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Abstract001

Multimodal agents can solve complex reason-002
ing tasks with external tools, but still struggle003
to improve from past trajectories without pa-004
rameter updates. Existing training-free mem-005
ory methods often rely on coarse trajectory-006
level summaries and static repositories, lim-007
iting fine-grained failure analysis and mem-008
ory reliability. To address this, we propose009
𝜋Skill, a lifecycle-managed continual learning010
framework for multimodal agents. Its Circu-011
lar Step-level Knowledge Distillation (CSD)012
extracts high-density experience atoms from013
successful and failed step transitions, while014
Confidence-aware Lifecycle Memory Updat-015
ing (CMU) tracks confidence, usage statistics,016
lifecycle states, and version history to refine017
or suppress unreliable knowledge. During in-018
ference, 𝜋Skill retrieves knowledge through se-019
mantic recall and confidence-aware refinement,020
with execution feedback used for online mem-021
ory updating. Experiments with Qwen2.5-VL-022
7B-Instruct on four multimodal agent bench-023
marks show that 𝜋Skill improves the average024
Average@4 from 12.41 to 14.02 and Pass@4025
from 26.53 to 29.73, demonstrating the effec-026
tiveness of fine-grained knowledge distillation027
and lifecycle-aware memory evolution.028

1 Introduction029

The evolution of Multimodal Large Language Mod-030

els (MLLMs) has transformed autonomous agents031

from passive perceptual systems into active prob-032

lem solvers. In open-ended settings, multimodal033

agents integrate visual perception, code execution,034

and web browsing to solve complex multi-step035

tasks. They are increasingly expected to orches-036

trate heterogeneous tools over long horizons (Guo037

et al., 2025; Chu et al., 2026). To handle changing038

environments, agents must continuously adapt their039

internal workflows (Geng et al., 2025). However,040

parameter fine-tuning or reinforcement learning041

is costly, sample-inefficient, and may disrupt the042

alignment of foundation models.043

Figure 1: Comparison of experience-learning paradigms.
Static/offline methods rely on trajectory-level sum-
maries and thus miss fine-grained step-level sig-
nals. Existing self-evolving memory frameworks lack
confidence-aware lifecycle management and maintain
weak links between experiences and skills. In contrast,
𝜋Skill performs circular step-level analysis over success-
ful and failed transitions, enabling dynamic, versioned,
and tightly connected closed-loop evolution for multi-
modal agents.

Training-free, non-parametric continual learning 044

from past trajectories has therefore become a 045

promising paradigm (Wu et al., 2025). Sim- 046

ilar to human problem solving, recent agents 047

store both action-level experiences and task-level 048

skills (Ouyang et al., 2025). For example, Agent 049

Workflow Memory (AWM) maintains external 050

repositories to guide future execution (Wang et al., 051

2024). However, as shown in Figure 1, existing 052

experience-driven agents still rely heavily on holis- 053

tic trajectory summaries and text-based logs, lead- 054

ing to three key bottlenecks: 055

• Information Sparsity in Knowledge Gen- 056

eration: Existing methods often summa- 057

rize an entire rollout as a coarse success 058

or failure (Suzgun et al., 2025), ignoring 059

step-level dynamics within individual traces. 060
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Thus, trajectory-level retrieval provides lim-061

ited help for intermediate bottlenecks, where062

state-specific tactical knowledge is more use-063

ful (Wang et al., 2026; Xie et al., 2024). This064

reduces information density and requires large065

amounts of rollout data.066

• Rigidity in Repository Storage: Extracted067

skills and experiences are usually stored as068

markdown files or flat JSON registries, with-069

out version control, metadata tracking, or rela-070

tional management (Hu et al., 2025). They071

also lack effective cross-level compression072

and dynamic memory linking (Zhang et al.,073

2026). Without lifecycle management, repos-074

itories cannot roll back corrupted knowl-075

edge or organize memories into evolving net-076

works (Liu et al., 2025), causing semantic drift077

and redundancy.078

• Vulnerability in Static Retrieval: Cur-079

rent inference mainly retrieves memories080

through textual or semantic similarity, ignor-081

ing their reliability and confidence. As a re-082

sult, stale or low-quality memories may am-083

plify downstream errors (Lam et al., 2026).084

Static retrieval is also disconnected from real-085

time execution feedback, limiting online self-086

correction and active memory testing (He087

et al., 2026).088

To address these bottlenecks, we introduce 𝜋Skill,089

a lifecycle-managed continual learning frame-090

work that explicitly centers on two core mod-091

ules: Circular Step-level Knowledge Distillation092

(CSD) and Confidence-aware Lifecycle Memory093

Updating (CMU). As shown in Figure 2, 𝜋Skill094

shifts non-parametric agent learning from coarse095

trajectory-level summarization to fine-grained step-096

level knowledge extraction, and further turns static097

memory repositories into dynamically updated and098

reliability-aware knowledge bases. Under a stan-099

dard multi-path rollout setting (𝑁 = 4), the frame-100

work consists of three tightly connected stages.101

We evaluate 𝜋Skill with Qwen2.5-VL-7B-Instruct102

on four multimodal agent benchmarks: VisualTool-103

Bench (Guo et al., 2025), TIR-Bench (Li et al.,104

2025a), MMSearch-Plus (Tao et al., 2025), and105

AgentVista (Su et al., 2026). Experimental results106

show that 𝜋Skill consistently improves both Aver-107

age@4 and Pass@4 over XSkill. Ablation studies108

further verify that CSD and CMU are complemen-109

tary: CSD improves the granularity of experience110

generation, while CMU enhances the reliability and 111

adaptability of the memory bank. 112

Our contributions are summarized as follows: 113

• Granular Knowledge Generation: We pro- 114

pose step-level distillation to extract dense 115

knowledge from local successful and failed 116

transitions instead of coarse trajectory sum- 117

maries. 118

• Lifecycle-Managed Repositories: We build 119

a version-controlled and relationally linked 120

storage architecture with confidence tracking 121

and skill-experience linking to reduce reposi- 122

tory degradation. 123

• Two-Layer Online Closed Loop: We de- 124

sign a two-layer retrieval mechanism that com- 125

bines semantic recall with confidence refine- 126

ment and feeds execution outcomes back for 127

continual memory updating. 128

2 Related Works 129

Multimodal Tool-Augmented Agents. Recent 130

multimodal agents have shifted from passive per- 131

ception to active problem solving. By invoking 132

external tools such as code execution, image pro- 133

cessing, web search, image search, and webpage 134

browsing, these agents can solve complex tasks 135

that require multi-step visual reasoning and interac- 136

tion with external environments (Li et al., 2025b). 137

Recent benchmarks further evaluate these capabili- 138

ties from tool-enabled image reasoning, thinking- 139

with-images tasks, and realistic long-horizon multi- 140

modal scenarios (Guo et al., 2025; Li et al., 2025a; 141

Su et al., 2026). However, existing multimodal 142

agents still suffer from inefficient tool use and un- 143

stable tool orchestration. Although recent systems 144

attempt to enhance multimodal tool reasoning and 145

capability composition (Hong et al., 2025), most 146

agents still solve each task as an isolated episode, 147

causing useful intermediate decisions, tool-use pat- 148

terns, and failure feedback to be discarded after 149

execution. Inspired by recent studies on persis- 150

tent multimodal memory (Liu et al., 2025), our 151

work explores a training-free agent improvement 152

approach that transforms historical trajectories into 153

structured, reusable, and dynamically maintained 154

knowledge. 155

Learning from Experience, Skills, and Contin- 156

ual Memory. Learning from historical trajectories 157

has become an important direction for improving 158
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Figure 2: Overview of the 𝜋Skill framework. Phase 1 (left): Via (A) single-rollout summarization, (B) cross-rollout
critique and (C) circular step-level analysis, the agent mines structured skills and high-value experiences from
multi-trajectory interactions to update its knowledge repository dynamically. Phase 2 (right): For new tasks, it
retrieves matched knowledge by (D) task decomposition retrieval, conducts adaptation via (E) skill-experience
adjustment, and feeds optimized knowledge into the agent execution loop; execution feedback further updates
repository knowledge versions and confidence metrics.

agent capabilities. Existing methods usually trans-159

form past interactions into experiences, workflows,160

skills, or reasoning memories, such as extracting161

lessons from previous trials (Zhao et al., 2024),162

inducing reusable workflows (Wang et al., 2024),163

maintaining adaptive test-time memory (Suzgun164

et al., 2026), or organizing cross-domain expe-165

rience for planning and diagnosis (Tang et al.,166

2025). In multimodal settings, recent work also167

extracts task-level skills and action-level experi-168

ences from visual-tool interactions through visu-169

ally grounded trajectory summarization and cross-170

rollout critique (Jiang et al., 2026). Although these171

methods demonstrate the effectiveness of experi-172

ence and skill memories, most of them still rely on173

trajectory-level abstraction, which may overlook174

the internal heterogeneity of a single trajectory.175

Meanwhile, as memory scales up, stored knowl-176

edge may become redundant, outdated, or unre-177

liable (Ouyang et al., 2025; Wu et al., 2025). In178

contrast, 𝜋Skill performs step-level knowledge dis-179

tillation from a single trajectory, extracting positive180

experiences, failure-aware lessons, and reusable op-181

erational patterns through local contrastive analysis.182

It further maintains confidence, version history, and183

skill-experience relations through lifecycle-aware184

knowledge management, allowing useful knowl-185

edge to be strengthened while unreliable knowl- 186

edge is revised, archived, or rolled back. 187

3 Method 188

The 𝜋Skill framework introduces a high-density 189

knowledge extraction and management ecosystem 190

designed to continuously distill, evolve, and utilize 191

step-level agent experiences. As illustrated in the 192

architecture diagram, 𝜋Skill breaks away from con- 193

ventional trajectory-level heuristics by implement- 194

ing a closed-loop system across three decoupled 195

yet interconnected subsystems: 196

• Knowledge Generation (Training Phase): Per- 197

forms fine-grained step-level knowledge dis- 198

tillation using both single-trajectory critiques 199

and cross-trajectory contrastive analysis. 200

• Knowledge Storage and Lifecycle Manage- 201

ment (Storage Layer): Orchestrates dynamic 202

state updates, relational skill-experience map- 203

ping, and version-controlled rollbacks. 204

• Adaptive Retrieval and Inference (Inference 205

Phase): Executes a dual-tier decomposition 206

retrieval strategy coupled with experience 207

rewriting, feeding runtime outcomes back into 208
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the storage layer to complete the circular opti-209

mization loop.210

3.1 Circular Step-level Knowledge Distillation211

(CSD)212

Circular Step-level Knowledge Distillation (CSD)213

aims to extract dense and localized knowledge from214

agent trajectories. Unlike traditional methods that215

mainly summarize complete rollouts into broad216

heuristics, CSD decomposes each trajectory into217

step transitions and analyzes how local actions con-218

tribute to final success or failure. This design al-219

lows 𝜋Skill to obtain useful experience atoms even220

from a limited number of rollouts.221

Multimodal Rollout and Summarization Let222

a multimodal task sample be denoted as 𝑋 =223

(𝑄, 𝐼,U), where 𝑄 represents the textual query,224

𝐼 denotes accompanying visual inputs, and U225

represents available external tools. During the226

training phase, the agent executes multiple roll-227

outs, yielding a set of execution trajectories T =228

{𝜏1, 𝜏2, . . . , 𝜏𝑁 }. Each trajectory 𝜏 is represented229

as a sequential chain of steps:230

𝜏 = {𝑠1, 𝑎1, 𝑠2, 𝑎2, . . . , 𝑠𝑇 } (1)231

where 𝑠𝑡 denotes the environment state at step 𝑡 and232

𝑎𝑡 denotes the action or tool call executed. These233

raw trajectories are consolidated via a trajectory234

summarization module to form a foundational cor-235

pus for distillation.236

Single-Trajectory Step Critique in CSD To mit-237

igate the heavy dependency on massive, diverse238

rollout collections, 𝜋Skill introduces a localized239

critique mechanism (single_rollout_critique). For240

any standalone trajectory 𝜏, each step transition241

(𝑠𝑡 , 𝑎𝑡 , 𝑠𝑡+1) is analyzed in isolation against the ul-242

timate global task outcome. The model isolates243

successful transitions from failure points to derive244

a step-level critique:245

Cstep = Critique(𝑠𝑡 , 𝑎𝑡 , 𝑠𝑡+1 | 𝑋,Outcome(𝜏))
(2)246

This step-level distillation forces the model to ex-247

tract high-density lessons even from a single, un-248

varied trajectory execution by identifying the exact249

sub-step responsible for success or failure.250

Cross-Trajectory Contrastive Enhancement251

Simultaneously, when multiple rollouts are avail-252

able, an intra-sample contrastive analysis mod-253

ule (intra_sample_experiences) contrasts success-254

ful trajectories 𝜏+ against failing trajectories 𝜏−255

originating from the exact same sample 𝑋 . By per- 256

forming cross-trajectory step alignment, the system 257

pinpoints pivotal divergence nodes: 258

Δstep = Align(𝜏+, 𝜏−) (3) 259

This dual-pathway approach generates an Experi- 260

ence Atom E, formally defined as a tuple: 261

E = ⟨𝑐, domain, lesson, tool_template, 𝜙succ, 𝜙fail⟩
(4) 262

where 𝑐 ∈ [0, 1] is the scalar confidence score, 263

domain defines the task scope, lesson represents 264

the distilled natural language rule, tool_template 265

abstracts the action format, and 𝜙succ, 𝜙fail maintain 266

historical execution counts. The finalized atoms are 267

transformed into explicit executable code structures 268

or prompt constraints. 269

3.2 Confidence-aware Lifecycle Memory 270

Updating (CMU) 271

Confidence-aware Lifecycle Memory Updating 272

(CMU) turns the extracted experience atoms into 273

an evolving and reliability-aware memory bank. In- 274

stead of treating stored experiences as immutable 275

prompts, CMU continuously tracks how each ex- 276

perience performs during later inference. Each 277

experience is associated with confidence, success 278

and failure counts, lifecycle status, and version 279

metadata, allowing the system to reinforce useful 280

knowledge while suppressing or archiving unreli- 281

able entries. 282

Experience-Skill Relational Mapping in CMU 283

The storage layer splits structural knowledge into 284

two core repositories: the Experience Database 285

(experiences.json, storing contextual lessons E) 286

and the Skill Base (skills/, storing reusable tool 287

wrappers and macro-actions S). The SkillBuilder 288

module acts as a relational bridge, binding experi- 289

ence atoms to atomic or compound skills via spe- 290

cific identifier mappings: 291

M : E → {Sid1,Sid2, . . . } (5) 292

This ensures that whenever a skill is invoked, its ac- 293

companying contextual experiences, failure warn- 294

ings, and operational boundaries are retrieved si- 295

multaneously. 296

Dynamic Confidence and State Updates Rather 297

than treating knowledge as immutable, 𝜋Skill im- 298

plements real-time state updates based on empirical 299

execution records. Each experience atom possesses 300
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a dynamic state vector V = ⟨𝜙succ, 𝜙fail, status⟩.301

The confidence score 𝑐 is calculated and dynami-302

cally adjusted according to:303

𝑐 = 𝛼 · 𝑐prior + (1 − 𝛼) ·
(

𝜙succ

𝜙succ + 𝜙fail + 𝜖

)
(6)304

where 𝛼 ∈ [0, 1] is a temporal decay hyperparame-305

ter and 𝜖 is a smoothing factor. Based on this confi-306

dence value, the status of an experience transitions307

along a standardized lifecycle (e.g., Candidate, Ac-308

tive, or Archived).309

Version Control and Rollback Mechanics To310

ensure safe memory consolidation, a dedicated311

KnowledgeVersionManager tracks changes across312

the metadata schemas and version folders. The ver-313

sion manager implements three distinct routines:314

init(·): Establishes a new knowledge base baseline.315

archive(·) / new_version(·): Commits a snapshot316

of the current state after a training epoch or an317

online deployment cycle. rollback(·): If newly318

injected experiences cause an optimization drop319

or introduce systemic hallucinations during execu-320

tion, the system rolls back to a stable ancestral state321

K𝑡−𝑘 .322

3.3 Confidence-aware Retrieval and Circular323

Feedback324

During the inference phase, 𝜋Skill leverages a non-325

linear, adaptive retrieval pipeline that maps new326

tasks to historical experiences, executing actions327

within a circular feedback loop.328

Dual-Tier Experience Retrieval Given a novel,329

complex incoming task 𝑋test = (𝑄test, 𝐼test), relying330

purely on surface-level embedding similarities fre-331

quently results in suboptimal knowledge matching.332

𝜋Skill overrides this via a two-tier ExperienceRe-333

triever:334

Task Decomposition Retrieval: The master task335

𝑋𝑡𝑒𝑠𝑡 is decomposed into a set of sequential sub-336

goals {𝑔1, 𝑔2, . . . , 𝑔𝑚}. A coarse semantic recall337

is then executed over the experience base for each338

sub-goal individually using a bi-encoder similarity339

score:340

Sim(𝑔𝑖 , E) = cos(e𝑔𝑖 , eE) (7)341

Confidence Refinement and Conflict Resolution:342

The recalled experiences are filtered by their oper-343

ational confidence 𝑐. If two retrieved experiences344

E𝐴 and E𝐵 provide conflicting guidelines for a345

given sub-goal, the system resolves the conflict by346

favoring the atom with the higher confidence score347

or the more specific structural domain match.348

Experience Rewriting and Skill Adaptation 349

Once the optimal experience atoms are isolated, 350

they pass through an inline task-adaptive rewriting 351

module. This module strips away training-specific 352

artifacts from the raw lesson, reshaping the experi- 353

ence text to perfectly match the target constraints 354

of 𝑋𝑡𝑒𝑠𝑡 : 355

E∗ = Rewrite(E | 𝑋test) (8) 356

Following experience rewriting, the SkillBuilder 357

passes the relevant skill pointers to the adaptation 358

engine, customizing the concrete execution tem- 359

plates to accommodate the current test inputs. 360

Agent Execution and the Circular Loop The 361

adapted skills and rewritten experiences are in- 362

jected directly into the Agent’s context window. 363

The agent executes the plan using tool calls (Agent 364

Execution / Tool Use), generating an inference tra- 365

jectory 𝜏𝑒𝑣𝑎𝑙 that terminates in a verifiable outcome 366

(Success or Failure).Crucially, this outcome is not 367

discarded. It is immediately routed into an Online 368

Feedback Loop: 369

𝜏eval −→ Online Feedback −→ Storage Layer Update
(9) 370

The execution outcomes modify 𝜙𝑠𝑢𝑐𝑐 or 𝜙 𝑓 𝑎𝑖𝑙 in 371

real time, triggering automatic updates to confi- 372

dence metrics and lifecycle states. This interaction 373

closes the loop, realizing a fully adaptive, circular 374

reasoning ecosystem. 375

4 Experiments 376

4.1 Dataset 377

To comprehensively validate the effectiveness and 378

generalizability of the proposed framework across 379

diverse application scenarios, we evaluate XSKILL 380

on five benchmarks spanning three distinct do- 381

mains. The first domain corresponds to visual agen- 382

tic tool use, with a particular emphasis on visual 383

reasoning and multi-tool manipulation. Specifi- 384

cally, we adopt VisualToolBench (Guo et al., 2025) 385

and TIRBench (Li et al., 2025a), both of which 386

require agents to process visual inputs and invoke 387

appropriate tools to perform fine-grained image 388

analysis. The second domain focuses on multi- 389

modal search, which involves information retrieval 390

and web browsing over heterogeneous textual and 391

visual sources. To this end, we employ MMSearch- 392

Plus (Tao et al., 2025) and MMBrowseComp (Li 393

et al., 2025b), thereby assessing agents’ capability 394
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Benchmark Average@4 Pass@4

XSkill 𝜋Skill XSkill 𝜋Skill

VisualToolBench 9.11 11.33+2.22 21.03 25.23+4.20

TIR-Bench 28.12 29.13+1.01 58.50 60.00+1.50

MMSearch-Plus 4.62 6.00+1.38 11.00 13.50+2.50

AgentVista 7.80 9.63+1.83 15.60 20.18+4.58

Avg 12.41 14.02+1.61 26.53 29.73+3.20

Table 1: Main comparison results of XSkill and 𝜋Skill
on Qwen2.5-VL-7B. We report Average@4 and Pass@4
over four independent rollouts on VisualToolBench,
TIR-Bench, MMSearch-Plus, and AgentVista. Su-
perscript values indicate the absolute improvement of
𝜋Skill over XSkill.

to search, integrate, and reason over multimodal395

information. Finally, we include AgentVista (Su396

et al., 2026), an ultra-challenging comprehensive397

benchmark that jointly evaluates tool-use compe-398

tence and complex search ability. For each bench-399

mark, we construct the training set by randomly400

sampling 100 tasks for experience accumulation,401

while reserving the remaining tasks for evaluation.402

4.2 Implementation Details403

We evaluate our framework using Qwen2.5-VL-404

7B-Instruct (Bai et al., 2025). All experiments are405

conducted on four RTX PRO 6000 GPUs (NVIDIA,406

2025). In the main experiments, Qwen2.5-VL-7B-407

Instruct accumulate experiences and skills from408

their own reasoning trajectories. For indexing, we409

use bge-small-en-v1.5 (Xiao et al., 2023). During410

inference, we set the retrieval top-𝑘 to 3. The gen-411

eration parameters are set to temperature 𝑇 = 0.6,412

top-𝑝 = 1.0, and the maximum number of turns to413

20.414

4.3 Evaluation Metrics415

Success rate (SR) is employed as the primary eval-416

uation indicator throughout our experiments. We417

perform 𝑁 = 4 rollouts per task to comprehensively418

evaluate agent performance. We mainly report two419

metrics: (1) Average@𝑁 (𝑁 = 4), calculated as420

the mean success rate across all rollouts to reflect421

the agent’s stability and reliability; (2) Pass@𝑁422

(𝑁 = 4), defined as the percentage of tasks achiev-423

ing success in no less than one rollout, which re-424

veals the maximum potential of the agent.425

4.4 Baselines426

We compare 𝜋Skill with XSkill, a strong con-427

tinual learning framework for multimodal agents.428

XSkill introduces a dual-stream knowledge accu- 429

mulation mechanism that stores task-level skills 430

and action-level experiences in an external knowl- 431

edge base. During accumulation, XSkill extracts 432

reusable skills and experiences from multi-path 433

rollouts through visually grounded summarization 434

and cross-rollout critique. During inference, it re- 435

trieves relevant knowledge according to the current 436

multimodal task and injects the adapted knowledge 437

into the agent prompt to improve tool use and rea- 438

soning performance. 439

Although XSkill provides an effective founda- 440

tion for training-free continual improvement, it 441

still has two limitations that motivate our design. 442

First, its experience generation mainly depends on 443

cross-rollout comparison, which focuses on coarse 444

trajectory-level differences and may overlook fine- 445

grained step-level causal factors within a single 446

trajectory. Second, its memory management is rel- 447

atively static, making it difficult to dynamically 448

evaluate, update, or suppress experiences accord- 449

ing to their later usage outcomes. Therefore, we 450

use XSkill as the main baseline to evaluate whether 451

the proposed Circular Step-level Knowledge Dis- 452

tillation (CSD) and Confidence-aware Lifecycle 453

Memory Updating (CMU) can further improve mul- 454

timodal agent performance. 455

For fair comparison, both XSkill and 𝜋Skill use 456

the same backbone models, tool settings, training 457

samples for knowledge accumulation, and evalua- 458

tion protocol. We evaluate both methods on four 459

representative multimodal agent benchmarks, in- 460

cluding VisualToolBench, TIR-Bench, MMSearch- 461

Plus, and AgentVista. Following XSkill, we re- 462

port Average@4 and Pass@4 over four indepen- 463

dent rollouts. Average@4 measures the average 464

success rate across all rollouts, reflecting rollout- 465

level reliability, while Pass@4 measures whether 466

at least one rollout succeeds, reflecting the upper- 467

bound problem-solving capability under multiple 468

attempts. 469

4.5 Main Results 470

Table 1 presents the main comparison between 471

XSkill and 𝜋Skill on Qwen2.5-VL-7B. Across 472

four multimodal agent benchmarks, 𝜋Skill con- 473

sistently outperforms XSkill, improving the aver- 474

age Average@4 from 12.41 to 14.02 and the av- 475

erage Pass@4 from 26.53 to 29.73. These results 476

show that the proposed CSD and CMU modules en- 477

hance both rollout-level reliability and the chance 478

of obtaining at least one successful trajectory. The 479
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improvements are observed on VisualToolBench,480

TIR-Bench, MMSearch-Plus, and AgentVista, sug-481

gesting that fine-grained step-level knowledge dis-482

tillation and confidence-aware lifecycle memory483

updating provide stable benefits for multimodal484

agent reasoning with Qwen2.5-VL-7B.485

4.6 Ablation Study486

To validate the effectiveness of the proposed com-487

ponents in 𝜋Skill, we conduct ablation studies on488

two core modules: (1) Circular Step-level Knowl-489

edge Distillation (CSD), and (2) Confidence-aware490

Lifecycle Memory Updating (CMU). CSD is imple-491

mented in the experience critique module, where492

single trajectories are decomposed into successful493

and failed step transitions to distill fine-grained tac-494

tical knowledge. CMU is implemented in the expe-495

rience manager and version controller, where each496

experience is equipped with confidence scores, us-497

age statistics, lifecycle states, and version records498

for online refinement. We compare four configura-499

tions:500

Configuration 1: XSkill. This variant follows501

the original XSkill pipeline without our proposed502

CSD and CMU modules. It relies mainly on503

multi-rollout comparison and static experience stor-504

age. Although it can accumulate reusable knowl-505

edge from past trajectories, it lacks step-level intra-506

trajectory analysis and cannot dynamically adjust507

the reliability of stored experiences according to508

later usage outcomes.509

Configuration 2: XSkill+CSD. This variant adds510

Circular Step-level Knowledge Distillation while511

removing Confidence-aware Lifecycle Memory512

Updating. In our implementation, CSD analyzes513

each rollout internally by separating successful514

steps, failed steps, final task success, and error515

reasons. This enables the system to extract local-516

ized knowledge from single trajectories rather than517

depending only on coarse cross-rollout comparison.518

However, without CMU, the generated experiences519

are still stored in a relatively static manner and520

cannot be continuously updated according to their521

downstream effectiveness.522

Configuration 3: XSkill+CMU. This variant523

keeps the original knowledge distillation process524

but introduces Confidence-aware Lifecycle Mem-525

ory Updating. Specifically, each experience is526

stored with confidence, success count, failure count,527

status, version, and parent-version metadata. Dur-528

ing online use, successful experiences are rein-529

forced, failed experiences are penalized, and per-530

sistently unreliable experiences can be pruned, 531

archived, or marked for review. This tests whether 532

lifecycle-aware memory management alone can im- 533

prove agent performance without more fine-grained 534

step-level knowledge extraction. 535

Configuration 4: 𝜋Skill. This is our full frame- 536

work, which integrates both CSD and CMU. CSD 537

improves the density and granularity of extracted 538

knowledge by mining step-level success–failure 539

patterns from individual trajectories, while CMU 540

ensures that the resulting knowledge base evolves 541

according to real usage feedback. Together, these 542

two modules form a closed loop from fine-grained 543

knowledge generation to confidence-aware online 544

memory updating. 545

Table 2 shows that the full 𝜋Skill framework con- 546

sistently achieves the best results across all four 547

benchmarks. Compared with XSkill, 𝜋Skill im- 548

proves the overall Average@4 from 12.41 to 14.02 549

and the overall Pass@4 from 26.53 to 29.73, indi- 550

cating that our method improves both rollout-level 551

reliability and the probability of obtaining at least 552

one successful trajectory. 553

The single-module variants reveal different but 554

incomplete effects. XSkill+CSD improves Vi- 555

sualToolBench and MMSearch-Plus, suggesting 556

that step-level distillation can extract useful lo- 557

calized knowledge for visual tool-use and mul- 558

timodal search tasks. However, its performance 559

drops on TIR-Bench, showing that fine-grained 560

knowledge extraction alone may introduce noisy 561

or unstable experiences when the memory sys- 562

tem lacks confidence-aware filtering and lifecycle 563

control. XSkill+CMU improves VisualToolBench 564

and AgentVista, demonstrating that dynamic con- 565

fidence tracking and versioned memory manage- 566

ment help preserve more reliable experiences. Nev- 567

ertheless, without CSD, the system still depends 568

on coarser knowledge generated from the original 569

critique process, limiting its ability to capture step- 570

level causal factors behind success and failure. 571

In contrast, 𝜋Skill combines the strengths of both 572

modules. CSD provides high-density step-level 573

knowledge by identifying useful actions and fail- 574

ure patterns within individual rollouts, while CMU 575

prevents the memory bank from accumulating unre- 576

liable experiences through confidence adjustment, 577

pruning, archiving, and version updates. This 578

synergy leads to consistent improvements on all 579

datasets, including VisualToolBench, TIR-Bench, 580

MMSearch-Plus, and AgentVista. These results 581

verify that 𝜋Skill’s performance gain comes not 582
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Methods VisualToolBench TIR-Bench MMSearch-Plus AgentVista Avg

Average@4 Pass@4 Average@4 Pass@4 Average@4 Pass@4 Average@4 Pass@4 Average@4 Pass@4

XSkill 9.11 21.03 28.12 58.50 4.62 11.00 7.80 15.60 12.41 26.53
XSkill+CSD 10.28+1.17 22.43+1.40 25.38-2.74 51.50-7.00 5.00+0.38 11.50+0.50 7.80+0.00 16.51+0.91 12.12-0.29 25.49-1.04

XSkill+CMU 10.63+1.52 24.77+3.74 25.75-2.37 51.50-7.00 3.87-0.75 10.00-1.00 8.72+0.92 19.27+3.67 12.24-0.17 26.39-0.14

𝜋Skill 11.33+2.22 25.23+4.20 29.13+1.01 60.00+1.50 6.00+1.38 13.50+2.50 9.63+1.83 20.18+4.58 14.02+1.61 29.73+3.20

Table 2: Ablation study results on Qwen2.5-VL-7B. CSD: Circular Step-level Knowledge Distillation, which
extracts fine-grained knowledge from successful and failed step transitions within a single trajectory. CMU:
Confidence-aware Lifecycle Memory Updating, which dynamically updates experience confidence, usage statistics,
lifecycle status, and version history according to online feedback. Average@4 measures the average success rate
over four independent rollouts, while Pass@4 measures whether at least one rollout succeeds. Superscript values
indicate the absolute performance difference compared with XSkill. The results show that using either CSD or
CMU alone brings partial and unstable improvements, whereas 𝜋Skill achieves the best performance across all
benchmarks.

from a single isolated component, but from the583

closed-loop integration of fine-grained knowledge584

generation and confidence-aware online memory585

evolution.586

5 Conclusion587

In this work, we propose 𝜋Skill, a continual learn-588

ing framework for multimodal agents that extends589

XSkill with fine-grained knowledge extraction and590

confidence-aware memory evolution. Specifically,591

Circular Step-level Knowledge Distillation (CSD)592

extracts high-density experiences from successful593

and failed step transitions within individual trajec-594

tories, while Confidence-aware Lifecycle Memory595

Updating (CMU) dynamically updates experience596

confidence, status, and version history according597

to online feedback.598

Experiments on multiple multimodal agent bench-599

marks show that 𝜋Skill consistently outperforms600

XSkill across different backbone models in both601

Average@4 and Pass@4. Ablation results further602

verify that CSD improves the granularity of experi-603

ence generation, while CMU enhances the reliabil-604

ity of the memory bank by reinforcing useful expe-605

riences and suppressing noisy ones. Overall, 𝜋Skill606

provides a more adaptive and reliable training-free607

mechanism for continual improvement in multi-608

modal agents. Future work will explore its applica-609

tion to longer-horizon interactive tasks and broader610

cross-model knowledge transfer.611

Limitations612

As an early implementation of an experience- and613

skill-driven multimodal agent framework, XSkill614

has limitations regarding reproducibility and de-615

ployment generality. First, the current codebase616

relies on multiple external APIs, model endpoints, 617

and third-party tool services, which may introduce 618

instability caused by network latency, service avail- 619

ability, and backend-specific function-calling be- 620

haviors; thus, future work should provide stronger 621

configuration validation, more standardized local 622

backends, and more deterministic execution sup- 623

port. Second, although the framework supports 624

several tools and benchmark-style inputs, we have 625

not yet fully optimized it for heterogeneous real- 626

world environments with different tool chains, data 627

formats, and resource constraints. Given its mod- 628

ular design and training-free memory mechanism, 629

our codebase remains a promising foundation for 630

scalable multimodal agents, a potential we plan to 631

further validate through broader deployment and 632

more comprehensive engineering tests. 633
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