID is unavailable.
when to use: When users need order details without 
explicit order IDs.
experience content: The higher-scoring approach 
automatically retrieved and displayed the most recent 
order details (ID 12446) after fetching the history, 
while the lower-scoring response only listed order IDs 
without immediate detail retrieval. This demonstrates 
efficiency in handling ambiguous user requests by 
combining history lookup with direct detail fetching.

Figure 7: Different indexing examples for the same
BFCL-V3 task experience.

AppWorld AppWorld (Trivedi et al., 2024) is a780

benchmark designed to evaluate function calling781

and interactive coding agents. It simulates a world782

of 9 day-to-day applications (e.g., email, Spotify,783

Venmo) through 457 APIs and is populated with the784

digital activities of approximately 100 simulated785

users. A key feature of AppWorld is its robust eval-786

uation framework, which uses state-based unit tests787

to assess task completion and provides two metrics788

to measure performance: 1) Task Goal Completion789

(TGC) measures percentage of tasks for which the790

agent passes all evaluation tests; 2) Scenario Goal791

Completion (SGC) is the percentage of scenarios792

where the agent passes all the unit tests for all tasks793

from that scenario. In our experiments, we report794

Task Goal Completion metric, which naturally re-795

flects task success rate.796

B.2 Baseline Details797

LangMem LangMem (LangChain, 2025) is798

Langchain’s long-term memory module that ex-799

tracts and stores key information from conversa-800

tions for future retrieval. It provides both functional801

primitives compatible with any storage system and802

native integration with LangGraph’s storage layer,803

enabling agents to continuously improve. In our ex-804

periments, we adopt LangMem’s implementation805

of episodic memory2, which helps the agent learn806

from experience.807

A-Mem A-Mem (Xu et al., 2025) is a system de-808

signed to provide LLM agents with agentic mem-809

ory, allowing them to autonomously manage their810

2https://langchain-ai.github.io/langmem/guides/extract_
episodic_memories/

when to use: When a user wants to place an order for 
a stock but without providing a specific price.
experience content: The assistant demonstrated a 
methodical approach by first retrieving the current 
stock price using get_stock_info and then using that 
price in the place_order function. This two-step 
process ensures compliance with the required 
parameters of the place_order function while aligning 
with the user's intent for a market-price-based order.

when to use: When interacting with APIs that require 
precise authentication parameters and data extraction.
content: The higher-scoring approach prioritized API 
specification validation before execution (e.g., confirming 
phone login requires phone number as username), 
implemented robust error handling for authentication 
failures, and used precise data extraction techniques 
(search_notes with tags/query filters). The lower-scoring 
approach made repeated authentication errors, included 
explanatory text in code blocks causing syntax failures, 
and used inefficient string parsing that retained 
metadata instead of clean titles.

Figure 8: Experience example on BFCL-V3.

when to use: When a user wants to place an order for 
a stock but without providing a specific price.
experience content: The assistant demonstrated a 
methodical approach by first retrieving the current 
stock price using get_stock_info and then using that 
price in the place_order function. This two-step 
process ensures compliance with the required 
parameters of the place_order function while aligning 
with the user's intent for a market-price-based order.

when to use: When interacting with APIs that require 
precise authentication parameters and data extraction.
experience content: The higher-scoring approach 
prioritized API specification validation before execution 
(e.g., confirming phone login requires phone number as 
username), implemented robust error handling for 
authentication failures, and used precise data extraction 
techniques (search_notes with tags/query filters). The 
lower-scoring approach made repeated authentication 
errors, included explanatory text in code blocks causing 
syntax failures, and used inefficient string parsing that 
retained metadata instead of clean titles.

Figure 9: Experience example on AppWorld.

own long-term knowledge. It constructs a memory- 811

centric knowledge graph for agents, actively decid- 812

ing what information to store, recall, and update 813

based on their goals and interaction. In our experi- 814

ments, we reproduce A-Mem using its open-source 815

code, with slight prompt modifications to extract 816

procedural memories. 817

B.3 Model Configuration 818

We select Qwen3 series for backbone models in our 819

main experiments. By using Qwen3-Instruct mod- 820

els of different sizes, including 8B, 14B, and 32B, 821

we can explore whether memory-enhanced agent 822

performance improves as model size increases. For 823

high-quality experience acquisition, Qwen3 think- 824

ing mode is activated for BFCL-V3 tasks and dis- 825

abled for AppWorld tasks. 826

To validate the generalizability of our sys- 827

tem, we also evaluate other LLMs with and 828

without ReMe on BFCL-V3 tasks, including 829

GPT-4.1-2025-04-14 (OpenAI, 2025a), o4-mini- 830

2025-04-16 (OpenAI, 2025b), Qwen3-Max- 831

Preview (Team, 2025a), Kimi-K2-Thinking (Moon- 832

shotAI, 2025), DeepSeek-V3.2 (Liu et al., 833

2025a), and GLM-4.7 (ZhipuAI, 2025), where 834

Qwen3-Max-Preview, DeepSeek-V3.2, and 835

Kimi-K2-Thinking are in the thinking mode, and 836

the others are in the non-thinking mode. 837
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when to use: When a user wants to place an order for a 
stock but without providing a specific price.
experience content: The assistant demonstrated a methodical 
approach by first retrieving the current stock price using 
get_stock_info and then using that price in the place_order
function. This two-step process ensures compliance with the 
required parameters of the place_order function while 
aligning with the user's intent for a market-price-based order.

Keypoint-level Experience
when to use: When a user needs to assess the current market status and make informed 
trading decisions, such as buying or canceling an order.
experience content:
1. Retrieve the current time using `get_current_time`. 
2. Use the retrieved time to update and obtain the market status via `update_market_status`. 
3. If the market is open and the user decides to trade, use `place_order` to execute the trade. 
4. If the user requests cancellation, call `cancel_order` with the appropriate order ID. 
5. Provide updates on account details through `get_account_info` if requested by the user.

Trajectory-level Experience

when to use: When a user wants to place an order 
for a stock but without providing a specific price.
content: The assistant demonstrated a methodical 
approach by first retrieving the current stock price 
using get_stock_info and then using that price in 
the place_order function. This two-step process 
ensures compliance with the required parameters of 
the place_order function while aligning with the 
user's intent for a market-price-based order.

Keypoint-level Experience
when to use: When a user needs to assess the current market status and make informed 
trading decisions, such as buying or canceling an order.
content:
1. Retrieve the current time using `get_current_time`. 
2. Use the retrieved time to update and obtain the market status via `update_market_status`. 
3. If the market is open and the user decides to trade, use `place_order` to execute the trade. 
4. If the user requests cancellation, call `cancel_order` with the appropriate order ID. 
5. Provide updates on account details through `get_account_info` if requested by the user.

Trajectory-level Experience

Figure 10: Comparison of trajectory-level and keypoint-level experience granularity.

Model No Memory ReMe (fixed) ReMe (dynamic)

GPT-4.1 48.25% 53.33%+5.08% 54.67%+6.42%

o4-mini 54.67% 57.78%+3.11% 60.00%+5.33%

Qwen3-Max 59.00% 61.83%+2.83% 64.00%+5.00%

Kimi-K2-Thinking 57.17% 62.17%+5.00% 66.00%+8.83%

DeepSeek-V3.2 53.06% 56.00%+2.94% 57.33%+4.27%

GLM-4.7 68.00% 70.00%+2.00% 73.83%+5.83%

Table 5: Performance comparison of more LLMs with
and without ReMe on BFCL-V3 (Avg@4 %).

B.4 Implementation Details838

B.4.1 For Experience Acquisition839

First, we sample trajectories N= 8 times for each840

task query to obtain a diverse set of potential solu-841

tions including both high-reward and low-reward842

results. Next, within each group corresponding843

to the same task, all trajectories are sorted by844

their rewards and only the lowest-scoring and845

highest-scoring examples are selected to the fol-846

lowing experience acquisition.847

• Success Pattern Recognition: Successful tra-848

jectories are defined as those exceeding a pre-849

defined score threshold (empirically set to 1.0).850

Then, we prompt LLMsumm to identify the key851

point that contributes to the task success.852

• Failure Analysis: Conversely, failed trajectories853

trigger failure analysis by prompting LLMsumm854

to determine the earliest key step that leads to855

suboptimal outcomes.856

• Comparative Insight Generation: When the857

reward gap exists between the chosen two tra-858

jectories, we prompt LLMsumm to articulate859

which specific decision or action distinguishes860

higher-scoring from lower-scoring attempts.861

Three example prompts for experience acquisi-862

tion are shown in Table 7, 8 and 9. To filter out863

the generated invalid experiences, we employ the864

LLM-as-a-Judge prompt in Table 10 for validation.865

B.4.2 For Experience Retrieval 866

When a new task is received, LLMexecute retrieves 867

relevant experiences Er by matching the current 868

task’s query qnew against the usage scenario field 869

w of stored experiences: 870

Er = arg topk [simcos(Ei, qnew)] . (2) 871

Here, simcos stands for the computation of co- 872

sine similarity between embeddings. In our exper- 873

iments, past experiences are indexed using vector 874

representations of the usage scenario field ϕ(w), 875

obtained from Qwen3-Embedding model ϕ(·). Our 876

selected vector database is Elasticsearch. 877

simcos(E, qnew) =
ϕ(w) · ϕ(qnew)

∥ϕ(w)∥ ∥ϕ(qnew)∥
(3) 878

In Section 4.3, we also explore more indexing 879

strategies for experience storage. The example in 880

Figure 7 illustrates the differences among these 881

retrieval keys. 882

C Experience Examples 883

ReMe focuses on extracting keypoint-level expe- 884

riences from historical trajectories, with exam- 885

ples for BFCL-V3 and AppWorld illustrated in 886

Figure 8 and 9, respectively. To further investi- 887

gate the impact of experience granularity, we com- 888

pare trajectory-level and keypoint-level acquisi- 889

tion, as described in Section 4.3. In Figure 10, 890

we contrast the structural and content character- 891

istics of the two granularity levels, showing how 892

trajectory-level captures exhaustive procedural de- 893

tails, while keypoint-level emphasizes critical ac- 894

tions and omits less relevant steps. 895

D Detailed Experimental Results 896

D.1 Generalizability across Different Models 897

To examine the generalizability of ReMe, we con- 898

duct experiments with different backbone mod- 899

els, including GPT-4.1, o4-mini, Qwen3-Max, 900

Kimi-K2, DeepSeek-V3.2, and GLM-4.7. The 901
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Model Retrieval Key Avg@4 Pass@4

Qwen3-8B

task query 44.00% 63.33%
generalized query 42.50% 63.77%
query keywords 44.22% 65.33%
usage scenario 44.50% 65.77%

Qwen3-14B

task query 50.11% 71.77%
generalized query 50.49% 72.22%
query keywords 51.16% 71.11%
usage scenario 51.89% 72.44%

Qwen3-32B

task query 56.22% 72.22%
generalized query 55.33% 73.33%
query keywords 56.89% 74.44%
usage scenario 56.05% 74.89%

Table 6: Ablation study of retrieve keys.

stacked analysis in Figure 3 and detailed results902

in Table 5 show that ReMe consistently outperforms903

No Memory baseline across various backbones,904

confirming the model-agnostic advantage of our905

novel procedural memory system.906

D.2 Retrieval Key Analysis907

Table 6 compares four retrieval key strategies908

(task query, generalized query, query keywords,909

and usage scenario) across three model scales910

(Qwen3–8B, Qwen3–14B, and Qwen3–32B) on911

the BFCL-V3 benchmark under the ReMe(fixed)912

setting. Consistent with the trends observed in913

Figure 4, simple indexing methods such as raw914

task query and query keywords generally yield915

lower performance. In contrast, LLM-generated916

retrieval keys, particularly the usage scenario field,917

exhibit consistently strong results across all mod-918

els, achieving the highest or near-highest Avg@4919

and Pass@4 scores.920

E Case Study921

To gain deeper insights into how experience reuse922

influences agent reasoning, we compare two agent923

trajectories on the same BFCL-V3 task, one guided924

by retrieved experiences and one without. As il-925

lustrated in Figure 1, without past experience, the926

agent encounters a failure when purchasing Ap-927

ple shares since it fabricates the current market928

price instead of fetching real-time data. With ReMe,929

past experience guides the agent to correctly obtain930

real-time pricing before placing an order, success-931

fully completing the stock trading task. This case932

demonstrates how experience-driven reasoning pre-933

vents agents from repeating earlier mistakes and934

improves robustness across similar scenarios.935
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Example Prompt for Success Pattern Recognition

You are an expert AI analyst reviewing successful step sequences from an AI agent execution.

Your task is to extract reusable, actionable step-level experiences that can guide future agent
executions.
Focus on identifying specific patterns, techniques, and decision points that contributed to success.

ANALYSIS FRAMEWORK:
• STEP PATTERN ANALYSIS: Identify the specific sequence of actions that led to success
• DECISION POINTS: Highlight critical decisions made during these steps
• TECHNIQUE EFFECTIVENESS: Analyze why specific approaches worked well
• REUSABILITY: Extract patterns that can be applied to similar scenarios

EXTRACTION PRINCIPLES:
• Focus on TRANSFERABLE TECHNIQUES and decision frameworks
• Frame insights as actionable guidelines and best practices

# Original Query
{query}

# Step Sequence Analysis
{step_sequence}

# Context Information
{context}

# Outcome
This step sequence was part of a successful trajectory.

OUTPUT FORMAT:
Generate 1-3 step-level success insights as JSON objects:
```json
[
{{
“when_to_use” : “Specific conditions when this success insight should be applied”,
“task_query” : “Identify the specific task query from the original trajectory that this success

experience is most closely related to. Extract the exact query text.”,
“generalized_query” : “Abstract the specific task query to create a more generalized task

representation.”,
“experience” : “Detailed description of the successful step pattern and why it works”,
“tags” : [“relevant", “keywords", “from", “the", “task", “query"],
“confidence” : 0.8,
“tools_used” : [“list", “of", “tools"]

}}
]
```

Table 7: Example prompt for success pattern recognition.
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Example Prompt for Failure Analysis

You are an expert AI analyst reviewing failed step sequences from an AI agent execution.

Your task is to extract learning experiences from failures to prevent similar mistakes in future
executions.
Focus on identifying error patterns, missed opportunities, and alternative approaches.

ANALYSIS FRAMEWORK:
• FAILURE POINT IDENTIFICATION: Pinpoint where and why the steps went wrong
• ERROR PATTERN ANALYSIS: Identify recurring mistakes or problematic approaches
• ALTERNATIVE APPROACHES: Suggest what could have been done differently
• PREVENTION STRATEGIES: Extract actionable insights to avoid similar failures

EXTRACTION PRINCIPLES:
• Extract GENERAL PRINCIPLES as well as SPECIFIC INSTRUCTIONS
• Focus on PATTERNS and RULES as well as particular instances

# Original Query
{query}

# Step Sequence Analysis
{step_sequence}

# Context Information
{context}

# Outcome
This step sequence was part of a failed trajectory.

OUTPUT FORMAT:
Generate 1-3 step-level failure prevention insights as JSON objects:
```json
[
{{
“when_to_use” : “Specific situations where this lesson should be remembered”,
“task_query” : “Identify the specific task query from the original trajectory that this lesson is

most closely related to. Extract the exact query text.”,
“generalized_query” : “Abstract the specific task query to create a more generalized task

representation.”,
“experience” : “Universal principle or rule extracted from the failure pattern”,
“tags” : [“relevant", “keywords", “from", “the", “task", “query"],
“confidence” : 0.8,
“tools_used” : [“list", “of", “tools"]

}}
]
```

Table 8: Example prompt for failure analysis.
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Example Prompt for Comparative Insights Generation

You are an expert AI analyst comparing higher-scoring and lower-scoring step sequences to extract
performance insights.

Your task is to identify the key differences between higher and lower performing approaches at the
step level.
Focus on what made the higher-scoring approach more effective, even when both approaches may
have had partial success.

SOFT COMPARATIVE ANALYSIS FRAMEWORK:
• PERFORMANCE FACTORS: Identify what specifically contributed to the higher score
• APPROACH DIFFERENCES: Compare methodologies and execution strategies
• EFFICIENCY ANALYSIS: Analyze why one approach was more efficient or effective
• OPTIMIZATION INSIGHTS: Extract lessons for improving performance

EXTRACTION PRINCIPLES:
• Focus on INCREMENTAL IMPROVEMENTS and performance optimization
• Extract QUALITY INDICATORS that differentiate better vs good approaches
• Identify REFINEMENT STRATEGIES that lead to higher scores
• Frame insights as PERFORMANCE ENHANCEMENT guidelines

# Higher-Scoring Step Sequence (Score: {higher_score})
{higher_steps}

# Lower-Scoring Step Sequence (Score: {lower_score})
{lower_steps}

OUTPUT FORMAT:
Generate 1-2 performance improvement insights as JSON objects:
```json
[
{{
“when_to_use” : “Specific scenarios where this performance insight applies”,
“task_query” : “Identify the specific task query from the original trajectory that this

performance insight is most closely related to. Extract the exact query text.”,
“generalized_query” : “Abstract the specific task query to create a more generalized task

representation.”,
“experience” : “Detailed analysis of what made the higher-scoring approach more effective”,
“tags” : [“relevant", “keywords", “from", “the", “task", “query"],
“confidence” : 0.8,
“tools_used” : [“list", “of", “tools"]

}}
]
```

Table 9: Example prompt for comparative insights generation.
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Example Prompt for Experience Validation

You are an expert AI analyst tasked with validating the quality and usefulness of extracted
step-level experiences.

Your task is to assess whether the extracted experience is actionable, accurate, and valuable for
future agent executions.

VALIDATION CRITERIA:
• ACTIONABILITY: Is the experience specific enough to guide future actions?
• ACCURACY: Does the experience correctly reflect the patterns observed?
• RELEVANCE: Is the experience applicable to similar future scenarios?
• CLARITY: Is the experience clearly articulated and understandable?
• UNIQUENESS: Does the experience provide novel insights or common knowledge?

# Experience to Validate
Condition: condition
Experience Content: experience_content

OUTPUT FORMAT:
Provide validation assessment:
```json
{{
“is_valid” : true/false,
“score” : 0.8,
“feedback” : “Detailed explanation of validation decision”,
“recommendations” : “Suggestions for improvement if applicable”
}}
```
Score should be between 0.0 (poor quality) and 1.0 (excellent quality).
Mark as invalid if score is below 0.3 or if there are fundamental issues with the experience.

Table 10: Example prompt for experience validation.
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