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Abstract001

Agent skills are commonly distributed as002
SKILL.md files: human-readable procedural003
documents that describe workflows, tools, re-004
sources, and domain conventions. While con-005
venient for inspection and reuse, this design re-006
quires the same reusable procedure to be repeat-007
edly injected into the runtime context. We pro-008
pose Skill-to-LoRA (S2L), a behavior-centric009
skill representation that replaces runtime skill010
text with skill-specific LoRA adapters. Rather011
than compressing the skill document itself, S2L012
models the behavioral change induced by the013
skill text: offline, the complete SKILL.md is014
used to synthesize skill-guided demonstrations;015
online, the full document is omitted and the016
corresponding LoRA adapter is dynamically017
loaded to activate the learned skill behavior. We018
evaluate S2L with Qwen3.6-27B on a 21-skill019
subset of SWE-Skills-Bench. Compared with020
the no-skill and Full Skill Text baselines, S2L021
improves pass rate by 2.9 and 5.2 percentage022
points, respectively, while reducing per-step023
token cost by 6.6% relative to Full Skill Text024
prompting. S2L matches or improves Full Skill025
Text on 18/21 skills and the no-skill baseline on026
15/21 skills. Control experiments further show027
that the gains depend on skill-specific adapter028
alignment: Wrong-LoRA and Shared-LoRA029
both reduce performance. These results sug-030
gest that many procedural agent skills can be031
converted from runtime instructions into train-032
able, dynamically loadable behavioral modules.033
Code will be released upon acceptance.034

1 Introduction035

Recent agent systems increasingly package036

reusable procedural knowledge as skill libraries,037

where each skill combines natural-language guid-038

ance with optional scripts, resources, and domain039

conventions. In software-engineering agents, a skill040

is more than a hint to the language model. It can041

shape which files the agent inspects, how it edits042

a repository, which commands it runs, and when a043

verifier-facing artifact is complete (Li et al., 2026; 044

Han et al., 2026). 045

The usual deployment mechanism keeps the skill 046

body in the prompt. When a task selects skill s, 047

the agent receives the full SKILL.md document ds 048

in context, together with the repository state and 049

tool interface. This choice is convenient and au- 050

ditable, yet every inference step must reread the 051

same reusable procedure. The cost extends beyond 052

tokens. A long skill document can compete with 053

local repository evidence, introduce mismatched 054

templates, or widen the action space. SWE-Skills- 055

Bench reports that even curated skill prompting is 056

often neutral or harmful (Han et al., 2026). Ex- 057

isting compression, retrieval, or caching strategies 058

can reduce redundant context, but they still leave 059

the core skill procedure as runtime text. 060

To address this problem, we propose S2L (Skill- 061

to-LoRA), a behavior-centric skill representation 062

method. Rather than directly compressing or sum- 063

marizing skill text, S2L focuses on how the com- 064

plete SKILL.md changes the model’s response be- 065

havior on the same task after being injected into 066

the prompt. We treat this skill-induced behavioral 067

change as a learnable functional bias and model it 068

using lightweight LoRA parameters. During the 069

offline stage, the system first uses the complete 070

skill document to generate skill-guided behavioral 071

demonstrations, and then distills these behavioral 072

patterns into LoRA parameters through LoRA train- 073

ing. During online inference, the agent keeps only 074

lightweight skill metadata, while the full proce- 075

dural text is removed from the runtime prompt. 076

Instead, the corresponding LoRA adapter is dy- 077

namically loaded to activate the associated skill 078

behavior. In this way, skill invocation shifts from 079

repeatedly injecting textual instructions into the 080

prompt to activating parameterized behavioral rep- 081

resentations. On SWE-Skills-Bench, S2L improves 082

the pass rate by 5.2 percentage points over the Full 083

Skill Text baseline while reducing per-step token 084
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consumption by 6.6%. These results suggest that085

parameterized skill representations can not only086

reduce context overhead, but may also mitigate in-087

terference caused by long skill documents during088

model inference.089

The contributions of this paper are:090

• We introduce S2L, a behavior-centric Skill-091

to-LoRA approach that represents a skill by092

the behavioral change it induces in the model,093

rather than by its natural-language text alone.094

• We propose a skill-based self-distillation095

pipeline that automatically generates096

skill-guided behavioral demonstrations097

from SKILL.md without large-scale human098

annotation.099

• We convert each skill into a lightweight skill-100

specific LoRA adapter, shifting runtime skill101

invocation from repeated prompt injection to102

dynamic adapter activation.103

• We evaluate S2L on SWE-Skills-Bench and104

show that it improves pass rate over Full Skill105

Text prompting while reducing per-step token106

consumption.107

2 Background and Related Work108

Agent systems and skill definitions. We follow109

the file-based notion of skills used by Anthropic110

and by SWE-Skills-Bench. A skill is a directory111

centered on a required SKILL.md file with YAML112

metadata and procedural instructions, plus optional113

scripts, templates, and reference resources that can114

be loaded when relevant (Anthropic, 2026; Han115

et al., 2026). In software-engineering tasks, this116

package view is operational: a selected skill can117

affect where an agent searches, how it edits a repos-118

itory, which commands it runs, and how it validates119

a patch. SWE-agent further shows that the agent-120

computer interface can shape repository navigation,121

editing, and testing behavior (Yang et al., 2024).122

We study this file-based skill interface while replac-123

ing only the repeated natural-language body of the124

selected SKILL.md.125

Skill benchmarks. SkillsBench and SWE-Skills-126

Bench evaluate whether procedural skill injec-127

tion improves executable agent tasks (Li et al.,128

2026; Han et al., 2026). SkillsBench spans mul-129

tiple domains and studies how curated skills,130

self-generated skills, and skill granularity affect131

task success. SWE-Skills-Bench is more directly 132

aligned with our setting: it evaluates software- 133

engineering tasks paired with curated skill doc- 134

uments under controlled with-skill and no-skill 135

conditions, building on the repository-level task 136

setting introduced by SWE-bench (Jimenez et al., 137

2024). The single-skill assignment in SWE-Skills- 138

Bench is central to our design, because one se- 139

lected SKILL.md body can be replaced by one skill- 140

specific LoRA module without introducing multi- 141

skill composition. SWE-Skills-Bench also moti- 142

vates the replacement question directly: it reports 143

limited average gains, many skills with no improve- 144

ment, and substantial token overhead for full skill- 145

text prompting. 146

Experience-derived textual skills and skill mem- 147

ories. Agents can also acquire reusable pro- 148

cedural knowledge from interaction experience. 149

Trace2Skill distills execution experience into trans- 150

ferable declarative skill directories, and SkillNet 151

studies infrastructure for creating, evaluating, and 152

connecting skills (Ni et al., 2026; Liang et al., 153

2026). Skill set optimization extracts high-reward 154

subtrajectories into subgoal-level in-context in- 155

structions, while SkillRL and Skill1 train agents 156

to evolve skill use and skill memories under rein- 157

forcement learning (Nottingham et al., 2024; Xia 158

et al., 2026; Shi et al., 2026). SkillLearnBench 159

further evaluates continual skill generation and 160

acquisition from agent experience (Zhong et al., 161

2026). These works are related because they study 162

reusable procedural knowledge, but their skill ob- 163

jects are experience-derived textual instructions, 164

memories, or skill banks rather than the curated 165

file-based SWE-Skills SKILL.md bodies that S2L 166

replaces. Instead of learning from benchmark roll- 167

outs or verifier signals, S2L uses the original skill 168

markdown to synthesize workflow demonstrations 169

for LoRA training. 170

Parameter-side context and skill internalization. 171

LoRA and QLoRA make skill-level adaptation 172

practical by training small low-rank updates on 173

top of a frozen backbone (Hu et al., 2022; Dettmers 174

et al., 2023). A growing body of work studies how 175

recurring prompts, task descriptions, documents, or 176

long contexts can be moved from runtime text into 177

model parameters. PromptIntern internalizes recur- 178

ring prompts during fine-tuning; Text-to-LoRA and 179

Doc-to-LoRA map task descriptions or documents 180

to LoRA parameters; and deep context distillation 181

trains reusable parameter-side knowledge modules 182
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Figure 1: Text skill and LoRA skill representations. Text skills keep the prompt, metadata, and full skill body in
every agent step. LoRA skills use the skill body and demonstrations offline, then keep only prompt/metadata at
runtime while loading LoRA weights onto the model.

for long contexts (Zou et al., 2024; Charakorn et al.,183

2025, 2026; Caccia et al., 2025). SKILL0 is closest184

in motivation: it uses an agentic reinforcement-185

learning curriculum that gradually withdraws skill186

context and trains the agent from environment feed-187

back (Lu et al., 2026). S2L uses a supervised route188

instead. It trains skill-specific LoRA weights from189

skill-conditioned synthetic workflow demonstra-190

tions, and at inference time the benchmark-selected191

skill identity activates the matched weights while192

the full SKILL.md body is omitted.193

3 Skill-to-LoRA194

Skill-to-LoRA (S2L) converts natural-language195

skill instructions into dynamically loadable param-196

eterized representations, allowing the model to ac-197

quire skill-specific behavior without repeatedly in-198

jecting the full skill document during inference,199

thereby reducing runtime token overhead. Figure 1200

contrasts the traditional runtime text-skill paradigm201

(Figure 1A) with the proposed S2L pipeline, which202

consists of offline Skill-to-LoRA conversion and203

runtime LoRA-based skill activation (Figure 1B-204

C). In the conventional Full Skill Text setting,205

the complete SKILL.md is concatenated into the206

prompt for every model call, which increases con-207

text length and becomes increasingly expensive208

as skill documents and skill libraries grow. To209

address this problem, S2L transfers the procedu-210

ral behavior induced by each skill document into211

a lightweight LoRA module, enabling the model212

to reproduce the corresponding behavior without 213

directly accessing the full skill text. The overall 214

framework consists of two stages: offline train- 215

ing and online inference. During offline training, 216

we propose skill-based self-distillation. The sys- 217

tem first uses the complete SKILL.md to automati- 218

cally generate task-level inputs and target outputs, 219

allowing the base model to exhibit the behavior 220

induced by Full Skill Text prompting. The base 221

model is then frozen, and only the LoRA parame- 222

ters are trained to learn and store these procedural 223

behavioral biases. During online inference, the sys- 224

tem no longer injects the complete skill document 225

into the prompt. Instead, it dynamically loads the 226

corresponding LoRA adapter according to the tar- 227

get skill, enabling skill-conditioned task execution 228

with substantially shorter runtime context. 229

3.1 Problem Formulation 230

In LLM-based agent systems, a skill is typically 231

represented as a natural-language document that 232

specifies the workflow, tool-use patterns, configu- 233

ration conventions, and verification steps required 234

for a particular class of tasks. In this work, we de- 235

note the set of skills available to the agent as S = 236

{s1, s2, . . . , sN}, where each skill si is associated 237

with a SKILL.md document ti. The set of all skill 238

documents is denoted as T = {t1, t2, . . . , tN}. 239

Traditional Full Skill Text prompting directly 240

concatenates the complete skill document into the 241
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runtime prompt:242

y = M(x⊕ ti),243

where M denotes the base language model, x de-244

notes the task input, ⊕ denotes prompt concatena-245

tion, and y denotes the model output. This work246

studies how to preserve the procedural task-solving247

behavior induced by the skill document ti with-248

out explicitly accessing the complete skill text at249

runtime, while reducing context length and token250

overhead.251

3.2 Skill-Based Self-Distillation252

The goal of S2L is to convert the behavior induced253

by Full Skill Text prompting into a loadable pa-254

rameterized representation, allowing the model to255

reproduce the corresponding task-solving behavior256

without repeatedly reading the complete skill docu-257

ment at inference time. We formulate this process258

as a supervised learning problem and, inspired by259

knowledge and feature distillation methods (Hin-260

ton et al., 2015; Romero et al., 2015), propose skill-261

based self-distillation. In this framework, an LLM262

conditioned on the full skill document serves as263

the teacher model, while the frozen base model264

equipped with trainable LoRA parameters serves265

as the student model. The student learns to repro-266

duce the procedural behavioral patterns exhibited267

by the teacher using only the task input.268

3.2.1 Synthetic Data Generator269

Training data consists of two parts: an input and a270

label. The input is a task request that is expected271

to require a specific skill, while the label is the re-272

sponse generated by the model after reading both273

the task and the complete skill document. The en-274

tire data generation process is fully automatic and275

does not require manual annotation. To construct276

such data, we design two LLM-based data genera-277

tion agents, one for generating training inputs and278

the other for generating the corresponding labels.279

The first agent generates task inputs. Given the280

complete SKILL.md of a skill, it constructs a set of281

task requests that naturally require the target skill.282

The prompt template used by this agent is shown283

below:284

Training Input Generation Prompt

Generate {n} diverse example inputs that would naturally
trigger this skill.

Rules:
- Use only the skill document.
- Do not use benchmark task instructions.

285

- Do not include the full skill text in example_input.
- Make the examples realistic user/task requests for

applying this reusable skill.
- Vary repository context, failure modes, and desired

artifact style.

skill_id: {skill_id}

SKILL.md: {skill_text}

286

The second agent generates training labels. It 287

takes the task queries generated by the first agent 288

and the complete SKILL.md as input, and asks the 289

LLM to produce target responses according to the 290

workflow and requirements specified by the skill. 291

These responses serve as behavioral demonstra- 292

tions of how the skill should be applied in concrete 293

task scenarios. The prompt template used by this 294

agent is shown below: 295

Training Label Generation Prompt

Use the full skill document to respond to each example
input.

The student LoRA will later see only the short skill id
plus the example input, not the SKILL.md.

Your responses should demonstrate the concrete behavior
induced by the skill text: when to apply it, what
steps to take, what files/tools/tests to inspect, and
how to verify the result.

Keep each output concise enough for SFT: use Markdown steps
and short snippets only, under 700 words.

skill_id: {skill_id}

SKILL.md: {skill_text}

Example inputs: {example_inputs}

296

Finally, each training example consists of one 297

task input and its corresponding target output, 298

which are then used for subsequent LoRA train- 299

ing. 300

3.2.2 LoRA Behavioral Distillation 301

During training, we freeze the base model parame- 302

ters and update only the lightweight LoRA param- 303

eters. The model receives only the task input xi, 304

and the objective is to make its output approximate 305

the teacher-generated target output yi. This process 306

can be written as: 307

ŷi = (M +As)(xi), 308

where As denotes the LoRA adapter associated 309

with skill s, (M +As) denotes the student model 310

obtained by loading the adapter onto the frozen 311

base model M , and ŷi denotes the output generated 312

from the task input xi. 313

We optimize a standard causal language- 314

modeling objective on the assistant completion 315

tokens only. For each training pair (xi, yi), the 316
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prompt tokens from xi are masked out, and the loss317

is computed only over the target output yi:318

Ls = −
∑
i

|yi|∑
t=1

logP (yi,t | xi, yi,<t;M +As) .319

By minimizing this loss, the LoRA adapter grad-320

ually absorbs the behavioral bias induced by Full321

Skill Text prompting. After training, the procedural322

knowledge of the skill is no longer represented as323

long natural-language instructions in the runtime324

prompt, but is instead stored in the correspond-325

ing lightweight LoRA parameters. For all skills in326

the skill library, we train one independent LoRA327

adapter for each skill, resulting in an adapter library328

A = {As | s ∈ S},329

where each adapter stores the procedural behavior330

associated with its corresponding skill and can be331

dynamically loaded during runtime execution.332

3.3 Skill-Conditioned LoRA Activation333

At inference time, the system uses the skill id as-334

sociated with the current task to retrieve the cor-335

responding LoRA adapter As from the adapter li-336

brary A, and dynamically loads it onto the frozen337

base model M . The adapter As encodes the pro-338

cedural behavioral bias associated with skill s, in-339

cluding workflow patterns, tool-use preferences,340

file-inspection strategies, and verification behavior.341

Once activated, the adapter steers the base model342

toward the behavior induced by the corresponding343

skill, without requiring access to the full SKILL.md344

document. The runtime prompt therefore keeps345

only lightweight skill metadata for routing, while346

the procedural knowledge is supplied by the se-347

lected LoRA adapter. Since all skills share the same348

base model M , the system can switch between349

skills by dynamically loading different lightweight350

adapters, reducing runtime context length and to-351

ken cost.352

4 Experiments Setup353

Benchmark. We evaluate S2L on a fixed 21-skill354

subset from SWE-Skills-Bench, covering 210 tasks355

in total. The subset includes all 7 skills that show356

positive pass-rate gains under skill prompting, plus357

14 zero-delta skills selected by token-cost extremes:358

7 with the largest cost increases and 7 with the359

largest cost decreases. This design preserves the360

benchmark observation that correctness gains and361

token overhead are often decoupled.362

Compared Methods. We compare three main 363

conditions: Vanilla LLM, which uses no skill; Full 364

Skill Text, which injects the complete SKILL.md; 365

and S2L, which replaces the skill body with a 366

skill-specific LoRA adapter. All conditions share 367

the same task files, mounted resources, Open- 368

Code interface, verifier, context budget, and output 369

budget. We also include two controls: Wrong- 370

LoRA, which loads the least-similar skill adapter, 371

and Shared-LoRA, which trains one adapter over 372

pooled skill data. 373

Base Model and Runtime Environment. All ex- 374

periments use Qwen3.6-27B (Qwen Team, 2026) 375

as the frozen base model and are executed through 376

OpenCode with a vLLM OpenAI-compatible 377

server (Kwon et al., 2023). The runtime config- 378

uration uses a 32K OpenCode context budget, a 379

4K output budget, and a 36K server-side maximum 380

sequence length, with Qwen thinking mode dis- 381

abled. These settings are fixed across all compared 382

conditions. Each task is first executed under a 3600- 383

second wall-clock budget. Tasks that fail to pro- 384

duce a final verifier report within this limit are rerun 385

with a 7200-second budget. Remaining timeout or 386

missing-report cases are counted as failures in the 387

final evaluation tables. 388

Training Configuration. All LoRA modules are 389

trained with QLoRA. Each synthesized example is 390

formatted as a Qwen chat-style training instance, 391

where the generated task input serves as the user 392

message and the generated target output serves 393

as the assistant response. During training, loss 394

is computed only on the assistant completion to- 395

kens. For each skill, we train an independent 396

LoRA adapter with rank r = 16, α = 32, dropout 397

0, and target modules q_proj and v_proj. We 398

use a maximum sequence length of 4096, learn- 399

ing rate 10−4, batch size 1, gradient accumulation 400

16, one training epoch, and paged AdamW 8-bit 401

optimization. Each trained adapter contains approx- 402

imately 6.03M trainable parameters, corresponding 403

to about 0.022% of the base model, and occupies 404

roughly 24MB of storage. 405

Runtime Serving. During inference, the frozen 406

base model is served through vLLM (Kwon et al., 407

2023) with dynamic LoRA loading enabled. For 408

each task, the selected skill id determines which 409

LoRA adapter is retrieved from the adapter li- 410

brary and activated during execution. Unlike Full 411

Skill Text prompting, S2L does not inject the 412
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# Skills Pass ↑ ρ (%) ↓ CNG ↑

V T S2L T S2L T S2L

1 risk-metrics-calculation 5/10 1/10 5/10 72.10 9.12 -0.55 0.00
2 gitlab-ci-patterns 5/10 6/10 7/10 12.53 41.09 0.80 0.49
3 prompt-engineering-patterns 3/10 3/10 3/10 28.38 40.31 0.00 0.00
4 similarity-search-patterns 0/10 0/10 0/10 32.09 0.28 0.00 0.00
5 distributed-tracing 2/10 2/10 4/10 -38.59 24.45 0.00 0.82
6 tdd-workflow 1/10 1/10 4/10 11.11 5.05 0.00 5.94
7 istio-traffic-management 6/10 8/10 7/10 -3.06 9.91 6.53 1.01
8 service-mesh-observability 0/10 0/10 0/10 47.26 24.60 0.00 0.00
9 python-background-jobs 7/10 5/10 5/10 -14.20 -18.08 -1.41 -1.11

10 turborepo 2/10 1/10 3/10 58.66 -12.72 -0.17 0.79
11 python-observability 7/10 3/10 3/10 18.51 1.78 -2.16 -22.51
12 fix 1/10 1/10 2/10 -21.16 -24.87 0.00 0.40
13 bash-defensive-patterns 5/10 3/10 4/10 12.95 -26.60 -1.54 -0.38
14 gitops-workflow 0/10 0/10 0/10 -3.50 -40.67 0.00 0.00
15 python-resilience 3/10 3/10 2/10 -14.67 -34.30 0.00 -0.29
16 bazel-build-optimization 1/10 0/10 0/10 -3.91 -24.76 -2.56 -0.40
17 v3-performance-optimization 0/10 0/10 0/10 -33.27 -45.91 0.00 0.00
18 changelog-automation 2/10 6/10 6/10 7.34 -1.32 5.45 30.19
19 implementing-agent-modes 2/10 3/10 3/10 88.53 21.91 0.11 0.46
20 python-anti-patterns 3/10 4/10 1/10 8.50 -49.41 1.18 -0.40
21 slo-implementation 4/10 4/10 6/10 15.66 -2.51 0.00 7.96

Aggregate 59/210 54/210 65/210 13.39 -4.89 -0.18 0.58

Table 1: Pass and token-cost comparison across 21 SWE-Skills-Bench skills. V denotes the Vanilla LLM baseline,
T denotes the Full Skill Text setting, and S2L denotes our method. Pass reports the number of solved tasks for each
skill. ρ reports the relative token-cost change compared with V, where lower values indicate lower token cost. CNG
denotes cost-normalized gain; positive values indicate pass-rate improvement relative to V, while negative values
indicate pass-rate degradation.

complete SKILL.md into the runtime prompt; only413

lightweight skill metadata is retained for routing,414

while procedural behavior is supplied through the415

activated LoRA adapter. Reported runtime token416

statistics include only inference-time token usage417

after offline synthesis and LoRA training have been418

completed.419

Metrics. We report pass rate and runtime token420

cost following SWE-Skills-Bench. Pass rate is a421

binary task-level metric based on the deterministic422

verifier, and token cost C measures the average423

per-step input and output tokens consumed during424

inference. We use relative token change ρ to indi-425

cate the percentage change in token cost relative to426

Vanilla LLM. To relate performance gain to token-427

cost change, we introduce Cost-Normalized Gain428

(CNG):429

CNG =
Pcond − Pbase

|ρ|/100
,430

where Pbase and Pcond are the pass rates of Vanilla431

LLM and the evaluated condition. Higher CNG432

indicates larger pass-rate improvement per unit of433

relative token-cost change.434

5 Results and Analysis 435

5.1 Main Results 436

Table 1 reports the overall evaluation results across 437

21 SWE-Skills-Bench skills. S2L achieves the 438

highest aggregate pass rate, solving 65/210 tasks, 439

compared with 59/210 for Vanilla LLM and 440

54/210 for Full Skill Text prompting. This result 441

suggests that procedural skill behavior can be ef- 442

fectively transferred from long natural-language 443

skill documents into lightweight LoRA adapters, 444

and that the resulting parameterized skill represen- 445

tation can match or exceed the original prompt- 446

based skill conditioning. S2L also demonstrates 447

substantially better runtime efficiency. Relative to 448

Vanilla LLM, Full Skill Text prompting increases 449

runtime token cost by 13.39%, whereas S2L re- 450

duces token cost by 4.89%. This trend is fur- 451

ther reflected in the aggregate CNG score: S2L 452

achieves a positive CNG of 0.58, while Full Skill 453

Text obtains −0.18. These results indicate that 454

S2L achieves larger pass-rate gains per unit of 455

token-cost change, yielding a more favorable trade- 456

off between task performance and runtime effi- 457

ciency. At the skill level, S2L shows particularly 458
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Figure 2: Per-skill per-step token cost distribution. S2L
achieves the lowest mean and median token cost per
execution step.

strong improvements on workflow-heavy skills459

such as tdd-workflow, distributed-tracing,460

and slo-implementation. In several cases, S2L461

improves task success rate while simultaneously462

reducing runtime token cost, suggesting that the463

learned adapters capture reusable procedural behav-464

ior rather than merely reproducing prompt context.465

Figure 2 further shows the distribution of per-skill466

per-step token cost across methods. Compared with467

Full Skill Text prompting, S2L shifts the overall468

token-cost distribution toward lower values while469

maintaining comparable skill-level variance. Full470

Skill Text has a higher median token cost and a471

more pronounced upper tail, reflecting the over-472

head introduced by repeatedly injecting long skill473

documents into the runtime context. In contrast,474

S2L achieves lower average token cost through pa-475

rameterized skill activation, without repeated text476

injection at inference time.477

5.2 Analysis478

Effect of Skill-Specific Adapters Figure 3479

compares S2L with a Shared-LoRA baseline480

trained on pooled demonstrations from multi-481

ple skills. Across all six control skills, S2L482

consistently outperforms the shared adapter set-483

ting. For example, gitlab-ci-patterns im-484

proves from 3/10 under Shared-LoRA to 7/10 un-485

der S2L, while distributed-tracing improves486

from 3/10 to 4/10. Similar trends appear487

for changelog-automation, tdd-workflow, and488

slo-implementation. These results suggest that489

the observed gains do not come from generic SWE490

adaptation or simply loading additional LoRA pa-491

rameters. Instead, procedural skill behavior ap-492

pears to be highly skill-specific. Skills such as CI493

configuration, tracing, changelog generation, and494

SLO implementation each require distinct work-495

Figure 3: Comparison between Shared-LoRA and skill-
specific S2L adapters on six representative skills.

flow structures, file-edit patterns, and verification 496

procedures that are difficult to compress into a sin- 497

gle shared adapter. Training independent adapters 498

therefore provides a more effective parameteriza- 499

tion of procedural behavior than learning a unified 500

representation across heterogeneous skills. 501

Robustness under Retrieval Mismatch Fig- 502

ure 4 evaluates robustness when the retrieved skill 503

does not match the target task. We compare re- 504

trieval of the correct skill, the most similar wrong 505

skill, and the least similar wrong skill. Under re- 506

trieval mismatch, Full Skill Text prompting rapidly 507

collapses toward the Vanilla LLM baseline, de- 508

creasing from 35.6% to 28.9% and eventually to 509

27.8%. In contrast, S2L maintains substantially 510

higher pass rates, decreasing from 46.7% to 36.7% 511

and remaining at 35.6% even under the least- 512

similar wrong-skill condition. This result suggests 513

that parameterized skill behavior is more robust to 514

imperfect skill routing than direct textual prompt- 515

ing. Full Skill Text prompting depends heavily 516

on exact prompt-task alignment; once the injected 517

skill text becomes mismatched, the additional con- 518

text provides little useful procedural guidance and 519

may even introduce irrelevant behavioral bias. In 520

contrast, LoRA-based skill activation appears to 521

encode higher-level procedural regularities that par- 522

tially transfer across related tasks, allowing S2L 523

to retain substantial capability even when the re- 524

trieved skill is incorrect. 525

5.2.1 Ablation Study 526

Table 2 ablates LoRA rank and synthetic data scale 527

on gitlab-ci-patterns. The results show that 528

procedural skill behavior can be effectively parame- 529

terized with compact adapters and does not require 530

excessive synthetic data. With 64 training rows, 531

increasing the LoRA rank from 8 to 16 slightly 532

improves the score from 93.2 to 93.5, while rank 533

32 brings no further gain, suggesting that a small 534
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Configuration Rows Rank Params Score

Small data 16 16 6.03M 88.2
Medium data 32 16 6.03M 86.7
Low-rank 64 8 3.02M 93.2
Selected 64 16 6.03M 93.5
High-rank 64 32 12.06M 93.5
Large data 128 16 6.03M 88.2

Table 2: Compact LoRA configuration sweep on
gitlab-ci-patterns. The selected 64-row, rank-16
setting matches the best score while using fewer param-
eters than the high-rank alternative.

Figure 4: Robustness under retrieval mismatch.
Most/Least denote the most-/least-similar wrong skills;
S2L remains well above Vanilla LLM while Full Skill
Text collapses toward the baseline.

adapter already captures most workflow and verifi-535

cation patterns. Increasing data scale also does not536

yield monotonic improvement: 16-row and 32-row537

settings underperform the selected 64-row configu-538

ration, and expanding to 128 rows reduces the score539

to 88.2. This suggests that the procedural behavior540

space of a skill may be limited; beyond a certain541

point, additional demonstrations are more likely542

to repeat existing workflows, artifact schemas, or543

verification patterns than introduce new behavioral544

structure, leading to behavioral distribution imbal-545

ance. Overall, the 64-row, rank-16 setting provides546

the best trade-off between parameter efficiency and547

performance, matching the best higher-rank score548

with only about 6.03M trainable parameters.549

6 Discussion550

The results of S2L suggest that skills do not nec-551

essarily need to remain as natural-language text552

inside the runtime prompt. Rather than repeatedly553

injecting the complete SKILL.md into context, S2L554

focuses on the behavioral change induced by the555

skill text and converts this change into a learnable556

parameterized representation. Our experiments557

show that, even after removing the full skill docu-558

ment, the model can still reproduce similar work-559

flows, tool-use patterns, and verification strategies560

through dynamic LoRA adapter activation alone. 561

This indicates that many procedural skills can be 562

interpreted as stable behavioral priors instead of 563

instructions that must be reread during inference. 564

The advantages of S2L are most visible in tasks 565

with stable workflows, explicit artifact schemas, 566

and clear verification patterns, where a compact ac- 567

tion prior can be effectively distilled from a small 568

number of demonstrations into lightweight LoRA 569

parameters. At the same time, existing human- 570

written skills also emerge as a practical source of 571

self-supervision. Skill documents already contain 572

sufficient workflow and verification structure to au- 573

tomatically synthesize behavioral demonstrations 574

without large-scale manual annotation. This sug- 575

gests that future skill libraries may evolve beyond 576

prompt libraries into trainable, loadable, and com- 577

posable repositories of parameterized behaviors. 578

S2L also changes the system-level management of 579

skills. In traditional text-based skill prompting, dis- 580

abling a skill is fundamentally a context-cleaning 581

problem; in S2L, the skill no longer persists in- 582

side the runtime prompt and is instead dynamically 583

activated as an adapter, making skill management 584

closer to adapter routing than context management. 585

As scalable multi-LoRA serving systems continue 586

to improve (Sheng et al., 2024; Chen et al., 2024), 587

parameterized skill representations may not only 588

reduce token overhead, but also provide a more 589

modular foundation for deploying and composing 590

large-scale agent skill ecosystems. 591

7 Conclusion 592

This paper presents S2L (Skill-to-LoRA), a 593

behavior-centric approach that converts skill- 594

induced model behavior into lightweight LoRA 595

adapters. Instead of repeatedly injecting complete 596

SKILL.md documents at inference time, S2L uses 597

skill-based self-distillation to synthesize behavioral 598

demonstrations and store the resulting workflows, 599

tool-use patterns, and verification strategies in pa- 600

rameters. Experiments on SWE-Skills-Bench show 601

that S2L improves pass rate while reducing per- 602

step token consumption compared with Full Skill 603

Text prompting. These results suggest that many 604

procedural skills can move beyond runtime text 605

prompts. 606

Limitations 607

S2L is most effective for procedural skills with 608

relatively stable workflows. In such tasks, skills 609

8



usually induce consistent artifact schemas, tool-use610

patterns, and verification structures, making them611

easier to compress into stable parameterized behav-612

ioral representations. In contrast, skills that rely613

heavily on concrete code examples, flexible syntax614

transfer, or open-ended reasoning may still ben-615

efit from runtime text, which can provide richer616

local context and example retrieval capabilities.617

Moreover, distilling skill behavior into LoRA pa-618

rameters is fundamentally a form of behavioral619

compression. The adapter learns the dominant620

behavioral effect induced by the skill rather than621

preserving every detail of the original skill docu-622

ment, so rare edge cases or highly specific con-623

figuration patterns may not be fully retained. Pa-624

rameterized skill representations also reduce direct625

interpretability: unlike human-readable skill text,626

behaviors stored in LoRA adapters are more dif-627

ficult to inspect and modify directly. Finally, the628

current setting assumes one skill per task and ac-629

tivates a single adapter during inference, whereas630

realistic agent workflows may require multiple in-631

teracting skills. Multi-skill composition, adapter632

routing, and behavioral conflict management there-633

fore remain open problems for parameterized skill634

systems.635
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