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Abstract001

Tool use enables AI agents to interact with002
external systems and accomplish real-world003
tasks beyond text generation. Large reasoning004
models (LRMs) excel at tool use but rely on005
test-time compute that dramatically increases006
inference latency and cost. Distilling LRM007
outputs to smaller models has emerged as008
an efficient alternative. However, most re-009
searchers and developers face resource con-010
straints with only API access and no training011
compute, precluding distillation. We introduce012
GEAR, a training-free framework that ex-013
tracts compositional rules from tool-use fail-014
ures through meta-reasoning and distills them015
into inference prompts to guide model reason-016
ing. We hypothesize that combining explicit017
rules with examples provides richer guidance018
than either alone. Across 78 API domains,019
GEAR achieves comparable performance to020
3-shot prompting, while GEAR with only 2021
examples outperforms 3-shot by 9.7% on the022
leading proprietary LRM (Claude-4.5-Sonnet),023
validating our complementarity hypothesis. Re-024
markably, GEAR enables Qwen3-30B to sur-025
pass the best Claude configuration by 15.7%026
while being 5× faster, demonstrating training-027
free democratization of tool-use capabilities.028
Code publicly released upon publication.029

1 Introduction030

Tool use has become essential for AI agents, en-031

abling interaction with external systems for real-032

world tasks. Large reasoning models (LRMs) ex-033

cel at in-distribution tool use but struggle with034

out-of-distribution (OOD) scenarios. Test-time035

compute techniques such as self-reflection (Yao036

et al., 2023b) and multi-path exploration (Yao et al.,037

2023a) address performance gaps but substantially038

increase latency and cost. Additionally, the pro-039

prietary (OpenAI, 2025; Anthropic, 2025; Google,040

2025) or resource-intensive open-source (Guo et al.,041

2025; Yang et al., 2025; Team et al., 2025) nature042

0 1 2 3 4 5
Latency (seconds) 

30

40

50

60

70

E2
E 

Pa
ss

@
1 

(%
) 

Zero-shot

2-shot
3-shot

GEAR

GEAR+2-shot

Zero-shot

2-shot

3-shot GEAR

GEAR+2-shot

+
97

.6
%

+
68

.2
%

5x faster & 15.7% better

59.69%

51.59%

Zero-shot baselines Claude-4.5-Sonnet
Qwen3-30B-A3B

Figure 1: GEAR performance on Claude-4.5-Sonnet
and Qwen3-30B. Qwen3-30B with GEAR+2-shot
achieves the highest E2E Pass@1, surpassing Claude’s
best by 15.7% while being 5× faster, demonstrating
training-free democratization of tool-use capabilities.

of LRMs makes fine-tuning infeasible. Distillation 043

approaches (Schick et al., 2023; Qin et al., 2024; 044

Patil et al., 2024; Chen et al., 2024; Ning et al., 045

2024) train smaller models on LRM outputs but 046

still require substantial training overhead, hinder- 047

ing democratization for resource-constrained prac- 048

titioners. This creates an urgent need for training- 049

free methods that improve performance without 050

expensive test-time compute. Specifically, we tar- 051

get two objectives: (1) reducing real-time errors 052

during tool execution, and (2) enabling generaliza- 053

tion to out-of-distribution tool-use scenarios. 054

Leveraging in-context learning (ICL), LRMs can 055

generalize to OOD tool-use scenarios in a training- 056

free manner. Few-shot prompting (Brown et al., 057

2020), the most common ICL method, employs 058

inductive learning through task-specific demonstra- 059

tions. However, this approach is limited by combi- 060

natorially large failure spaces and context window 061

constraints. Similarity-based retrieval (Zhang et al., 062
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2025) addresses coverage but introduces additional063

latency. We argue that tool-use failures exhibit064

recurring patterns revealing systematic reasoning065

gaps that can be captured more effectively through066

explicit rules. We hypothesize that combining ex-067

plicit rules with fewer examples provides richer068

guidance than either alone or larger few-shot setup.069

We introduce GEAR (Gather, Extract, Rule-070

Augmented Reasoning), a training-free framework071

that operationalizes this hypothesis through three072

stages: (1) gather baseline predictions capturing073

both successes and failures, (2) extract composi-074

tional rules through meta-reasoning over failure075

patterns, and (3) provide rule-augmented reasoning076

by distilling rules into inference prompts. Cen-077

tral to GEAR is the rule extraction prompt, opti-078

mized through iterative LRM self-critique against079

a model-derived rubric. Unlike existing automated080

prompt optimization (APO) methods (Zhou et al.,081

2023; Yang et al., 2024), this process does not082

require performance feedback and runs for only083

single-digit iterations. Additionally, this optimiza-084

tion is domain-agnostic, meaning it needs to be run085

only once to generate the rule extraction prompt086

that can be used across all domains to extract and087

distill rules. This distillation is iteration-free and088

doesn’t require performance feedback. This setup089

makes GEAR both time- and cost-efficient in ev-090

ery aspect from optimization to distillation, unlike091

the costly iterative optimization of APO methods.092

We evaluate GEAR across 78 API domains.093

GEAR alone achieves comparable performance094

to 3-shot prompting, while GEAR with only 2095

examples outperforms 3-shot by 9.7% on the best096

zero-shot proprietary LRM (Claude-4.5-Sonnet),097

validating our complementarity hypothesis. Re-098

markably, GEAR enables Qwen3-30B to surpass099

the best Claude configuration by 15.7% while being100

5× faster, achieving nearly 2× the performance of101

both Qwen3-30B zero-shot and Claude zero-shot102

baselines (as shown in Figure 1), demonstrating103

training-free democratization of advanced tool-use104

capabilities.105

2 Related Work106

GEAR occupies a unique position in the land-107

scape of tool-use improvement methods, com-108

bining training-free operation with cross-instance109

learning focused on failures.110

Training-based approaches such as Tool-111

Former (Schick et al., 2023), ToolLLM (Qin et al.,112

2024), Gorilla (Patil et al., 2024), and others (Li 113

et al., 2023; Chen et al., 2024; Ning et al., 2024) 114

fine-tune models or distill LRM capabilities into 115

smaller models. While effective, these methods 116

require model weights and training compute un- 117

available to most practitioners. GEAR operates 118

entirely through prompting with only API access. 119

Test-time reasoning methods including self- 120

reflection (Yao et al., 2023b), multi-path explo- 121

ration (Yao et al., 2023a), chain-of-thought (Wei 122

et al., 2022), and self-consistency (Wang et al., 123

2023) improve per-query performance but increase 124

latency. Per-instance reflection methods (Shinn 125

et al., 2023; Madaan et al., 2023; Bai et al., 2022) 126

generate trajectory-specific feedback requiring re- 127

play. In contrast, GEAR performs cross-instance 128

learning, extracting reusable rules from historical 129

failures that transfer across queries without replay. 130

To enhance ICL, existing work (Zheng et al., 131

2025; Stengel-Eskin et al., 2024; Wang et al., 2024; 132

Murty et al., 2024; Zhang et al., 2025; Qian et al., 133

2023; Shang et al., 2025) acquires reusable arti- 134

facts like code, skills, and APIs through explo- 135

ration. As these repositories grow, retrieval mecha- 136

nisms (Lewis et al., 2020; Zhang et al., 2025) be- 137

come necessary to select relevant components per 138

query, introducing additional latency. GEAR in- 139

stead extracts compact behavioral constraint rules 140

from failures that are statically included in prompts 141

without retrieval, complementing few-shot ICL 142

through error prevention than capability expansion. 143

APO methods (Zhou et al., 2023; Yang 144

et al., 2024; Fernando et al., 2024; Opsahl-Ong 145

et al., 2024) refine instructions and demonstra- 146

tions through expensive, time-consuming meta- 147

prompting, evolutionary search, or reflective evo- 148

lution, with GEPA (Agrawal et al., 2025) learn- 149

ing high-level rules from trajectories. However, 150

all require performance feedback from enormous 151

rollouts and embed learned knowledge into mono- 152

lithic prompts. GEAR differs fundamentally: it 153

extracts explicit, compositional rules without any 154

performance feedback during both meta-prompt op- 155

timization (single-digit iterations, run once across 156

all domains) and rule extraction (rollout-free), tar- 157

geting real-time error reduction and OOD gener- 158

alization through cross-instance failure analysis. 159

Additionally, GEAR outputs interpretable, modu- 160

lar rules that complement few-shot examples, en- 161

abling democratization for resource-constrained 162

practitioners with a training-free, cost-efficient ap- 163

proach. 164

2



3 Problem Formulation165

We formalize tool-augmented reasoning as a se-166

quential decision-making task where a language167

agent orchestrates external API calls to answer user168

queries.169

3.1 Tool-Use as a Markov Decision Process170

We model tool-use as an episodic Markov Decision171

Process (MDP), comprising state space S, action172

space A, transition function P , and reward function173

r. At each timestep t, the agent observes state st =174

(I,DAPI, q,Ht), comprising system instructions I,175

API documentation DAPI, user query q, and tra-176

jectory history Ht = ⟨(α0, o0), . . . , (αt−1, ot−1)⟩177

of previous action-observation pairs. The agent178

generates an action αt = (at, θt) consisting of an179

API identifier at and corresponding parameters θt,180

following a policy π : S → A that maps states to181

actions. This process continues until a termination182

action provides the final answer.183

While the deployment goal is producing correct184

final answers through full trajectory execution, this185

work focuses on per-step action prediction ac-186

curacy: given a state st with ground-truth action187

α∗
t , we seek policies that maximize P[π(st) = α∗

t ].188

This paradigm, inspired by step-wise preference189

learning (Chen et al., 2024), provides fine-grained190

assessment that better aligns with how LLMs rea-191

son over sequential decisions. See Appendix A for192

complete formalization.193

3.2 Rule-Augmented Formulation194

Contemporary approaches implement the policy π195

through in-context learning (ICL), employing in-196

ductive reasoning over demonstration examples to197

generalize to new queries. We hypothesize that198

combining inductive learning with deductive rea-199

soning over explicit constraints provides richer200

guidance than either alone. While few-shot learn-201

ing requires models to infer patterns from examples,202

explicit rules enable direct constraint application.203

We formalize baseline approaches in Appendix B.204

GEAR augments the state with ex-205

plicit domain-specific behavioral rules206

R = {r1, r2, . . . , r|R|}, yielding st =207

(I,DAPI,R, q,Ht). These rules remain static208

across all queries within the same domain. Each209

rule ri = (Directivei, Pedagogicali) comprises210

two components: the directive specifies when211

the rule applies and the required behavior212

(WHEN-THEN structure), while the pedagogical213

component illustrates correct and incorrect 214

behaviors along with test criteria for verification. 215

This structure enables deductive constraint 216

application through both explicit directives 217

and concrete behavioral guidance. GEAR is 218

complementary to few-shot learning: combining 219

rules with demonstration examples E yields 220

st = (I,DAPI,R, E , q,Ht), leveraging both 221

deductive and inductive reasoning as validated 222

empirically in Section 6. 223

3.3 Rule Extraction Problem 224

The rule extraction problem seeks a compact rule 225

set R∗ that maximizes per-step accuracy on a held- 226

out test set Dtest: R∗ = argmaxR Accuracy(πR | 227

Dtest) subject to three constraints: interpretability 228

(natural language rules), generalization (class-level 229

patterns rather than instance memorization), and 230

compactness (minimal rule count). This is a dis- 231

crete combinatorial optimization over natural lan- 232

guage rule sets, precluding gradient-based methods. 233

Section 4 describes our single-shot meta-reasoning 234

approach to this problem. 235

3.4 Meta-Prompt Creation Problem 236

The quality of extracted rules depends criti- 237

cally on the meta-prompt Pmeta used for rule 238

extraction. We formulate meta-prompt opti- 239

mization as finding an optimal meta-prompt 240

P∗
meta that maximizes rule effectiveness: P∗

meta = 241

argmaxP ER∼Extract(P,Danalysis)[Accuracy(πR | 242

Dtest)] where Danalysis contains baseline predictions 243

for failure analysis. Evaluating this objective 244

requires expensive rule extraction and inference for 245

each candidate prompt, making exhaustive search 246

intractable. Section 4.1 describes our efficient 247

LRM-based self-critique approach that optimizes 248

without external feedback. 249

4 GEAR Framework 250

GEAR operates through two stages as illustrated 251

in Figure 2: an offline meta-prompt creation stage 252

performed once, followed by a per-domain stage 253

that extracts and deploys rules for each API do- 254

main. 255

Offline Stage (Once). We create a domain- 256

agnostic meta-prompt P∗
meta through iterative self- 257

critique (Section 4.1). This meta-prompt guides 258

rule extraction and is reused across all domains 259

without modification. 260

Per-Domain Stage. For each API domain, 261

GEAR executes three phases using the fixed 262
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GEAR FRAMEWORK

B) Per Domain Stage                               (Repeated for each domain)

GATHER
Extract zero-shot baseline

EXAMPLE:
--- CONVERSATION HISTORY ---
User: Calculate BMR
Assistant: Thought: ...,Action: bmr,Action Input: {age:x,weight:y}
Function result: {error}
Assistant: Thought: ...,Action: bmr,Action Input: {age:x,weight:y}
Function result: {timeout}
Assistant:
--- CORRECT OUTPUT (what model SHOULD have done) ---
Thought: ...,Action: Finish,Action Input: {restart}
--- MODEL OUTPUT (what model ACTUALLY did) ---
Thought: ...,Action: Finish,Action Input: {}
--- EVALUATION ---
Action Pass: True, Parameter Pass: False, E2E Pass: False

EXAMPLES

EXTRACT
   Apply to

EXAMPLE:
--- RULE 1 ---
WHEN: Multiple failures 
THEN: call Finish with parameter {restart}
WRONG: Action Input: {}
CORRECT: Action Input: {restart}
TEST: Check for multiple errors or timeouts
--- RULE 2 ---
...
--- RULE 3 ---
...

RULES

RULE AUGMENTED REASONING
   

RESULTS:
Action Pass: 
Parameter Pass:
E2E Pass:

Augment state with
Evaluate on

A) Meta-Prompt Creation - Offline Stage (Once)

LRM Critique

Rubric     

LRM Self-Critique Refine

Not Max Grade

Human Validate
(optional refinement)

Max Grade or

 

Figure 2: GEAR framework overview. The offline stage creates a domain-agnostic meta-prompt P∗
meta through

iterative LRM self-critique with optional human validation. The per-domain stage executes three phases: Gather
(collect baseline predictions), Extract (synthesize rules via meta-reasoning), and Rule-Augmented Reasoning
(evaluate with rule-augmented state). The meta-prompt is created once and reused across all domains.

Algorithm 1 Meta-Prompt Creation
1: Input: Base meta-prompt Pmeta-base, iteration limit K
2: Output: Optimized meta-prompt P∗

meta
3: // Stage 1: Rubric Generation and Initial Critique
4: (C, {g(0)i })← LRM-Critique(Pmeta-base)

5: c0 ← (C, {g(0)i }); P0 ← Pmeta-base
6: // Stage 2: Iterative Refinement
7: for k = 1 to K do
8: Pk ← LRM-Refine(Pk−1, ck−1)

9: {g(k)i } ← LRM-SelfCritique(Pk, C)
10: ck ← (C, {g(k)i })
11: if MaxGrade({g(k)i }) then
12: break
13: end if
14: end for
15: // Human Validation (optional)
16: P∗

meta ← HumanValidate(PK )
17: return P∗

meta

meta-prompt P∗
meta: Gather, Extract, and Rule-263

Augmented Reasoning (Sections 4.2–4.4). Figure 2264

illustrates the complete pipeline.265

4.1 Meta-Prompt Creation266

Rule extraction quality depends critically on the267

meta-prompt design. Traditional prompt optimiza-268

tion approaches evaluate performance on train data,269

requiring expensive inference for each candidate.270

GEAR instead uses LRM-based self-critique for271

efficient refinement without external feedback.272

Algorithm 1 outlines our two-stage process. In 273

Stage 1, an LRM generates an evaluation rubric 274

C and critiques a base meta-prompt Pmeta-base. In 275

Stage 2, the LRM iteratively refines this prompt 276

using self-critique against the fixed rubric C until 277

reaching the maximum grade or iteration limit K. 278

This process operates without feedback from actual 279

rule extraction or train data performance, making 280

it highly efficient. 281

A human expert (here authors) performs final 282

validation, a sanity check, as an optional but 283

recommended step, verifying structural correct- 284

ness (input placeholders, output schema) since 285

LRMs can be overconfident in self-assessment. 286

This lightweight validation maintains the training- 287

free nature of GEAR while ensuring the result- 288

ing domain-agnostic meta-prompt P∗
meta is prop- 289

erly structured for reuse across all domains. The 290

Pmeta-base, P∗
meta, and self-critique prompts are pro- 291

vided in Appendix C. 292

4.2 Phase 1: Gather 293

We partition data into an extraction set Dextract for 294

rule extraction and a held-out test set Dtest for eval- 295

uation. We execute a zero-shot baseline policy 296

πzero on Dextract to generate the analysis dataset: 297

Danalysis = {(s(i)t , α
(i)
pred, α

(i)
∗ , e(i))}Ni=1 where α(i)

pred 298
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is the predicted action, α
(i)
∗ is the ground-truth299

action, and e(i) is a binary correctness indicator.300

Importantly, Danalysis includes both successful and301

failed predictions, enabling contrastive analysis and302

preventing regression (as discussed in Section 8) in303

the Extract phase.304

4.3 Phase 2: Extract305

The Extract phase applies the optimized meta-306

prompt P∗
meta to Danalysis in a single inference call307

to synthesize domain-specific rules through auto-308

mated meta-reasoning. The meta-prompt guides309

the LRM to: (1) categorize failures by type, (2)310

identify recurring patterns across multiple exam-311

ples (frequency threshold ≥ τ ), (3) determine312

root causes through comparative analysis of cor-313

rect versus incorrect predictions, and (4) synthe-314

size rules following the two-tuple structure ri =315

(Directivei, Pedagogicali) defined in Section 3.2.316

The extraction produces domain-specific rules317

R∗ = {r1, . . . , r|R∗|}, typically 5–15 rules per318

domain depending on failure pattern diversity. Crit-319

ically, the analysis process and rule structure re-320

quirements are specified within P∗
meta itself, demon-321

strating GEAR’s ability to leverage LRM meta-322

cognitive capabilities for end-to-end automated323

knowledge extraction. Example extracted rules324

and complete schema are provided in Appendix D.325

4.4 Phase 3: Rule-Augmented Reasoning326

The Rule-Augmented Reasoning phase deploys ex-327

tracted rules during inference on Dtest by augment-328

ing the agent’s state to st = (I,DAPI,R∗, q,Ht)329

as defined in Section 3.2. Rules guide both action330

selection and parameter population, requiring no331

additional computation beyond the standard for-332

ward pass. Since rules are modular, they can be333

combined with other techniques such as few-shot334

learning or deployed compositionally by activat-335

ing subsets based on priority assigned according to336

estimated error coverage during extraction.337

5 Experimental Setup338

5.1 Dataset339

We use the ToolPreference dataset (Chen et al.,340

2024), which augments ToolBench (Qin et al.,341

2024) trajectories with preference pairs for tool-use342

evaluation. This dataset is well-suited for our goals:343

it provides preference signals necessary for per-step344

evaluation, includes failed API calls with recovery345

steps reflecting real-world error conditions, and346

spans diverse API domains for out-of-distribution 347

evaluation—unlike the original ToolBench or Tou- 348

can (Xu et al., 2025) which lack explicit action- 349

level preferences. We apply LLM-as-judge filter- 350

ing to remove noisy preference pairs where neither 351

action represents an optimal next step (details in 352

Appendix E). After filtering, we retain 1,949 ex- 353

amples across 78 API domains, with 70:30 split 354

into Dextract (n=1,397) for rule extraction and Dtest 355

(n=552) for evaluation. Dataset statistics are pro- 356

vided in Appendix F. 357

5.2 Models and Configuration 358

We evaluate GEAR across both proprietary and 359

open-source models. Proprietary models: Claude- 360

4.5-Sonnet, GPT-5.1, and Gemini-2.5-Flash rep- 361

resent state-of-the-art commercial LLMs. Open- 362

source models: Qwen3-4B, Qwen3-30B and 363

Ministral3-14B represent efficient alternatives for 364

resource-constrained deployments. Proprietary 365

models are evaluated in two modes: standard mode 366

(temperature T=0 for greedy decoding) and think- 367

ing mode enabling test-time reasoning (temperature 368

T=1 as recommended by providers). Since think- 369

ing mode incurs substantial latency overhead and 370

we optimize for efficiency, open-source models are 371

evaluated in standard mode only. Model details are 372

provided in Appendix G. 373

Rule extraction (Section 4.3) uses Claude-4.5- 374

Sonnet with frequency threshold τ=3 (extracting 375

rules only for patterns appearing in ≥3 examples), 376

producing 6–12 rules per domain depending on 377

failure diversity. To compare which mode produces 378

higher-quality rules, we perform extraction using 379

both standard and thinking modes. To account for 380

minor non-determinism in LLM-based extraction 381

despite greedy decoding, we conduct three runs per 382

mode and select the best-performing rule set among 383

all six runs based on performance on Dextract. 384

5.3 Baselines 385

All prompts follow the ReAct output format (Yao 386

et al., 2023b), where models generate rea- 387

soning (Thought) before tool invocation (Ac- 388

tion). Models observe previous Thought-Action- 389

Observation tuples in the history Ht. We com- 390

pare GEAR against five baselines: (1) Zero-shot: 391

standard ReAct prompt without examples or rules, 392

(2) Zero-shot-CoT: adds an explicit step-by-step 393

reasoning instruction, and (3–5) 1/2/3-shot: one, 394

two, or three randomly sampled examples from 395

Dextract to measure scaling behavior of example- 396
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Pass@1 (%) Gain (%) Efficiency

Method Action Parameter E2E ∆E2E (%) Latency (s) ∆Lat. (%) In Tok. Out Tok.

Claude-4.5-Sonnet (Standard | Thinking)
Zero-shot 62.76 | 64.49 40.04 | 38.63 30.67 | 30.36 – | −1.0 5.40 | 7.57 – | −40.2 1,445 | 1,474 179 | 416
Zero-shot-CoT 62.52 | 64.52 38.14 | 38.23 28.70 | 30.58 −6.4 | −0.3 5.69 | 9.64 −5.4 | −78.5 1,459 | 1,488 246 | 504
1-shot 67.64 | 67.19 49.90 | 52.18 39.72 | 42.33 +29.5 |+38.0 4.05 | 7.01 +24.9 | −29.8 2,041 | 2,070 136 | 356
2-shot 71.07 | 70.80 54.93 | 56.36 45.35 | 48.13 +47.9 |+56.9 4.12 | 7.04 +23.7 | −30.4 2,665 | 2,693 122 | 359
3-shot 73.30 | 73.96 55.74 | 58.38 47.02 | 50.04 +53.3 |+63.2 4.43 | 7.29 +17.9 | −35.1 3,340 | 3,368 123 | 364
GEAR (ours) 73.14 | 73.15 53.20 | 54.03 46.29 | 46.89 +50.9 |+52.9 5.08 | 8.81 +5.9 | −63.2 3,131 | 3,184 179 | 503
Critical-GEAR (ours) 72.41 | 65.72 52.79 | 46.51 45.52 | 36.13 +48.4 |+17.8 4.18 | 8.35 +22.6 | −54.8 2,052 | 2,107 176 | 465
GEAR+2-shot (ours) 75.78 | 79.31 58.54 | 62.04 51.59 | 56.75 +68.2 |+85.0 3.94 | 7.74 +27.0 | −43.4 4,336 | 4,924 145 | 489
2-shot+GEAR (ours) 74.94 | 72.04 58.38 | 57.21 50.46 | 47.95 +64.5 |+56.3 3.91 | 8.40 +27.6 | −55.6 4,320 | 4,397 147 | 472
DirectiveOnly-GEAR 68.90 | 67.92 49.62 | 48.19 41.67 | 39.63 +35.9 |+29.2 4.72 | 8.61 +12.5 | −59.4 2,331 | 2,378 201 | 523
PedagogyOnly-GEAR 69.80 | 66.26 48.61 | 50.43 40.66 | 39.97 +32.6 |+30.3 3.82 | 7.84 +29.2 | −45.3 2,279 | 2,315 170 | 483

Qwen3-30B-A3B (Standard only)
Zero-shot 57.53 42.72 30.20 −1.5† 0.63 +88.4† 1,299 83
2-shot 66.43 54.05 43.11 +40.6† 0.69 +87.2† 2,366 89
3-shot 70.97 58.00 47.78 +55.8† 0.69 +87.3† 2,961 90
GEAR (ours) 72.81 56.25 47.74 +55.7† 0.85 +84.2† 2,850 114
GEAR+2-shot (ours) 82.25⋆ 65.24⋆ 59.69⋆ +94.6⋆† 0.78 +85.6† 4,446 101

Table 1: GEAR results on Dtest. E2E Pass@1 (%) is the primary metric. For Claude-4.5-Sonnet, values shown as
Standard | Thinking. ∆E2E = relative improvement over Zero-shot; ∆Lat. = speedup (positive = faster). Best results
per model per mode in bold; ⋆overall best across all configurations. †Relative to Claude-4.5-Sonnet Zero-shot
(Standard). Row colors: GEAR variants; ablation studies. Full results in Appendix I.

based learning.1 We exclude sampling-based and397

reflection methods as they significantly increase398

latency, and APO methods as they require perfor-399

mance feedback and iterative optimization incom-400

patible with our efficiency-focused, feedback-free401

setup. All prompts are provided in Appendix H.402

5.4 GEAR Variants403

Beyond core GEAR, we evaluate two variants404

testing deployment flexibility:405

Complementarity. Rules enable deductive con-406

straint application while examples enable inductive407

pattern inference. We hypothesize that these dis-408

tinct reasoning mechanisms offer complementary409

benefits. Some failures may be better addressed410

by explicit constraints, others by pattern demon-411

stration, and for shared failures, both mechanisms412

may reinforce each other. To test this, we eval-413

uate GEAR+2-shot, which combines extracted414

rules with few-shot examples in the prompt. If415

rules and examples address distinct failure modes,416

their combination should yield improvements be-417

yond either approach alone. Additionally, we test418

whether ordering affects performance by compar-419

ing GEAR+2-shot (rules followed by examples)420

against 2-shot+GEAR (examples followed by421

rules). We hypothesize that placing rules first es-422

tablishes explicit constraints that frame the action423

1We limit to 3-shot as 55% of domains contain only 6 test
examples, and higher counts risk demonstration-test overlap.

space, allowing subsequent examples to demon- 424

strate how to satisfy those constraints, a “constrain- 425

then-demonstrate” ordering. 426

Compositionality. For efficiency-sensitive appli- 427

cations, rules can be deployed compositionally by 428

activating subsets based on priority. During ex- 429

traction, rules are categorized into priority buckets 430

(critical, high, medium, low) based on estimated er- 431

ror coverage. We evaluate Critical-GEAR, which 432

deploys only critical-priority rules, as one instantia- 433

tion of this approach. Other threshold choices (e.g., 434

all except low-priority) may yield different trade- 435

offs. We hypothesize that Critical-GEAR will 436

reduce latency while retaining most of GEAR’s 437

effectiveness, as high-priority rules capture the ma- 438

jority of the error distribution. 439

5.5 Evaluation Metrics 440

We measure correctness using three Pass@1 met- 441

rics: Action (correct API), Parameter (exact 442

match of all parameter names and values, order- 443

independent), and E2E (complete action correct- 444

ness, our primary metric). Efficiency is measured 445

via latency (seconds from input to final token). We 446

report single run mean across 78 domains in Dtest. 447

6 Results 448

We evaluate GEAR on Dtest, comparing against 449

baselines on both effectiveness (Pass@1) and effi- 450

ciency (latency). Table 1 presents our results with 451
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E2E as the primary metric, crucial for real-world452

AI-agent deployment where partial correctness still453

constitutes failure. Due to space constraints, we454

focus on Claude-4.5-Sonnet and Qwen3-30B for455

standard mode. Additional model results showing456

similar trends are provided in Appendix I.457

Supporting our complementarity hypothesis,458

GEAR combined with few-shot examples459

achieves the best performance across both mod-460

els, confirming that deductive guidance (rules)461

and inductive learning (examples) provide comple-462

mentary benefits, whether by addressing different463

failures or reinforcing each other on shared ones.464

On Claude, GEAR+2-shot achieves 51.59% E2E465

(68.2% over zero-shot), yielding 11.4% relative466

improvement over GEAR alone and 13.8% over467

2-shot alone.468

On Qwen, the complementarity is even stronger:469

GEAR+2-shot achieves 59.69% E2E, the high-470

est performance across all models and configu-471

rations tested, outperforming 3-shot by 24.92%472

and surpassing the best proprietary result (Claude473

GEAR+2-shot) by 15.7% while being 5× faster474

(0.78s vs 3.94s). While latency gains primar-475

ily reflect model size (30B vs presumably much476

larger), the performance advantage demonstrates477

that GEAR’s explicit guidance effectively am-478

plifies smaller models’ instruction-following capa-479

bilities, enabling open-source models to surpass480

proprietary alternatives. Ordering also matters:481

GEAR+2-shot outperforms 2-shot+GEAR by482

2.24% on Claude (51.59% vs 50.46%), support-483

ing our “constrain-then-demonstrate” hypothesis,484

where rules frame the problem space and examples485

demonstrate solutions within it.486

GEAR alone achieves 50.92% relative im-487

provement over zero-shot on Claude (46.29%488

vs 30.67%) and 58.1% on Qwen (47.74% vs489

30.20%). Gains are concentrated in Parameter490

Pass@1 (32.9% on Claude, 31.7% on Qwen) com-491

pared to Action Pass@1, suggesting explicit rules492

are particularly effective at addressing parameter493

formatting errors. While 3-shot slightly outper-494

forms GEAR on Claude (47.02% vs 46.29%),495

they are effectively tied on Qwen (47.78% vs496

47.74%), indicating smaller models benefit as much497

from rules as from additional examples.498

Few-shot scaling exhibits diminishing returns:499

on Claude, the third example adds only 1.67pp com-500

pared to 5.63pp for the second, while increasing501

latency by 7.5% (4.12s to 4.43s). GEAR offers502

efficient alternatives at multiple operating points:503

Critical-GEAR matches 2-shot performance with 504

23% fewer tokens, while GEAR+2-shot outper- 505

forms 3-shot on both models (4.57pp on Claude, 506

11.91pp on Qwen) with lower latency, confirming 507

that augmenting with rules is more effective than 508

scaling with examples. Interestingly, GEAR+2- 509

shot achieves lower latency than GEAR alone de- 510

spite higher input tokens on both Claude (3.94s vs 511

5.08s) and Qwen (0.78s vs 0.86s). We hypothesize 512

this reflects increased generation confidence from 513

combined guidance, as evidenced by the aforemen- 514

tioned accuracy gains alongside fewer output to- 515

kens (145 vs 180 on Claude, 101 vs 114 on Qwen). 516

7 Analysis 517

We conduct additional analyses to understand when 518

and why GEAR works, examining the impact of 519

thinking mode across extraction and evaluation, 520

and how performance varies with task complexity. 521

7.1 Standard vs Thinking Mode 522

During the Extract phase (Section 4.3), thinking- 523

extracted rules consistently outperform standard- 524

extracted across all models, achieving 41.64% av- 525

erage E2E versus 36.99% for standard extraction 526

and winning in 63.8% of domain-model combi- 527

nations (444/696). This advantage persists even 528

when rules are evaluated in standard mode, sug- 529

gesting extended reasoning enables more thorough 530

failure analysis. Interestingly, quantitative analysis 531

reveals that thinking- and standard-extracted rules 532

are similar in count (9.1 vs 9.3 average) and length 533

(749 vs 735 average characters), indicating the per- 534

formance gap stems from rule quality rather than 535

quantity. Additionally, extractor model capability 536

matters: using Qwen3-30B for extraction yields 537

41.23% E2E compared to 47.74% with Claude 538

extraction (both evaluated on Qwen3-30B), con- 539

firming that more capable models produce higher- 540

quality rules even when smaller models are used 541

for inference. Investigating what constitutes higher- 542

quality rules is beyond the scope of this work and 543

remains an avenue for future research. Complete 544

extraction mode analysis is provided in Appendix J. 545

For evaluation, thinking mode shows model- 546

dependent results. On GPT-5.1, thinking sub- 547

stantially improves zero-shot (35.68% vs 27.24%, 548

31.0% relative) but incurs 7.2× latency overhead 549

(18.47s vs 2.56s). On Gemini-2.5-Flash, gains are 550

modest across all methods, with few-shot benefit- 551

ing more (3-shot: 5.8% relative) than zero-shot 552
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Statement-style (Pmeta-base) – No improvement
When an API call fails (timeout, 500 error, service un-
available), try alternative endpoints or different parameter
values before giving up. If multiple functions fail consis-
tently, proceed to Finish with an explanation.

Structured (P∗
meta) – Consistent gains

WHEN API response contains ‘status_code=503’ or ‘time-
out’
THEN Try one alternative function if available; if alterna-
tive also fails, call Finish. Don’t retry same function.
Wrong: Retried same function after 503.
Correct: Tried alternative once, then called Finish.

Table 2: Rule format comparison.

(2.0%) or GEAR (4.7%). On Claude, thinking553

improves few-shot methods (2-shot: 6.1% rela-554

tive) but shows no gains for zero-shot. Across all555

models, GEAR’s gains from thinking are modest556

compared to few-shot methods, suggesting that ex-557

plicit rule guidance already provides much of the558

benefit that extended reasoning offers. Combined559

with substantial latency overhead, standard-mode560

GEAR remains the optimal choice for latency-561

sensitive deployments (full results in Appendix I).562

7.2 Complexity Analysis563

We analyze how performance varies with task com-564

plexity on Claude-4.5-Sonnet, operationalized as565

the number of previous API calls (hops) in the tra-566

jectory history. As expected, all methods exhibit567

performance degradation with increasing complex-568

ity, with E2E Pass@1 declining from 39-71% at569

hop 0 to 12-38% at hop 5, while latency and cost in-570

crease approximately linearly due to longer context.571

The relative ordering of methods remains consis-572

tent across complexity levels, with GEAR+2-shot573

achieving the best tradeoff between performance,574

latency, and cost throughout.575

We also examine action space complexity, mea-576

sured by the number of available APIs per domain577

(ranging from 3 to 11). Unlike trajectory complex-578

ity, performance does not exhibit a clear degrada-579

tion pattern with increasing action space size |A|,580

suggesting that API documentation provides suffi-581

cient guidance for action selection regardless of the582

number of alternatives. GEAR+2-shot maintains583

consistently strong performance across |A| while584

achieving competitive latency. Complete analysis585

with visualizations is provided in Appendix K.586

8 Ablation Studies587

We validate GEAR’s design choices through three588

ablations on Claude-4.5-Sonnet (Standard mode).589

Rule Components. Each rule comprises a di- 590

rective and pedagogical component (Section 3.2). 591

DirectiveOnly-GEAR achieves 41.67% E2E 592

(35.9% relative over zero-shot), capturing 70.5% 593

of full GEAR’s improvement. PedagogyOnly- 594

GEAR achieves 40.35% E2E (31.6% relative), 595

capturing 62.1% of the improvement (see Ta- 596

ble 1). Neither component alone matches full 597

GEAR (46.29%), confirming their complemen- 598

tary roles: directives specify what to do and when, 599

while the pedagogical component clarifies how 600

through correct/incorrect behaviors. 601

Rule Format. In preliminary experiments, we 602

compared statement-style rules from Pmeta-base 603

against structured heuristics from P∗
meta with ex- 604

plicit WHEN-THEN conditions, concrete exam- 605

ples, and verification criteria (Table 2). Statement- 606

style rules yielded no improvement over zero-shot, 607

while structured rules produced consistent gains, 608

motivating our iterative meta-prompt refinement. 609

Contrastive Extraction. In preliminary experi- 610

ments, we tested extracting rules from failed pre- 611

dictions only versus both successes and failures. 612

Failure-only extraction caused 1–2% regression 613

below zero-shot, as rules became overly restric- 614

tive and prohibited valid behaviors. Including suc- 615

cessful predictions enables discriminative pattern 616

identification, preventing such overfitting. This 617

motivated including both outcomes in Danalysis. 618

9 Conclusion 619

We introduced GEAR, a training-free frame- 620

work that extracts compositional rules from tool- 621

use failures through meta-reasoning and distills 622

them into inference prompts. Evaluated across 623

78 API domains, GEAR matches 3-shot base- 624

lines, while GEAR combined with few-shot out- 625

performs them, achieving the highest results across 626

all models and configurations, validating our key 627

hypothesis that deductive guidance (rules) and in- 628

ductive learning (examples) provide complemen- 629

tary benefits. Most remarkably, Qwen3-30B with 630

GEAR+2-shot achieves the best overall perfor- 631

mance, surpassing all proprietary LRMs while be- 632

ing 5× faster, demonstrating that explicit guidance 633

can amplify smaller models’ capabilities beyond 634

larger proprietary alternatives. We present a princi- 635

pled approach to reduce real-time tool-use errors 636

and latency, democratizing advanced tool-use capa- 637

bilities for resource-constrained practitioners. 638
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10 Limitations639

GEAR’s design prioritizes resource efficiency,640

which involves deliberate trade-offs. It neither641

uses feedback from data to create the rule extrac-642

tion prompt nor to refine extracted rules. Unlike643

existing automatic prompt optimization methods644

that iterate with performance feedback, GEAR’s645

single-shot approach may miss opportunities for646

refinement. While this significantly reduces compu-647

tational overhead, incorporating lightweight feed-648

back mechanisms could improve rule quality and649

remains an avenue for future work.650

Our evaluation uses per-step action prediction651

rather than full trajectory execution. We take652

inspiration from the ToolPreference dataset de-653

sign (Chen et al., 2024), where step-wise prefer-654

ence pairs were deliberately chosen over path-wise655

alternatives for training. Chen et al. (2024) argue656

that step-wise supervision provides fine-grained657

process feedback that better matches how LLMs658

reason: inferring the next API call based on previ-659

ous execution responses. Path-wise supervision, in660

contrast, only differentiates correct from incorrect661

final responses, limiting generalization to unseen662

instructions. Extending this reasoning to evalua-663

tion, per-step assessment captures the quality of664

individual decisions that compound into trajectory665

success. Furthermore, each evaluation instance in-666

cludes complete trajectory history Ht across vary-667

ing hop lengths, capturing decision-making at dif-668

ferent trajectory depths. While per-step accuracy669

may not perfectly correlate with end-to-end suc-670

cess, our consistent improvements across 78 do-671

mains suggest robust findings.672

11 AI Assistants in Research or Writing673

We used Claude 4.5 Sonnet and Claude 4.5 Opus674

throughout this work for paired programming,675

proofreading and refining manuscript text, brain-676

storming ideas for figures and tables, and gener-677

ating visualization code. All AI-generated con-678

tent was reviewed, verified, and edited by the au-679

thors, who retain full responsibility for the final680

manuscript.681
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A Complete MDP Formalization900

A.1 State Space901

At each timestep t, the agent’s state st ∈ S is902

defined as:903

st = (I,DAPI, q,Ht) (1)904

System Instructions. The system instructions905

I specify the agent’s role, output format require-906

ments, and behavioral guidelines. This component907

is globally fixed across all queries and domains.908

API Documentation. The API documentation909

DAPI = {(ai, doci,Θi)}|A|
i=1 provides structured in-910

formation about available APIs, where ai is the API911

identifier, doci is a natural language description, 912

and Θi is the parameter space. This component is 913

fixed per domain. 914

User Query. The user query q ∈ Q is a natural 915

language input specifying the task to be accom- 916

plished. This component remains fixed throughout 917

an episode. 918

Trajectory History. The trajectory history 919

Ht = ⟨(α0, o0), . . . , (αt−1, ot−1)⟩ records all pre- 920

vious action-observation pairs, where αk denotes 921

the action at timestep k and ok denotes the corre- 922

sponding observation. At the initial timestep, the 923

history is empty: H0 = ⟨⟩. 924

A.2 Action Space 925

At each timestep, the agent generates an action 926

αt ∈ A, where αt = (at, θt) consists of an 927

API identifier at ∈ {a1, . . . , a|A|} and parameters 928

θt ∈ Θat . The parameter space Θi for each API 929

ai may contain discrete, continuous, or structured 930

parameters. 931

A.3 Objective Functions 932

Deployment Objective. The agent follows a pol- 933

icy π : S → A that maps states to actions. The 934

deployment objective is to maximize expected task 935

completion over the query distribution Q: 936

π∗ = argmax
π

Eq∼QEτ∼p(·|q,π)[r(τ)] (2) 937

where τ denotes a complete trajectory and r(τ) is 938

a binary reward based on task completion. 939

Evaluation Objective. We evaluate policies us- 940

ing per-step action accuracy on a dataset of optimal 941

trajectories D: 942

Accuracy(π) = E(s,α∗)∼D[⊮[π(s) = α∗]] (3) 943

Two actions are considered equal if both com- 944

ponents match: (a, θ) = (a′, θ′) ⇐⇒ (a = 945

a′) ∧ (θ = θ′). 946

B Baseline Policy Formulations 947

Contemporary Large Reasoning Model (LRM) 948

policies implement π through in-context learning, 949

varying in how they augment the agent’s state with 950

guidance information. 951

B.1 Policy Formulations 952

Zero-Shot Policy. The zero-shot policy operates 953

on the standard state representation: 954

st = (I,DAPI, q,Ht) (4) 955

11

https://arxiv.org/abs/2505.09388
https://openreview.net/forum?id=Bb4VGOWELI
https://dl.acm.org/doi/abs/10.5555/3666122.3666639
https://dl.acm.org/doi/abs/10.5555/3666122.3666639
https://dl.acm.org/doi/abs/10.5555/3666122.3666639
https://arxiv.org/abs/2210.03629
https://arxiv.org/abs/2210.03629
https://arxiv.org/abs/2210.03629
https://openreview.net/forum?id=n4V3MSqK77
https://openreview.net/forum?id=n4V3MSqK77
https://openreview.net/forum?id=n4V3MSqK77
https://arxiv.org/abs/2504.07079
https://arxiv.org/abs/2504.07079
https://arxiv.org/abs/2504.07079
https://openreview.net/forum?id=92gvk82DE-
https://openreview.net/forum?id=92gvk82DE-
https://openreview.net/forum?id=92gvk82DE-


relying entirely on the model’s pre-trained knowl-956

edge and reasoning capabilities.957

Few-Shot Policy. The few-shot policy augments958

the state with demonstration examples:959

st = (I,DAPI, E , q,Ht) (5)960

where the example set E = {(q(i),H(i))}ki=1 con-961

tains k query-trajectory pairs demonstrating suc-962

cessful interactions. This approach requires induc-963

tive reasoning to generalize patterns from specific964

examples.965

Chain-of-Thought Policy. Chain-of-Thought966

(CoT) augments the system instructions I with967

explicit reasoning directives, encouraging step-by-968

step problem decomposition at the cost of increased969

output tokens.970

Rule-Augmented Policy (GEAR).971

GEAR augments the state with explicit972

behavioral rules:973

st = (I,DAPI,R, q,Ht) (6)974

where the rule set R = {r1, . . . , r|R|}975

contains domain-specific constraints extracted976

through meta-reasoning. Each rule ri =977

(Directivei, Pedagogicali) comprises: (1) a direc-978

tive specifying the condition and required behavior979

(WHEN-THEN structure), and (2) a pedagogical980

component illustrating correct behavior, incorrect981

behavior, and test criteria for verification. Unlike982

few-shot learning which requires inductive pattern983

inference, both rule components enable deductive984

constraint application.985

Combined Policy (GEAR+Few-Shot).986

GEAR can be combined with few-shot examples:987

st = (I,DAPI,R, E , q,Ht) (7)988

This formulation leverages both deductive reason-989

ing (via rules R) and inductive reasoning (via exam-990

ples E), enabling complementary guidance mecha-991

nisms.992

C Meta-Prompt Materials993

This appendix provides the prompts used in994

GEAR’s meta-prompt creation stage (Sec-995

tion 4.1).996

C.1 Base Meta-Prompt997

The base meta-prompt Pmeta-base (Figure 3) serves998

as the starting point for iterative refinement. This999

initial version produces statement-style rules that1000

lack structured WHEN-THEN format.1001

C.2 Stage 1: Rubric Generation and Critique 1002

Prompt 1003

In Stage 1, an LRM generates an evaluation rubric 1004

C and critiques Pmeta-base against this rubric. The 1005

critique prompt (Figures 4, 5) instructs the LRM to 1006

create comprehensive evaluation criteria and per- 1007

form detailed analysis. 1008

C.3 Stage 2: Self-Critique Prompt 1009

In Stage 2, the same LRM iteratively refines the 1010

prompt using self-critique. At each iteration k, the 1011

LRM generates an improved prompt Pk based on 1012

previous critique ck−1, then evaluates Pk against 1013

the fixed rubric C. 1014

Refinement Prompt. The refinement prompt 1015

(Figures 6, 7) takes the previous prompt Pk−1 and 1016

critique ck−1 as input: 1017

Self-Critique Prompt. After generating Pk, the 1018

LRM evaluates it against rubric C. The self-critique 1019

prompt (Figures 8, 9) explicitly instructs the LRM 1020

to be "harsh" and avoid "grade inflation," as we 1021

observed LRMs tend toward overconfidence in self- 1022

assessment. The prompt requires specific evidence 1023

from the generated prompt for each criterion and a 1024

detailed explanation of any grade below A+. 1025

C.4 Optimized Meta-Prompt 1026

The optimized meta-prompt P∗
meta (Figure 10) is 1027

the final output after self-critique refinement and 1028

human validation. This prompt produces structured 1029

rules with explicit WHEN-THEN directives and 1030

pedagogical components. 1031

The meta-prompt comprises eight structured sec- 1032

tions that guide the LRM through: (1) role and 1033

task definition, (2) task context and baseline met- 1034

rics, (3) data structure explanation, (4) systematic 1035

analysis steps including failure categorization, pat- 1036

tern identification, and root cause analysis, (5) rule 1037

extraction with structured output format, (6) vali- 1038

dation criteria, (7) meta-analysis of coverage and 1039

expected improvement, and (8) final output format 1040

specification. 1041

C.4.1 Key Design Principles 1042

The meta-prompt incorporates several design prin- 1043

ciples that emerged from the self-critique process 1044

described in Section 4.1. While the complete 1045

prompt will be released upon publication for full 1046

reproducibility, we describe its key structural com- 1047

ponents and design rationale here. 1048

Structured Multi-Step Analysis Framework. 1049

The prompt enforces a systematic eight-step pro- 1050
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cess that prevents premature rule extraction. The1051

LRM must first complete comprehensive failure1052

analysis (Steps 1-4) before synthesizing rules1053

(Steps 5-6), followed by validation and meta-1054

analysis (Steps 7-8). Each step produces structured1055

output that serves as input to subsequent steps, en-1056

suring thorough coverage. For instance, Step 1 re-1057

quires frequency counts for each failure type (e.g.,1058

"Wrong function called: X examples"), which Step1059

4 then analyzes for root causes.1060

Explicit Categorization Schema. The prompt1061

defines three primary failure categories: action se-1062

lection errors, parameter population errors, and API1063

error handling failures, with multiple subcategories1064

under each. This taxonomy guides the LRM to sys-1065

tematically organize failures rather than analyzing1066

them in an ad-hoc manner. For example, parame-1067

ter errors are subdivided into format mismatches,1068

missing values, wrong data types, and documenta-1069

tion misinterpretation, each requiring different rule1070

types.1071

Frequency-Based Filtering. The prompt ex-1072

plicitly instructs the LRM to extract rules only1073

for patterns occurring in ≥ τ examples, prevent-1074

ing overfitting to rare edge cases. The LRM must1075

track occurrence counts during analysis and justify1076

each rule with its frequency. This threshold-based1077

approach balances coverage (addressing common1078

issues) with generalization (avoiding instance-1079

specific rules).1080

Contrastive Learning Guidance. Step 5 re-1081

quires analyzing successful predictions alongside1082

failures to identify what distinguishes correct from1083

incorrect behaviors. The prompt provides a struc-1084

tured template for this comparison answering what1085

failed, what successful examples did right and Ac-1086

tionable mitigation strategy. This contrastive analy-1087

sis prevents rules that would regress correct predic-1088

tions, addressing the issue identified in Section 8.1089

Generalization Through Examples. The1090

prompt includes just a couple of explicit good vs.1091

bad rule examples to guide abstraction. These ex-1092

amples demonstrate the desired level of abstrac-1093

tion—rules should capture structural patterns rather1094

than surface features.1095

Structured Output Schema. The prompt fully1096

specifies the JSON schema (detailed in Table 3)1097

for extracted rules, including all required fields and1098

their formats. This structured output ensures rules1099

are parseable, categorizable, and contain sufficient1100

information for validation and deployment deci-1101

sions.1102

Multi-Level Validation Framework. Step 7 1103

provides explicit validation criteria organized as 1104

yes/no checks: 1105

• Coverage: Does this rule prevent failures in 1106

≥ τ examples? 1107

• Regression: Could this rule break currently 1108

correct predictions? 1109

• Atomicity: Does this rule address exactly one 1110

failure pattern? 1111

• Implementability: Can this be added to a 1112

prompt as a clear instruction? 1113

• Testability: Is the test criterion measurable 1114

and unambiguous? 1115

• Generalizability: Does this apply across dif- 1116

ferent APIs, not just one? 1117

• Consistency: Does this conflict with other 1118

rules? 1119

The prompt requires the LRM to evaluate each 1120

extracted rule against all criteria and revise or re- 1121

move rules that fail any check. 1122

Meta-Analysis and Coverage Estimation. Step 1123

8 requires the LRM to estimate the expected im- 1124

provement from extracted rules by computing: (1) 1125

total failures in dataset, (2) failures addressed by 1126

rules (sum of estimated impacts), (3) coverage 1127

percentage, and (4) predicted performance gains. 1128

This meta-analysis serves as a self-consistency 1129

check—if coverage is low (<60%) or predicted im- 1130

provement is implausibly high (>50%), the LRM 1131

must identify gaps or reconsider rule quality. 1132

Domain-Agnostic Parameterization. 1133

The prompt uses placeholders for domain- 1134

specific information: {api_documentation}, 1135

{system_instruction}, {baseline_metrics}, 1136

and {examples}. All instructions and analysis 1137

frameworks are written generically to work across 1138

diverse API domains without modification. This 1139

design enables the single meta-prompt to be reused 1140

across all 78 evaluation domains. 1141

D Extract Phase Details 1142

This section provides details on the Extract phase 1143

(Section 4.3), including the complete JSON schema 1144

Table 3 for extracted rules, an extracted rule in 1145

JSON (Figure 11) and then serialized (Figure 12) 1146

format for usage in next phase, and representative 1147

examples from BMR/TMR (Table 4) and finance 1148

(Table 5) domains. 1149
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Field Type Required Description

rule_id integer Yes Unique identifier for the rule (1, 2, 3, ...)

name string Yes Short descriptive name (e.g., "HTML Error Detection")

priority string Yes Priority level: "High", "Medium", or "Low". Determines deployment
order.

category string Yes Failure category: "Action Selection", "Parameter Population", or "Error
Handling"

addresses string Yes Specific failure type and frequency (e.g., "Repeated failed API calls
(12 examples)")

condition string Yes WHEN clause: boolean predicate specifying when rule applies (e.g.,
"When API response starts with ’<!DOCTYPE’")

action string Yes THEN clause: prescribed behavior (e.g., "Recognize service unavail-
ability, try alternative once, then call Finish")

example_wrong string Yes Concrete example of incorrect behavior from data (e.g., "Retried
bmr_index 3 times after HTML error")

example_correct string Yes Concrete example of correct behavior (e.g., "After HTML error, tried
tmr_index once, then called Finish")

test_criterion string Yes Measurable verification method (e.g., "Check if model stops after
HTML error and tries alternative")

estimated_impact string Yes Expected improvement as percentage (e.g., "12% of action failures")

Table 3: Complete JSON schema for extracted rules. Each rule object must contain all required fields.

Rule ID Category Summary

1 Error Handling HTML Error Detection: When response contains HTML tags, recognize
as service unavailability. Do not retry same function. Try alternative once or
call Finish.

2 Parameter Population Boolean String Format: When parameter name suggests boolean (e.g.,
"inimperial"), check API docs for exact format. Use string "true"/"false", not
synonyms like "metric"/"imperial".

3 Action Selection Direct Calculation: When user provides all required parameters (age, weight,
height, sex), call calculation API directly. Do not call helper APIs to retrieve
values.

Table 4: Example rules extracted from BMR/TMR domain.

E Data Filtering1150

The original ToolPreference dataset contains ap-1151

proximately 33,000 single-turn examples con-1152

structed by tracing successful paths in depth-1153

first search decision trees. Specifically, we1154

use dpo_preferencepairs_train.json, which1155

contains user queries, action histories, and pre-1156

ferred/dispreferred next-action tuples. This con-1157

struction process resulted in preference pairs where1158

some “preferred” actions were suboptimal recovery1159

steps rather than truly optimal next actions.1160

To address this noise, we employed LLM-as-1161

judge filtering using Claude-4.5-Sonnet to verify1162

whether either action in each preference tuple repre-1163

sents the optimal next action given the current state.1164

Specifically, the judge evaluates each tuple and1165

classifies it as: (1) preferred action is optimal, (2) 1166

dispreferred action is optimal, or (3) neither action 1167

is optimal. Tuples classified as (3) were discarded, 1168

while tuples classified as (2) had their preference 1169

labels swapped. This filtering was critical for ex- 1170

tracting meaningful behavioral rules rather than 1171

surface-level patterns from noisy supervision. 1172

After filtering, the dataset was reduced from ap- 1173

proximately 33,000 to 1,949 high-quality examples 1174

suitable for rule extraction. The complete filtering 1175

prompt is shown in Figure 13. 1176

F Dataset Statistics 1177

From the filtered dataset, we selected domains con- 1178

taining ≥20 valid examples to ensure sufficient 1179

data for both rule extraction and evaluation. This 1180

threshold yielded 78 domains with example counts 1181
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Rule ID Category Summary

1 Error Handling Empty Response Handling: When API returns empty list/dict, check if this
is valid result (no data found) vs error. If unclear, call alternative data source
or Finish with explanation.

2 Parameter Population Stock Symbol Format: Extract exact ticker symbols from user query (e.g.,
"AAPL", "GOOGL"). Do not convert to full company names. Preserve
uppercase format.

3 Action Selection Time Range Selection: When query mentions time period (e.g., "last 2
weeks"), use time-range API accepting start/end dates rather than calling
daily APIs repeatedly.

Table 5: Example rules extracted from Finance domain.

Dextract Dtest

|A| #Domains #Examples #Domains #Examples

3 17 303 17 120
4 14 248 14 100
5 13 244 13 97
6 6 106 6 42
7 10 181 10 70
8 6 98 6 37
9 2 46 2 18
10 1 18 1 7
11 9 153 9 61

Total 78 1,397 78 552

Table 6: Dataset composition by action space size. |A|
denotes the number of available APIs in DAPI for each
domain.

ranging from 20–45 per domain. Domains span1182

diverse categories including health (BMR/TMR1183

calculation), finance (stock data), search, and util-1184

ities. We split the 78 domains 70:30 into Dextract1185

(n=1,397) for rule extraction and Dtest (n=552)1186

for evaluation. The per-domain distribution of ex-1187

amples across both subsets is visualized in Fig-1188

ure 15. Additionally, Table 6 presents the dataset1189

distribution grouped by action space size |A|,1190

where each row aggregates domains sharing the1191

same number of available APIs in their documenta-1192

tion DAPI.1193

G Model Specifications1194

Table 7 provides specifications for all models1195

used in our experiments. We evaluate three pro-1196

prietary models (Claude-4.5-Sonnet (Anthropic,1197

2025), GPT-5.1 (OpenAI, 2025), Gemini-2.5-1198

Flash (Google, 2025)) and three open-source1199

instruct-tuned models (Qwen3-30B (Yang et al.,1200

2025), Qwen3-4B (Yang et al., 2025), Ministral3-1201

14B (Mistral, 2025)).1202

Configuration Modes. All models are evaluated 1203

in standard mode with greedy decoding (temper- 1204

ature T=0). Proprietary models are additionally 1205

evaluated in thinking mode with temperature T=1 1206

(as recommended by providers) and extended rea- 1207

soning budgets. Open-source models are evaluated 1208

in standard mode only due to the latency overhead 1209

of thinking mode. 1210

Model-Specific Notes. GPT-5.1 requires an ad- 1211

ditional system prompt to ensure proper JSON- 1212

formatted outputs: 1213

"You must respond with ONLY valid JSON. 1214
Return an object with keys: thought, 1215
action, action_input. action_input must 1216
be a flat JSON object." 1217

This was not required for other models, which reli- 1218

ably followed the output format from the main user 1219

instructions. 1220

Local Deployment. Open-source Qwen3 mod- 1221

els and Ministral3-14B were served locally using 1222

vLLM (Kwon et al., 2023) with the following com- 1223

mands: 1224

• Qwen3-30B:2 vllm serve 1225

Qwen3-30B-A3B-Instruct-2507 –dtype 1226

auto –tensor-parallel-size 4 1227

• Qwen3-4B:3 vllm serve 1228

Qwen3-4B-Instruct-2507 –dtype 1229

auto –max_model_len 10000 1230

–tensor-parallel-size 1 1231

• Ministral3-14B:4 vllm serve 1232

Ministral-3-14B-Instruct-2512 1233

–dtype auto –max_model_len 10000 1234

–tensor-parallel-size 2 1235

2https://huggingface.co/Qwen/
Qwen3-30B-A3B-Instruct-2507

3https://huggingface.co/Qwen/
Qwen3-4B-Instruct-2507

4https://huggingface.co/mistralai/
Ministral-3-14B-Instruct-2512
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Hardware. Local inference was conducted on a1236

server with 8× NVIDIA A100-SXM4-40GB GPUs1237

(320GB total VRAM), CUDA 12.8, and driver ver-1238

sion 570.124.06. Qwen3-30B utilized 4 GPUs via1239

tensor parallelism, while Qwen3-4B ran on a single1240

GPU.1241

H Baseline Configurations1242

This section details the prompt configurations for1243

all baselines and GEAR variants evaluated in our1244

experiments.1245

Zero-shot. Uses the standard ReAct prompt con-1246

taining system instructions I, API documentation1247

DAPI, user query q, and trajectory history Ht. No1248

additional instructions or examples are provided.1249

See Figure 16.1250

Zero-shot-CoT. Extends the zero-shot prompt1251

by adding an explicit reasoning instruction to the1252

task section: “Think step by step, examine previous1253

steps and thoughts, then decide.” See Figure 17.1254

Few-shot (1/2/3-shot). Includes randomly sam-1255

pled examples from Dextract, where each example1256

contains the full user query, trajectory history, and1257

action specification. The same prompt template is1258

used for all few-shot variants; only the number of1259

examples varies. See Figure 18.1260

GEAR. Incorporates extracted rules as guide-1261

lines positioned before the user query and history,1262

as described in Section 3.2 in zero-shot prompt.1263

See Figure 19.1264

GEAR + 2-shot. Combines rules with two in-1265

context examples. Examples are placed between1266

the rules and the user query. See Figure 20.1267

2-shot + GEAR. An alternative ordering where1268

two in-context examples are placed before the1269

guidelines/rules section.1270

I Extended Results1271

Tables 8, 9, and 10 present complete results across1272

all model configurations. We highlight key findings1273

below. All results would be discussed in terms of1274

E2E Pass@1.1275

Zero-shot-CoT Ineffectiveness Across all mod-1276

els, Zero-shot-CoT provides negligible or negative1277

gains. Claude Standard shows −6.4%, Gemini1278

Standard −6.5%, and GPT-5.1 Standard −21%.1279

Decrease is observed for thinking mode as well.1280

This confirms that generic reasoning prompts offer 1281

limited value for structured tool-calling compared 1282

to explicit formatting guidance specifically for pro- 1283

prietary LRMs. We observed a slight performance 1284

gain for instruction-tuned open-source models, sug- 1285

gesting that chain-of-thought remains relevant for 1286

these models, but not for proprietary models that 1287

are RL-tuned for reasoning through test-time com- 1288

pute scaling. 1289

Consistent GEAR Effectiveness Across Mod- 1290

els GEAR or its variants match or exceed the 1291

strongest few-shot baselines across nearly all con- 1292

figurations tested. On Claude, Qwen-30B, and 1293

Qwen-4B in standard mode, GEAR+2-shot sub- 1294

stantially outperforms 3-shot (by 9.72%, 24.92%, 1295

and 27.39% respectively). Ministral achieves best 1296

results with GEAR alone, exceeding 3-shot by 1297

10.7%. GPT-5.1 shows mode-dependent behavior: 1298

Standard mode is neck-to-neck (GEAR+2-shot 1299

49.04% vs 3-shot 49.72%), while Thinking mode 1300

strongly favors 3-shot (GEAR+2-shot 51.84 % 1301

vs 3-shot 60.16%). The sole exception is Gemini- 1302

2.5-Flash, where 3-shot outperforms GEAR+2- 1303

shot by 10% (Standard) and 13.16% (Thinking). 1304

We attribute this to Gemini’s exceptionally weak 1305

zero-shot baseline (17.57%), which is 43% lower 1306

than Claude’s (30.67%). Despite this, rule extrac- 1307

tion yields comparable rule counts to other mod- 1308

els (see Table 11), suggesting the extracted rules 1309

may be less precisely calibrated to Gemini’s fail- 1310

ure modes. Additionally, Gemini may have lim- 1311

ited instruction-following capacity where excessive 1312

explicit constraints interfere with its internal rea- 1313

soning, whereas few-shot examples provide more 1314

digestible guidance. 1315

Ministral3-14B: Reversed Complementar- 1316

ity Ministral uniquely achieves best E2E 1317

with GEAR alone (42.53%), outperforming 1318

both GEAR+2-shot (38.49%) and 3-shot 1319

(38.42%). The ordering effect is also reversed: 1320

2-shot+GEARoutperforms GEAR+2-shot by 1321

7.43%. We hypothesize that this smaller model 1322

experiences interference when processing both 1323

rules and examples simultaneously, with rules 1324

alone providing cleaner guidance. 1325

Ordering Effect The “constrain-then- 1326

demonstrate” ordering (GEAR+2-shot) 1327

outperforms “demonstrate-then-constrain” 1328

(2-shot+GEAR) on Claude (2.24%), GPT 1329

5.1 (7.4%), Qwen-30B (3.28%), and Qwen-4B 1330
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Standard Mode Thinking Mode

Model Version / Endpoint Access Temp Max Tokens Reasoning Temp Max Tokens Reasoning

Claude-4.5-Sonnet claude-sonnet-4-5-20250929-v1:0 Amazon Bedrock 0 500 budget_tokens=0 1 3000 budget_tokens=1500
GPT-5.1 gpt-5.1-2025-11-13 OpenAI API 0 500 reasoning_effort="none" 1 3000 reasoning_effort="high"
Gemini-2.5-Flash gemini-2.5-flash Google AI API 0 500 thinking_budget=-1 1 3000 thinking_budget=1500
Qwen3-30B Qwen3-30B-A3B-Instruct-2507 Local (vLLM) 0 500 N/A —
Qwen3-4B Qwen3-4B-Instruct-2507 Local (vLLM) 0 500 N/A —
Ministral3-4B Ministral-3-14B-Instruct-2512 Local (vLLM) 0 500 N/A —

Table 7: Model specifications and configurations. Standard mode uses greedy decoding (T=0) for deterministic
outputs. Thinking mode enables extended reasoning with higher temperature (T=1) as recommended by providers.
Open-source models (Qwen3) are evaluated in standard mode only. GPT-5.1 additionally uses verbosity="low" in
both modes to minimize latency. All models accessed via official APIs except Qwen3 models and Ministral3-14B,
which were hosted locally using vLLM (Kwon et al., 2023).

(21.14%), with amplified effects on smaller models,1331

in standard mode. Thinking mode showed similar1332

results. Exceptions include Ministral (reversed by1333

7.4%) and Gemini (negligible 0.6% difference),1334

indicating model-specific sensitivity to prompt1335

structure.1336

Small Model Competitiveness Despite reduced1337

capacity, Qwen3-4B with GEAR+2-shot achieves1338

57.52% E2E, substantially exceeding Claude’s 3-1339

shot (47.02%). Similarly, Ministral3-14B with1340

GEAR lone (42.53%) approaches Claude’s 2-shot1341

performance (45.35%) despite a much weaker zero-1342

shot baseline (24.42% vs 30.67%), demonstrating1343

that explicit guidance effectively compensates for1344

limited model capacity.1345

Efficiency and Generation Confidence1346

GEAR+2-shot consistently achieves lower1347

latency than GEAR alone despite higher input1348

token counts across most models: Claude (3.94s1349

vs 5.08s), Qwen-30B (0.78s vs 0.85s), and1350

Gemini (1.80s vs 1.86s). This counterintuitive1351

result supports our hypothesis that combined1352

rule-example guidance increases generation1353

confidence, reducing the model’s search space1354

during decoding. This is evidenced by consistently1355

fewer output tokens for GEAR+2-shot compared1356

to GEAR alone (145 vs 179 on Claude, 101 vs1357

114 on Qwen-30B, 94 vs 98 on Gemini). The1358

efficiency gains are particularly notable given the1359

substantial accuracy improvements, suggesting1360

GEAR variants offer superior performance-to-1361

latency ratios compared to both zero-shot baselines1362

and few-shot alternatives.1363

Future Directions The model-specific variations1364

observed in GEAR’s effectiveness, particularly1365

the reversed complementarity in Ministral and re-1366

duced gains on Gemini, raise intriguing questions1367

about the internal reasoning mechanisms under-1368

lying tool-calling in LLMs. Understanding why1369

certain models benefit more from deductive rules 1370

versus inductive examples, or why prompt ordering 1371

effects vary across architectures, could yield deeper 1372

insights into how these models process structured 1373

generation tasks. However, our API-only experi- 1374

mental setup, without access to model gradients or 1375

output logits, similar to constraints in automated 1376

prompt optimization research, limits the mecha- 1377

nistic analyses possible in this work. We leave 1378

such interpretability investigations, including atten- 1379

tion pattern analysis and probing studies on open- 1380

weight models, for future research. 1381

J Extraction Mode Analysis 1382

We compare standard-mode extraction versus 1383

thinking-mode extraction across all evaluated mod- 1384

els. Table 11 presents average E2E accuracy and 1385

win rates for each extractor-evaluator combination. 1386

Claude-4.5-Sonnet was the underlying LRM for ex- 1387

traction. The hyperparameters for standard-mode 1388

are: max_tokens = 32000, temperature = 0. The hy- 1389

perparameters for thinking-mode are: max_tokens 1390

= 32000, temperature = 1, budget_tokens = 16000. 1391

Key Findings. Thinking-mode extraction pro- 1392

duces superior rules across nearly all configura- 1393

tions: 1394

• Thinking extractor achieves 12.6% relative 1395

improvement in average E2E (41.64% vs 1396

36.99%) 1397

• Thinking extractor wins in 63.8% of domain- 1398

model combinations (444/696) 1399

• Benefits are consistent across all model fam- 1400

ilies, with largest gains on Gemini-2.5-Flash 1401

Standard (29.3% relative), GPT-5.1 Standard 1402

(22.8% relative), and Qwen3-4B (17.1% rela- 1403

tive) 1404

• Gains extend to newly evaluated models: 1405

Ministral3-14B shows 12.0% relative im- 1406

provement with thinking-extracted rules 1407
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• Thinking- and standard-extracted rules are1408

similar in count (9.1 vs 9.3 average) and1409

length (749 vs 735 average characters), in-1410

dicating the performance gap stems from rule1411

quality rather than quantity1412

These results suggest that extended reasoning1413

during extraction enables more thorough failure1414

analysis, producing higher-quality rules that trans-1415

fer across inference-time configurations. Inves-1416

tigating what specific characteristics constitute1417

higher-quality rules remains an avenue for future1418

research.1419

K Complexity Analysis1420

We analyze how performance varies with task com-1421

plexity along two dimensions: trajectory complex-1422

ity (number of hops) and action space complexity1423

(number of available APIs).1424

K.1 Trajectory Complexity (Hops)1425

We operationalize trajectory complexity as the num-1426

ber of previous API calls (hops) in the trajectory1427

history Ht. Higher hop counts indicate more com-1428

plex multi-step reasoning tasks. Figure 21 presents1429

results on Claude-4.5-Sonnet.1430

Key Findings.1431

• All methods exhibit performance degradation1432

as complexity increases, with E2E Pass@11433

declining from 39-71% at hop 0 to 12-38% at1434

hop 51435

• GEAR+2-shot maintains highest perfor-1436

mance across all complexity levels (70.71%1437

at hop 0, 37.5% at hop 5)1438

• Relative ordering of methods remains consis-1439

tent regardless of complexity, suggesting com-1440

plementarity between rules and examples is1441

robust to task difficulty1442

• Parameter prediction degrades more severely1443

than action selection: zero-shot Parameter1444

Pass@1 drops from 45.45% to 12.5%, while1445

Action Pass@1 remains stable (74.75% to1446

75.0%)1447

• Latency and cost increase approximately lin-1448

early with hop count due to longer context1449

windows1450

• Critical-GEARoffers favorable efficiency,1451

maintaining competitive accuracy with lower1452

cost than GEAR and GEAR+2-shot across1453

all complexity levels1454

K.2 Action Space Complexity (Number of 1455

APIs) 1456

We operationalize action space complexity as the 1457

number of available APIs per domain, ranging from 1458

3 to 11 in our dataset. Larger action spaces present 1459

more alternatives for the model to choose from, 1460

potentially increasing decision difficulty. Figure 22 1461

presents results on Claude-4.5-Sonnet. 1462

Key Findings. 1463

• Unlike trajectory complexity, performance 1464

does not exhibit a clear monotonic degrada- 1465

tion pattern with increasing action space size 1466

• Performance varies considerably across API 1467

counts but appears more influenced by 1468

domain-specific characteristics than action 1469

space size alone 1470

• GEAR+2-shot maintains consistently strong 1471

performance across action space sizes, achiev- 1472

ing highest E2E Pass@1 at most configura- 1473

tions (e.g., 61.86% at 5 APIs, 49.18% at 11 1474

APIs) 1475

• Latency remains relatively stable across action 1476

space sizes, with occasional outliers due to 1477

domain-specific factors 1478

• Cost increases moderately with API count due 1479

to longer API documentation in the prompt 1480

• Critical-GEARachieves competitive perfor- 1481

mance with substantially lower cost across all 1482

action space sizes 1483

These results suggest that action selection dif- 1484

ficulty is less sensitive to the number of available 1485

alternatives than to trajectory length, likely because 1486

API documentation provides sufficient discrimina- 1487

tive information regardless of action space size. 1488
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Base Meta-Prompt Pmeta-base

You are an expert prompt engineer and a brilliant systems analyst. I have run a baseline
experiment on tool-use tasks using a powerful LLM.

The results show a clear reasoning gap:
- **Action Pass@1 (Choosing the right tool)**: {action_pass_rate}%

({action_pass_count}/{total})
- **Parameter Pass@1 (Populating the tool's input)**: {param_pass_rate}%

({param_pass_count}/{total})
- **E2E Pass@1 (Both correct)**: {e2e_pass_rate}% ({e2e_pass_count}/{total})

The "Parameter" failures are *semantic*—the model picks the wrong *values* for the parameters,
even when the syntax is correct.

The model is failing at two levels:
1. **Action Reasoning:** It struggles to select the correct tool from the API list.
2. **Parameter Reasoning:** It struggles to populate parameters with correct values based on

the user's query and conversation history.

Your task is to analyze {num_samples} examples and generate 5-7 general-purpose, high-impact
"Heuristic Reasoning Rules" that will help the model improve *both* action selection and
parameter population.

---
**GUIDELINES FOR RULES:**

* **Target Both Reasoning Failures:** Generate rules that guide *Action Selection* and rules
that guide *Parameter Population*.

* **Go Deep, Not Surface-Level:** The rules must be generalizable. Do not create rules that
only apply to a single example or task.

* **BAD RULE (Surface-Level):** "If the user asks about 'NFLX' and 'AMZN', use the
`ranges_2w_for_finance...` tool."

* **GOOD RULE (Structural Action Rule):** "Before acting, check the conversation
history. If a previous action failed, do not repeat the exact same action. Instead,
select a different tool or modify the parameters."

* **GOOD RULE (Structural Parameter Rule):** "When an API has multiple parameters, scan
the user's query and history for specific values for each one. Do not use example
values from the documentation."

---

Here are the {num_samples} examples:

{examples}

---

Based on your analysis of all cases, what are the 5-7 general-purpose reasoning rules that will
improve both the `Action Pass@1` and `Parameter Pass@1` scores?

**Distilled Heuristic Rules:**
Provide exactly 5-7 rules in the following format:
1. [Rule description]
2. [Rule description]
...

Figure 3: Base meta-prompt before refinement. This prompt lacked systematic analysis steps and explicit validation
criteria, leading to less effective rule extraction.
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Stage 1: Rubric Generation and Critique Prompt

You are an expert prompt engineer and AI systems analyst. Your task is to perform a brutal,
honest critique of a prompt designed to extract heuristic rules to improve model performance.

### TASK
The base prompt is designed to analyze evaluation results and extract heuristic rules to
improve LLM performance on the following task:

{task_instructions}

### BASELINE METRICS
Current performance on this task:
- **Action Pass@1**: {action_pass_rate}% - Model selects the correct tool
- **Parameter Pass@1**: {param_pass_rate}% - Model populates correct parameter values
- **E2E Pass@1**: {e2e_pass_rate}% - Both action and parameters correct
- **Total Examples**: {total}

### PROBLEM
Rules extracted by the base prompt either don't improve these metrics or actively decrease
performance.

### BASE PROMPT TO CRITIQUE
{base_prompt}

The base prompt must work across different API domains (e.g., BMR/TMR, Finance, Search).
Example API:

{api_docs}

### EXAMPLE FAILURE CASE
Below is one failure example to help you assess if the base prompt's analysis approach would
work:

{failure_example}

### YOUR TASK
1. Create a critique rubric that evaluates:

**STRUCTURAL REQUIREMENTS (Must-Have):**
a) Role & Task Definition - Does it clearly state the role? Does it require analyzing BOTH

successes and failures? Does it explain the task context (what model was doing, with what API)
BEFORE presenting baseline metrics? Are actionable heuristics explicitly required?

b) Problem Statement - Does it provide clear placeholders/sections for: (i) the system
instruction given to the model, (ii) the API documentation the model used, (iii) baseline
zero-shot performance metrics? Are these properly labeled and positioned after task context?

c) Optimization Goals - Does it specify: (i) improve performance metrics, (ii) reduce token
generation for lower latency?

d) Data Structure - Does it explain the example format (input, preferred_output,
non_preferred_output)?

e) Example Walkthrough - Does it demonstrate analysis on one example following its analysis
steps?

f) Analysis Steps - Are the detailed analysis steps clear, systematic, and effective?
g) Examples Placeholder - Is there a clear section to provide all examples?
h) Analysis Execution - Does it guide how to conduct the analysis across all examples?
i) Output Format - Does it specify a structured output format (e.g., JSON)? Is the schema

clearly defined with required fields? Is it parseable by standard tools? Does it include all
necessary information for extracting actionable heuristics (condition, action, examples, test
criteria)?

**ANALYSIS METHODOLOGY (Your Focus):**
Design 5-8 additional criteria specifically evaluating the analysis steps (item f above).
Consider: Does it analyze successes vs only failures? Root cause identification?

Generalizability? Actionability?

Figure 4: Stage 1: Rubric Generation and Critique Prompt. This prompt guides the LRM to generate a comprehensive
rubric and critique the base meta-prompt.
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Stage 1: Rubric Generation and Critique Prompt (Cont.)

2. Analyze the base prompt against your complete rubric
3. For EACH rubric criterion (a-i and any additional), provide:

- Detailed critique with specific examples
- Letter grade (A+, A, A-, B+, B, B-, C+, C, C-, D+, D, D-, F)
- Reason for the grade

4. Provide an overall letter grade based on all criteria

### OUTPUT FORMAT
You MUST respond with ONLY a valid JSON object with exactly these keys:

```json
{

"rubric": "Your critique rubric with all criteria",
"critiques": {

"criterion_1_key": {"grade": "[letter grade]", "reason": "[why this grade]", "details":
"[specific examples and analysis]"},

"criterion_2_key": {"grade": "[letter grade]", "reason": "[why this grade]", "details":
"[specific examples and analysis]"},

"criterion_N_key": {"grade": "[letter grade]", "reason": "[why this grade]", "details":
"[specific examples and analysis]"}
},
"overall_grade": "[letter grade]",
"overall_summary": "Brief summary of strengths and critical weaknesses"

}
```

Note: Use descriptive keys for each criterion (e.g., 'role_task_definition',
'analysis_methodology', etc.). Include all criteria from the structural requirements (a-i) plus
any additional criteria you design.

Be brutally honest. If the prompt is fundamentally flawed, say so explicitly.

Figure 5: Stage 1: Rubric Generation and Critique Prompt (Cont.). This prompt guides the LRM to generate a
comprehensive rubric and critique the base meta-prompt.

Stage 2: Refinement Prompt

You are an expert prompt engineer. Your task is to generate an improved prompt for extracting
effective heuristic reasoning rules from model failures.

### CONTEXT
The goal is to create a prompt that:
- Analyzes LLM failures on tool-use tasks
- Extracts actionable, general-purpose heuristics
- Generates rules that ACTUALLY improve performance when appended to task prompts

### CRITIQUE OF PREVIOUS PROMPT
{critique_analysis}

### CRITIQUE RUBRIC
{critique_rubric}

### EXAMPLE TASK CONTEXT
Below is ONE example of the task domain. Your prompt must work across different APIs/tools.

Example Task Instructions: {task_instructions}

Example API Documentation: {api_docs}

Figure 6: Stage 2: Refinement prompt. This guides the LRM to generate improved prompts addressing identified
weaknesses.
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Stage 2: Refinement Prompt (Cont.)

### TASK DOMAIN
This prompt will be used to extract heuristics from LLM failures on tool-use tasks.
The task involves (across DIFFERENT APIs/tools):
- Selecting the correct API/tool from documentation
- Populating parameters with correct values from user queries
- Handling conversation history and context

NOTE: The example below is just ONE instance. Your prompt must generalize to other APIs/tools.

### YOUR TASK
Generate an improved prompt that addresses ALL the flaws identified in the critique.

### REQUIREMENTS
1. The prompt must guide the LLM to extract heuristics that:

- Are GENERAL-PURPOSE and transferable across ANY API/tool domain
- Anticipate common failure modes (action selection, parameter population, context

handling)
- Are actionable and specific enough to change behavior
- Avoid overfitting to the specific example API shown above

2. Output format:
- No special tokens (no <thinking>, <output>, etc.)
- Use simple delimiters (---, ###)
- Rules should be numbered and easily extractable

3. The prompt should:
- Provide clear examples of good vs bad rules
- Guide deep analysis of failure patterns
- Encourage structural/systematic thinking
- Prevent overfitting to specific examples

### OUTPUT FORMAT
Provide your improved prompt as a JSON-compatible array of strings.
Each string is one line of the prompt.

--- IMPROVED PROMPT ---
[Your improved prompt here, formatted as JSON array]

Figure 7: Stage 2: Refinement prompt (Cont.). This guides the LRM to generate improved prompts addressing
identified weaknesses.

Stage 2: Self-Critique Prompt

You are a harsh, uncompromising prompt evaluation expert. Your task is to critique a prompt
designed to extract heuristic reasoning rules.

### CRITIQUE RUBRIC
{critique_rubric}

### PROMPT TO EVALUATE
{generated_prompt}

### YOUR TASK
Evaluate the prompt against EACH criterion in the rubric.

For each criterion:
1. Score it (Excellent / Good / Adequate / Poor / Failing)
2. Provide specific evidence from the prompt
3. Identify concrete weaknesses

Figure 8: Stage 2: Self-critique prompt. This evaluates generated prompts against the fixed rubric.
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Stage 2: Self-Critique Prompt (Cont.)

### OUTPUT FORMAT

--- CRITERION-BY-CRITERION EVALUATION ---
[For each criterion, provide assessment]

--- OVERALL ASSESSMENT ---
Strengths:
- [List 2-3 key strengths]

Critical Weaknesses:
- [List all significant flaws]

Grade: [A+, A, A-, B+, B, B-, C+, C, C-, D, or F]

Grade Justification:
[Explain why this specific grade, not higher or lower]

--- WHAT PREVENTS A+ GRADE ---
[If grade is not A+, be BRUTALLY specific about what is missing or wrong]
[List concrete, actionable gaps that prevent the highest grade]

Be harsh. Grade inflation helps no one. If it's not truly excellent, don't give it an A+.

Figure 9: Stage 2: Self-critique prompt (Cont.). This evaluates generated prompts against the fixed rubric.

Meta-Prompt P∗
meta

[The complete meta-prompt will be publicly released upon publication to ensure
full reproducibility. For review purposes, the key structural components and
design principles are detailed in Appendix C.4.1.]

This should include:
- Role definition: "You are an expert at analyzing LLM tool-use behavior..."
- Task context: Description of what model was doing
- Baseline metrics placeholders: {action_pass_rate}, {param_pass_rate}, etc.
- API documentation placeholder: {api_documentation}
- System instruction placeholder: {system_instruction}
- Analysis execution instructions
- Step 1: Failure frequency analysis
- Step 2: Parameter format deep analysis
- Step 3: API error pattern analysis
- Step 4: Root cause identification
- Step 5: Success pattern analysis
- Step 6: Extract rules (with JSON format specification)
- Step 7: Validate rules
- Step 8: Meta-analysis
- Examples placeholder: {examples}
- Final output format specification

Figure 10: Complete meta-prompt P∗
meta for rule extraction. The prompt guides systematic analysis through eight

structured steps.
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Example Rule in JSON Format

{
"rule_id": 1,
"name": "HTML Error Detection",
"priority": "High",
"category": "Error Handling",
"addresses": "Repeated failed API calls after service errors (12 examples)",
"condition": "When API response is a string starting with '<!DOCTYPE' or

'<html>' or contains 'Application Error'",
"action": "Immediately recognize this as service unavailability (NOT a

parameter error). Try alternative function once if available.
If no alternative or alternative fails, call Finish with
explanation. Never retry same function after HTML error.",

"example_wrong": "Received HTML error from bmr_index_for_bmr_and_tmr,
then retried bmr_index_for_bmr_and_tmr with same
parameters 3 times",

"example_correct": "Received HTML error from bmr_index_for_bmr_and_tmr,
tried tmr_index_for_bmr_and_tmr once, then called
Finish with explanation",

"test_criterion": "Check if model stops retrying after detecting HTML
error and either tries alternative once or calls Finish",

"estimated_impact": "12% of action selection failures"
}

Figure 11: Example extracted rule in JSON format showing all required fields. This rule addresses the failure mode
of repeatedly retrying APIs after service-level errors.

Example Rule in Serialized Natural Language Format

Rule 1:
WHEN: When API response is a string starting with '<!DOCTYPE' or '<html>'

or contains 'Application Error'
THEN: Immediately recognize this as service unavailability (NOT a parameter

error). Try alternative function once if available. If no alternative
or alternative fails, call Finish with explanation. Never retry same
function after HTML error.

WRONG BEHAVIOR: Received HTML error from bmr_index_for_bmr_and_tmr, then
retried bmr_index_for_bmr_and_tmr with same parameters 3
times

CORRECT BEHAVIOR: Received HTML error from bmr_index_for_bmr_and_tmr, tried
tmr_index_for_bmr_and_tmr once, then called Finish with
explanation

TEST CRITERION: Check if model stops retrying after detecting HTML error and
either tries alternative once or calls Finish

Figure 12: Serialized natural language version of the rule from Figure 11. This format is inserted into inference
prompts.
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LLM-as-Judge Filtering Prompt

You are an expert evaluator for AI agent action selection tasks. Your job is to identify the
BEST action between two options given the context.

# Task
Given a user query, conversation history, available APIs, and two possible actions (Action A
and Action B), determine which action is BEST and whether it's significantly better.

# Evaluation Criteria
Compare both actions on:
1. **Correctness**: Does it match what the user requested?
2. **Parameter Quality**: Are parameters accurate, complete, and optimal?
3. **Logical Next Step**: Is it the most logical and appropriate next step given the

conversation history?
4. **Context Awareness**: Does it consider conversation history and previous attempts?
5. **API Usage**: Does it use the most appropriate API/tool?

# Decision Rules
- Mark as VALID only if one action is CLEARLY BETTER than the other AND is the most logical

next step
- If both actions are equally good or bad, mark as INVALID
- If both would fail, mark as INVALID
- If neither action is the most logical next step based on conversation history, mark as

INVALID (even if one is technically correct)
- The best action must be: (1) correct, (2) superior to the alternative, AND (3) the most

logical next step given the context

# Examples

## Example 1: VALID (Action A is best)
User requested: Get social sentiment data surrounding specific stocks on Twitter
Action A: Call API with social parameter set to 'twitter'
Action B: Call API with social parameter set to 'stocktwits'
Verdict: VALID - Action A directly matches user's explicit request for Twitter data

## Example 2: INVALID (Both reasonable)
User requested: Search for phones
Previous attempts: None
Action A: Search for 'phone'
Action B: Search for 'smartphone'
Verdict: INVALID - Both are reasonable first attempts, no clear winner

## Example 3: VALID (Action B is best)
User requested: Search for phones
Previous attempts: Searched 'phone' twice, got same results
Action A: Search for 'phone' again
Action B: Search for 'smartphone' instead
Verdict: VALID - Action B adapts to context, Action A repeats failed attempt

## Example 4: INVALID (Neither is logical next step)
User requested: Find product reviews
Previous attempts: None, just started conversation
Action A: Delete user account
Action B: Update payment method
Verdict: INVALID - Both are valid actions but neither is the logical next step for finding
reviews

Figure 13: Claude-4.5-Sonnet prompt used for filtering preference pairs. The prompt evaluates whether candidate
actions represent optimal next steps given the state.
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LLM-as-Judge Filtering Prompt (Cont.)

# Input Format
INSTRUCTION:
{instruction_data}

CONVERSATION HISTORY:
{input_data}

ACTION A:
{action_a}

ACTION B:
{action_b}

# Your Task
Analyze the input and respond with a JSON object:
{

"verdict": "VALID" or "INVALID",
"best_action": "A" or "B" or "NONE",
"reasoning": "Brief explanation comparing both actions and why one is clearly better",
"confidence": "high" or "medium" or "low"

}

Note: Set best_action to "NONE" if verdict is INVALID

Figure 14: Claude-4.5-Sonnet prompt used for filtering preference pairs (Cont.). The prompt evaluates whether
candidate actions represent optimal next steps given the state.

0 5 10 15 20 25 30 35 40 45 50 55 60 65 70 75
Domain Index (sorted by decreasing total examples)

0

5

10

15

20

25

30

Nu
m

be
r o

f E
xa

m
pl

es

extract

test

Figure 15: Distribution of examples across 78 domains in Dextract and Dtest. Domains are indexed in decreasing
order of total examples. Each domain defines a unique API documentation DAPI with corresponding action space A.

Zero-Shot Baseline Prompt Pzero-shot

{instruction_data}

{api_documentation}

--- CONVERSATION HISTORY ---
{input_data}

--- TASK ---
Based on the instructions, API documentation, and conversation history, what is the next
thought and action?

Assistant:

Figure 16: Zero-shot baseline prompt template.
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Zero-Shot Baseline Prompt Pzero-shot-cot

{instruction_data}

{api_documentation}

--- CONVERSATION HISTORY ---
{input_data}

--- TASK ---
Think step by step, examine previous steps and thoughts, then decide: Based on the instructions,
API documentation, and conversation history, what is the next thought and action?

Assistant:

Figure 17: Zero-shot-CoT baseline prompt structure with explicit reasoning instruction.

Few-Shot Baseline Prompt Pfew-shot

{instruction_data}

{api_documentation}

Here are some examples of how to perform the task:
{few_shot_examples}
--- END OF EXAMPLES ---

--- CONVERSATION HISTORY ---
{input_data}

--- TASK ---
Based on the instructions, API documentation, and conversation history, what is the next
thought and action?

Assistant:

Figure 18: Few-shot baseline prompt structure. The same template is used for 1/2/3-shot variants.

GEAR Inference Prompt Template PGEAR

{instruction_data}

{api_documentation}

{guidelines}

--- CONVERSATION HISTORY ---
{input_data}

--- TASK ---
Based on the instructions, API documentation, and conversation history, what is the next
thought and action?

Assistant:

Figure 19: GEAR inference prompt template. Rules are inserted between API documentation and conversation
history, providing explicit behavioral constraints during action selection.
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GEAR+2-shot Inference Prompt Template PGEAR+2-shot

{instruction_data}

{api_documentation}

{guidelines}

Here are some examples of how to perform the task:
{few_shot_examples}
--- END OF EXAMPLES ---

--- CONVERSATION HISTORY ---
{input_data}

--- TASK ---
Based on the instructions, API documentation, and conversation history, what is the next
thought and action?

Assistant:

Figure 20: GEAR+2-shot inference prompt template. Examples placed between rules and query.

0 1 2 3 4 5
Number of Hops (Task Complexity)

0

20

40

60

80

100

E2
E 

Pa
ss

 R
at

e 
(%

) 
- H

ig
he

r 
is

 B
et

te
r

0 1 2 3 4 5
Number of Hops (Task Complexity)

3

4

5

6

7

8

9

10

Av
er

ag
e 

Ti
m

e 
(s

) 
- L

ow
er

 is
 B

et
te

r

0 1 2 3 4 5
Number of Hops (Task Complexity)

4

6

8

10

12

14

16

18

Av
er

ag
e 

C
os

t 
(×

10
³ 

$)
 - 

Lo
w

er
 is

 B
et

te
r

Methods
zero-shot 2-shot 3-shot GEAR GEAR+2-shot Critical-GEAR

Figure 21: Performance, latency, and cost as a function of task complexity (number of hops) on Claude-4.5-Sonnet.
All methods degrade with complexity, but GEAR+2-shot maintains highest performance across all levels while
achieving competitive latency and cost.

3 4 5 6 7 8 9 10 11
Number of APIs (Action Space)

0

20

40

60

80

100

E2
E 

Pa
ss

 R
at

e 
(%

) 
- H

ig
he

r 
is

 B
et

te
r

3 4 5 6 7 8 9 10 11
Number of APIs (Action Space)

5

10

15

20

25

30

35

Av
er

ag
e 

Ti
m

e 
(s

) 
- L

ow
er

 is
 B

et
te

r

3 4 5 6 7 8 9 10 11
Number of APIs (Action Space)

6

8

10

12

14

16

18

Av
er

ag
e 

C
os

t 
(×

10
³ 

$)
 - 

Lo
w

er
 is

 B
et

te
r

Methods
zero-shot 2-shot 3-shot GEAR GEAR+2-shot Critical-GEAR

Figure 22: Performance, latency, and cost as a function of action space complexity (number of APIs) on Claude-4.5-
Sonnet. Unlike trajectory complexity, performance does not show clear degradation with larger action spaces.
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Pass@1 (%) Gain (%) Efficiency

Method Action Parameter E2E ∆E2E (%) Latency (s) ∆Lat. (%) In Tok. Out Tok.

Claude-4.5-Sonnet (Standard | Thinking)
Zero-shot 62.76 | 64.49 40.04 | 38.63 30.67 | 30.36 – | −1.0 5.40 | 7.57 – | −40.2 1,445 | 1,474 179 | 416
Zero-shot-CoT 62.52 | 64.52 38.14 | 38.23 28.70 | 30.58 −6.4 | −0.3 5.69 | 9.64 −5.4 | −78.5 1,459 | 1,488 246 | 504
1-shot 67.64 | 67.19 49.90 | 52.18 39.72 | 42.33 +29.5 |+38.0 4.05 | 7.01 +24.9 | −29.8 2,041 | 2,070 136 | 356
2-shot 71.07 | 70.80 54.93 | 56.36 45.35 | 48.13 +47.9 |+56.9 4.12 | 7.04 +23.7 | −30.4 2,665 | 2,693 122 | 359
3-shot 73.30 | 73.96 55.74 | 58.38 47.02 | 50.04 +53.3 |+63.2 4.43 | 7.29 +17.9 | −35.1 3,340 | 3,368 123 | 364
GEAR (ours) 73.14 | 73.15 53.20 | 54.03 46.29 | 46.89 +50.9 |+52.9 5.08 | 8.81 +5.9 | −63.2 3,131 | 3,184 179 | 503
Critical-GEAR (ours) 72.41 | 65.72 52.79 | 46.51 45.52 | 36.13 +48.4 |+17.8 4.18 | 8.35 +22.6 | −54.8 2,052 | 2,107 176 | 465
GEAR+2-shot (ours) 75.78 | 79.31 58.54 | 62.04 51.59 | 56.75 +68.2 |+85.0 3.94 | 7.74 +27.0 | −43.4 4,336 | 4,924 145 | 489
2-shot+GEAR (ours) 74.94 | 72.04 58.38 | 57.21 50.46 | 47.95 +64.5 |+56.3 3.91 | 8.40 +27.6 | −55.6 4,320 | 4,397 147 | 472
DirectiveOnly-GEAR 68.90 | 67.92 49.62 | 48.19 41.67 | 39.63 +35.9 |+29.2 4.72 | 8.61 +12.5 | −59.4 2,331 | 2,378 201 | 523
PedagogyOnly-GEAR 69.80 | 66.26 48.61 | 50.43 40.66 | 39.97 +32.6 |+30.3 3.82 | 7.84 +29.2 | −45.3 2,279 | 2,315 170 | 483

Qwen3-30B-A3B (Standard only)
Zero-shot 57.53 42.72 30.20 −1.5† 0.63 +88.4† 1,299 83
Zero-shot-CoT 57.94 41.35 30.68 +0.0† 0.64 +88.1† 1,313 89
1-shot 64.64 51.36 38.84 +26.6† 0.68 +87.5† 1,823 89
2-shot 66.43 54.05 43.11 +40.6† 0.69 +87.2† 2,366 89
3-shot 70.97 58.00 47.78 +55.8† 0.69 +87.3† 2,961 90
GEAR (ours) 72.81 56.25 47.74 +55.7† 0.85 +84.2† 2,850 114
Critical-GEAR (ours) 65.25 49.91 38.40 +25.2† 0.72 +86.7† 1,858 101
GEAR+2-shot (ours) 82.25⋆ 65.24⋆ 59.69⋆ +94.6⋆† 0.78 +85.6† 4,446 101
2-shot+GEAR (ours) 78.68 63.85 57.79 +88.4† 0.80 +85.2† 4,469 106
DirectiveOnly-GEAR 65.00 51.38 40.97 +33.6† 0.83 +84.7† 2,104 116
PedagogyOnly-GEAR 66.35 51.40 41.61 +35.7† 0.75 +86.1† 2,070 105

Qwen3-4B (Standard only)
Zero-shot 57.53 37.57 26.45 −13.8† 0.80 +85.2† 1,299 84
Zero-shot-CoT 57.57 39.28 28.07 −8.5† 0.86 +84.1† 1,313 92
1-shot 62.88 48.93 37.78 +23.2† 0.89 +83.5† 1,823 93
2-shot 63.72 51.21 39.79 +29.7† 0.94 +82.6† 2,366 97
3-shot 68.09 57.41 45.15 +47.2† 1.02 +81.2† 2,961 104
GEAR (ours) 72.51 53.55 45.48 +48.3† 1.17 +78.3† 2,854 121
Critical-GEAR (ours) 63.42 45.17 33.96 +10.7† 0.99 +81.6† 1,830 104
GEAR+2-shot (ours) 79.06 64.10 57.52 +87.5† 1.17 +78.3† 4,388 113
2-shot+GEAR (ours) 72.22 58.07 47.48 +54.8† 1.32 +75.6† 3,917 132
DirectiveOnly-GEAR 66.42 47.01 36.59 +19.3† 1.16 +78.5† 2,103 122
PedagogyOnly-GEAR 64.28 49.25 38.57 +25.8† 1.07 +80.2† 2,077 112

Ministral3-14B (Standard only)
Zero-shot 53.25 36.06 24.42 −20.4† 1.44 +73.4† 1,343 147
Zero-shot-CoT 53.76 37.32 25.69 −16.2† 1.51 +72.0† 1,357 158
1-shot 58.25 43.15 32.44 +5.8† 1.41 +73.9† 1,898 143
2-shot 61.90 47.67 37.14 +21.1† 1.40 +74.1† 2,472 140
3-shot 62.93 48.28 38.42 +25.3† 1.43 +73.6† 3,101 142
GEAR (ours) 70.19 49.49 42.53 +38.7† 1.61 +70.2† 3,008 159
Critical-GEAR (ours) 60.27 44.00 33.11 +8.0† 1.53 +71.7† 1,945 153
GEAR+2-shot (ours) 67.74 46.71 38.49 +25.5† 1.67 +69.0† 4,131 162
2-shot+GEAR (ours) 68.91 51.44 41.35 +34.8† 1.67 +69.2† 4,131 161
DirectiveOnly-GEAR 63.22 44.27 35.26 +15.0† 1.62 +69.9† 2,191 163
PedagogyOnly-GEAR 63.66 44.86 35.80 +16.7† 1.49 +72.4† 2,189 148

Table 8: GEAR results on Dtest across all model configurations. E2E Pass@1 (%) is the primary metric. For
Claude-4.5-Sonnet, values are shown as Standard | Thinking. ∆E2E = relative improvement over Claude-4.5-Sonnet
Zero-shot (Standard, 30.67%); ∆Lat. = speedup relative to Claude-4.5-Sonnet Zero-shot (Standard, 5.40s), where
positive values indicate faster inference. Best results per model (per mode for Claude) in bold; ⋆overall best across
all configurations. †Relative to Claude-4.5-Sonnet Zero-shot (Standard). Row colors: GEAR variants;
ablation studies.
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Pass@1 (%) Gain (%) Efficiency

Method Action Parameter E2E ∆E2E (%) Latency (s) ∆Lat. (%) In Tok. Out Tok.

GPT-5.1 (Standard | Thinking)
Zero-shot 55.80 | 62.58 37.83 | 45.45 27.24 | 35.68 – |+31.0 2.56 | 18.47 – | −620.5 1,286 | 1,281 124 | 1,236
Zero-shot-CoT 47.53 | 59.74 30.84 | 44.36 21.51 | 33.69 −21.0 |+23.7 2.47 | 16.18 +3.7 | −531.0 1,300 | 1,296 144 | 1,364
1-shot 60.35 | 67.54 44.26 | 53.92 33.93 | 44.46 +24.6 |+63.2 2.20 | 12.36 +14.1 | −382.1 1,775 | 1,773 125 | 1,057
2-shot 67.67 | 72.76 54.16 | 60.67 46.06 | 53.35 +69.1 |+95.9 2.26 | 11.74 +12.0 | −357.8 2,285 | 2,280 122 | 979
3-shot 68.92 | 77.77⋆ 56.94 | 65.94⋆ 49.72 | 60.16⋆ +82.5 |+120.9⋆ 2.21 | 11.58 +13.7 | −351.6 2,834 | 2,835 130 | 987
GEAR (ours) 64.16 | 70.09 52.29 | 54.20 44.67 | 46.65 +64.0 |+71.3 2.45 | 15.18 +4.4 | −492.0 2,922 | 2,783 122 | 1,285
Critical-GEAR (ours) 52.08 | 61.05 41.42 | 48.99 32.66 | 39.57 +19.9 |+45.3 1.98 | 13.54 +22.9 | −428.2 1,895 | 1,835 126 | 1,339
GEAR+2-shot (ours) 67.53 | 73.03 54.62 | 58.57 49.04 | 51.84 +80.0 |+90.3 2.45 | 13.39 +4.5 | −422.3 3,924 | 3,788 122 | 1,106
2-shot+GEAR (ours) 64.28 | 70.50 53.74 | 57.65 45.66 | 49.99 +67.6 |+83.5 1.80 | 13.48 +29.7 | −425.9 3,917 | 3,776 127 | 1,169
DirectiveOnly-GEAR 52.35 | 63.45 40.99 | 48.92 33.04 | 40.97 +21.3 |+50.4 1.97 | 20.08 +23.2 | −683.3 2,137 | 2,069 139 | 1,289
PedagogyOnly-GEAR 53.23 | 59.79 41.99 | 46.82 33.92 | 37.31 +24.5 |+37.0 1.82 | 16.64 +29.1 | −548.9 2,089 | 2,007 123 | 1,406

Table 9: GPT-5.1 GEAR results on Dtest. E2E Pass@1 (%) is the primary metric. Values shown as Standard |
Thinking. ∆E2E = relative improvement over GPT-5.1 Zero-shot (Standard, 27.24%); ∆Lat. = speedup relative to
GPT-5.1 Zero-shot (Standard, 2.56s), where positive values indicate faster inference. Best results per mode in bold;
⋆overall best across all configurations. Row colors: GEAR variants; ablation studies.

Pass@1 (%) Gain (%) Efficiency

Method Action Parameter E2E ∆E2E (%) Latency (s) ∆Lat. (%) In Tok. Out Tok.

Gemini-2.5-Flash (Standard | Thinking)
Zero-shot 41.80 | 44.97 32.39 | 37.68 17.57 | 17.93 – |+2.0 1.98 | 2.74 – | −38.7 1,390 | 1,390 73 | 125
Zero-shot-CoT 38.38 | 44.98 30.20 | 36.01 16.42 | 17.36 −6.5 | −1.2 2.06 | 3.03 −4.4 | −53.4 1,404 | 1,404 66 | 134
1-shot 63.03 | 64.42 47.48 | 51.10 39.15 | 39.60 +122.8 |+125.4 1.84 | 2.35 +6.9 | −18.9 1,961 | 1,961 74 | 113
2-shot 65.88 | 71.42 54.80 | 57.90 46.41 | 47.92 +164.1 |+172.7 1.74 | 2.21 +11.8 | −11.7 2,555 | 2,555 66 | 99
3-shot 70.22 | 75.67⋆ 58.51 | 62.26⋆ 49.57 | 52.45⋆ +182.1 |+198.5⋆ 1.76 | 2.15 +10.6 | −9.0 3,202 | 3,202 73 | 99
GEAR (ours) 61.84 | 62.95 47.11 | 51.44 37.10 | 38.83 +111.2 |+121.0 1.86 | 2.50 +5.7 | −26.3 3,148 | 3,147 98 | 134
Critical-GEAR (ours) 52.40 | 52.71 41.20 | 45.34 29.73 | 29.30 +69.2 |+66.8 1.88 | 2.35 +5.0 | −18.8 2,021 | 2,042 87 | 125
GEAR+2-shot (ours) 69.34 | 68.47 51.41 | 55.78 45.04 | 46.35 +156.3 |+163.8 1.80 | 2.40 +8.7 | −21.5 4,305 | 4,308 94 | 115
2-shot+GEAR (ours) 69.33 | 69.60 53.15 | 55.42 44.77 | 46.27 +154.8 |+163.3 1.79 | 1.93 +9.5 |+2.4 4,308 | 4,308 93 | 118
DirectiveOnly-GEAR 50.52 | 52.74 40.79 | 44.53 28.54 | 28.28 +62.4 |+61.0 1.84 | 2.52 +6.6 | −27.8 2,289 | 2,299 95 | 142
PedagogyOnly-GEAR 52.83 | 52.53 44.19 | 47.43 30.09 | 28.73 +71.3 |+63.5 1.75 | 2.37 +11.3 | −19.9 2,284 | 2,274 94 | 125

Table 10: Gemini-2.5-Flash GEAR results on Dtest. E2E Pass@1 (%) is the primary metric. Values shown as
Standard | Thinking. ∆E2E = relative improvement over Gemini-2.5-Flash Zero-shot (Standard, 17.57%); ∆Lat. =
speedup relative to Gemini-2.5-Flash Zero-shot (Standard, 1.98s), where positive values indicate faster inference.
Best results per mode in bold; ⋆overall best across all configurations. Row colors: GEAR variants; ablation
studies.

E2E Accuracy (%) Win Rate Rule Count Avg. Characters
Evaluation Model Standard Thinking Standard Thinking Standard Thinking Standard Thinking

Claude-4.5-Sonnet (Std) 41.07 43.42 30 (39.0%) 47 (61.0%) 8.9/4/12 9.0/5/12 720 746
Claude-4.5-Sonnet (Think) 41.91 44.07 30 (39.0%) 47 (61.0%) 9.2/7/11 9.0/5/12 722 743
GPT-5.1 (Std) 34.92 42.88 23 (29.9%) 54 (70.1%) 9.3/7/11 9.1/6/12 783 783
GPT-5.1 (Think) 40.64 44.38 32 (41.0%) 46 (59.0%) 9.2/6/11 8.8/6/12 727 768
Qwen3-30B (Std) 44.35 44.61 36 (46.8%) 41 (53.2%) 9.4/7/12 8.8/4/11 718 764
Qwen3-4B (Std) 37.54 43.97 26 (33.8%) 51 (66.2%) 9.4/7/12 9.0/6/12 736 739
Ministral3-14B (Std) 34.45 38.58 31 (39.7%) 47 (60.3%) 9.5/7/12 9.3/7/11 737 731
Gemini-2.5-Flash (Std) 27.49 35.53 23 (29.5%) 55 (70.5%) 9.8/8/12 9.3/6/12 739 741
Gemini-2.5-Flash (Think) 30.43 37.06 22 (28.2%) 56 (71.8%) 9.5/8/12 9.4/6/12 751 732

Average 36.99 41.64 252 (36.2%) 444 (63.8%) 9.3/4/12 9.1/4/12 735 749

Table 11: Extraction mode comparison across all models. Standard and Thinking columns show average E2E
accuracy (%) using rules from each extractor. Rules shows mean/min/max rule count; Chars shows average
characters per rule set.
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