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Abstract001

Hallucination in large language models (LLMs)002
remains a critical barrier to their safe deploy-003
ment. For hallucination detection to be prac-004
tical in real-world scenarios, the use of effi-005
cient small models is essential to ensure low006
latency and minimal resource consumption.007
However, existing methods rely on fixed veri-008
fication strategies, where simply tuning small009
models to mimic fixed verification trajectories010
fails to capture the adaptability required for di-011
verse hallucination patterns, thereby inducing012
planning instability. To address this limitation,013
we propose a “Learning to Evaluate and Adap-014
tively Plan” (LEAP) framework, which shifts015
hallucination detection from fixed execution to016
dynamic strategy learning. Specifically, LEAP017
first employs a powerful teacher model to itera-018
tively explore and refine verification strategies019
through a failure-driven loop. This dynamic020
planning capability is then distilled into an ef-021
ficient student model, augmented by a novel022
proactive correction mechanism that enables023
the model to evaluate and optimize its verifi-024
cation strategy before execution. Experiments025
on three benchmarks demonstrate that LEAP026
outperforms state-of-the-art methods, offering027
an effective and scalable solution for reliable028
hallucination detection.029

1 Introduction030

Hallucination undermines the reliability of large031

language models (LLMs) through the generation032

of factually incorrect or fabricated content. This is-033

sue poses severe risks in high-stakes domains such034

as medicine and law (Ji et al., 2023; Zhang et al.,035

2023). Therefore, equipping LLMs with the abil-036

ity to discern the veracity of their own outputs via037

hallucination detection has become a critical pre-038

requisite for safe deployment (Huang et al., 2025).039

Existing detection methods typically fall into040

two paradigms: intrinsic self-check and tool-041

augmented verification. The former leverages mod-042

els’ internal signals like token probabilities (Ren043
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et al., 2023; Kuhn et al., 2023) or patterns in activa- 044

tion states (Du et al., 2024; Bazarova et al., 2025) 045

for hallucination flagging. However, these methods 046

may fail when the model is confidently wrong. 047

This constraint has spurred the development of 048

tool-augmented methods (Chern et al., 2023; Wei 049

et al., 2024), which verify claims by retrieving ex- 050

ternal evidence. For such tool-augmented detection 051

to be practical in real-world applications, there is a 052

growing emphasis on using efficient small models 053

(Belyi et al., 2025). Their low latency and min- 054

imal resource requirements make them ideal for 055

real-time monitoring and on-device deployment. 056

However, the limited parameter scale of these mod- 057

els introduces a significant performance bottleneck. 058

To compensate for their restricted reasoning ca- 059

pabilities, existing frameworks typically resort to 060

predefined and fixed verification strategies. As 061

shown in Figure 1, these methods execute the 062

same “search-and-verify” workflow, regardless of 063

whether a claim involves simple facts or complex 064

causal relationships. This fixity lacks the adapt- 065
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ability required for diverse hallucination patterns,066

often leading to inappropriate tool calls and detec-067

tion failures. Furthermore, even when specifically068

tuned (Cheng et al., 2024), they also suffer from069

planning instability due to mimicking fixed trajec-070

tories over adaptive reasoning and may generate071

plausible but ineffective verification plans when072

facing complex claims, as shown in Appendix F.073

To bridge this gap, we argue that simply tuning074

small models to mimic fixed tool-use trajectories is075

insufficient, as it fails to capture the underlying rea-076

soning logic required for diverse claims. Instead,077

robust hallucination detection requires a paradigm078

shift from executing fixed process to planning adap-079

tive dynamic strategies. However, implementing080

this shift presents two core challenges. First, since081

optimal verification paths are claim-specific and082

not predefined, how can we automatically construct083

diverse high-quality strategies? Second, given the084

limited capacity of efficient small models, how085

can we internalize this adaptive planning capability086

while preventing the generation of unstable plans?087

To address these challenges, we propose a novel088

Learning to Evaluate and Adaptively Plan (LEAP)089

framework designed to endow efficient small mod-090

els with the dynamic planning capabilities. First, to091

address the challenge of constructing diverse strate-092

gies, we establish a dynamic strategy learning loop093

where a teacher model iteratively explores and re-094

fines verification trajectories based on past failures.095

This process populates memory with high-quality096

strategies that transcend the limitations of fixed097

workflows. Second, to internalize and stabilize098

this capability in small models, we employ agent099

tuning augmented by a novel proactive correction100

mechanism. As shown in Figure 1, a tuned critic101

performs a preemptive assessment of the proposed102

strategy’s validity before tool execution. Should the103

initial plan be identified as suboptimal, the reflector104

triggers an iterative refinement loop to synthesize105

an optimized strategy. This “look before it leaps”106

paradigm ensures that the actor executes only pre-107

cise and validated strategies, thereby achieving ro-108

bust hallucination detection even within the con-109

straints of limited model parameters.110

Our contributions are summarized as follows:111

• We propose LEAP, a new dynamic strategy112

learning framework that transcends fixed ver-113

ification strategies and enables small models114

to master diverse and adaptive strategies.115

• We propose a novel proactive correction mech-116

anism, which a tuned critic evaluates and trig- 117

gers the refinement of verification strategies 118

before execution, enhancing the robustness of 119

strategy execution. 120

• Experiments on three datasets validate the su- 121

periority of LEAP over baselines based on the 122

fixed strategy in hallucination detection. 123

2 Related Work 124

Hallucination Detection Hallucination detection 125

aims to assess the veracity of content from LLMs, 126

a critical step to ensure their reliability (Luo et al., 127

2024a). Existing methods fall into two paradigms: 128

intrinsic self-check and tool-augmented verifica- 129

tion. Intrinsic methods operate without external 130

knowledge, leveraging signals like token proba- 131

bilities for uncertainty estimation (Varshney et al., 132

2023; Yao et al., 2023a; Luo et al., 2024b), self- 133

consistency (Manakul et al., 2023; Cheng et al., 134

2025), or internal activation patterns (Du et al., 135

2024; Chen et al., 2024a; Bazarova et al., 2025). 136

Although insightful, these methods fail to spot in- 137

correct claims made with high confidence. Tool- 138

augmented methods address this by retrieving ex- 139

ternal evidence (Min et al., 2023; Chern et al., 2023; 140

Dhuliawala et al., 2024; Wei et al., 2024; Xie et al., 141

2025). However, these methods all adhere to a fixed 142

verification strategy. They execute a uniform work- 143

flow regardless of claim complexity, making them 144

brittle against diverse hallucination patterns. Thus, 145

the core challenge of learning adaptive strategies 146

remains unsolved. 147

Agent Tuning Agent tuning has emerged as a 148

powerful paradigm for allowing smaller models to 149

learn sophisticated behaviors by finetuning them on 150

high quality decision trajectories (Zeng et al., 2024; 151

Chen et al., 2024b; Lai et al., 2025). Although 152

prior work has successfully distilled strategies for 153

general purpose reasoning and planning (Wei et al., 154

2022; Yao et al., 2023b; Shinn et al., 2023; Shi 155

et al., 2024; Bo et al., 2024), its application to 156

hallucination detection (Cheng et al., 2024) reveals 157

a critical limitation. Current approaches primarily 158

focus on mimicking static verification routines. As 159

a result, the student model learns to follow a fixed 160

trajectory but lacks the capability to adjust when 161

the strategy itself is flawed. This highlights the 162

need to distill a strategy that is inherently dynamic 163

and adaptive. 164
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3 Method165

3.1 Problem Formulation166

Given a claim consisting of a user query Q and167

a response R generated by the model, our ul-168

timate goal is to predict a binary label Y ∈169

{Hallucination,Not Hallucination}. Rather than170

directly mapping the claim (Q,R) to Y , our ap-171

proach focuses on optimizing the evidence gather-172

ing process that informs the final decision. A high173

quality process is guided by an appropriate strategy174

for selecting and using information gathering tools.175

We propose that the final verdict is determined by176

the quality of this evidence gathering process.177

Given our premise that strategy is critical for178

effective information gathering, we reframe hal-179

lucination detection as a learning problem of dy-180

namic strategies and formalize this process through181

a verification strategy πstrat, which orchestrates182

the verification process. Our goal is to learn an183

optimal strategy π∗
strat that is both effective and184

dynamically adaptable to the specific claim.185

Strategy execution relies on the collaboration of186

multiple specialized agents, as hallucinations are187

complex and diverse, requiring them to jointly op-188

erate the detection framework. Their interactions189

are captured in a verification trajectory τ similar190

to ReAct (Yao et al., 2023c). A trajectory is a se-191

quence of states and the transitions between them,192

composed of interleaved thoughts, actions, and ob-193

servations:194

τ = (s0, t1, a1, o1, s1, t2, a2, o2, s2, . . . , sN ) (1)195

where sn represents the state at step n, which in-196

cludes the initial claim and the history of all prior197

steps (ti, ai, oi)
n−1
i=1 . Specifically, the trajectory198

components are: Thought (ti), the explicit reason-199

ing guided by the overarching strategy πstrat ana-200

lyzing the current state to decide the next action;201

Action (ai), a concrete operation typically involv-202

ing an external tool call; Observation (oi), the out-203

put returned from the tool after executing action ai.204

The final verdict Y is determined by the terminal205

state sN . Since the initial strategy πstrat orches-206

trates the interactions generating this trajectory, the207

final verdict is a direct result of the initial plan.208

Therefore, the core challenge shifts from learn-209

ing a simple classifier to discovering an optimal210

verification strategy π∗
strat, that consistently guides211

the agent interaction to a correct and robust verdict.212

3.2 Overview 213

To overcome the insufficient adaptability of the 214

fixed verification strategy, we propose LEAP, a 215

framework that shifts the paradigm from fixed exe- 216

cution to dynamic strategy learning. As illustrated 217

in Fig. 2, LEAP consists of three stages. First, to 218

gather diverse strategies, we employ dynamic strat- 219

egy learning, using a teacher model within a dy- 220

namic learning loop that systematically learns from 221

execution failures to continually generate superior 222

strategies. Second, to transfer dynamic learning ca- 223

pabilities into an efficient small student model, we 224

utilize agent tuning by training on specific expert 225

trajectories. Finally, to ensure that the strategy is 226

adaptive in dynamical execution environments, we 227

introduce a proactive correction mechanism, which 228

can preemptively evaluate and optimize its own ver- 229

ification strategies for each specific claim before 230

execution, thus ensuring robust performance. 231

3.3 Dynamic Strategy Learning 232

The first phase is dynamic strategy learning de- 233

signed to generate the diverse verification strate- 234

gies. We achieve this through a closed loop where 235

four agents collaborate to systematically learn from 236

execution failures: the planner designs a strategy, 237

the actor executes it to produce a trajectory, the 238

critic evaluates the outcome, and for any failures, 239

the reflector generates corrective feedback that is 240

fed back to the planner. This iterative process not 241

only drives the continuous evolution of strategies, 242

but also yields the high quality trajectories required 243

for the subsequent agent tuning phase. 244

Planner: Strategy Design The planner is an 245

agent responsible for creating a high-level cus- 246

tomized verification strategy πstrat for an input 247

claim, using past experiences to go beyond fixed 248

strategies. It generates the strategy as follows: 249

πstrat = Planner(s0,Pp,Rretrieved), (2) 250

where s0 is the initial state containing the claim, Pp 251

is the prompt with task instructions, andRretrieved is 252

a set of relevant reflections retrieved from memory. 253

A complete strategy πstrat usually specifies the 254

type of problem, a high-level verification strategy, 255

and a concrete verification plan. 256

To inform its planning, the planner performs 257

reflection retrieval, querying a memoryMP to find 258

the K most relevant past reflections: 259

Rretrieved = {r | rank(sim(er, es0)) < K, r ∈ MP } (3) 260
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Figure 2: The LEAP framework with its (a) workflow and (b) core components, including three main steps: 1.
Dynamic Strategy Learning and Trajectory Generation Using Teacher Model: A teacher model uses the dynamic
learning loop to learn from failure and generate trajectories. 2. Capability Distillation via Agent Tuning: The
trajectories are distilled into an efficient student model. 3. Detection with Proactive Correction Using Student
Model: The student model adaptively refines its plan before execution to ensure appropriate strategies.

where e denotes the text embedding and sim(·, ·)261

represents cosine similarity, implemented with262

FAISS (Johnson et al., 2019) for efficient retrieval.263

The retrieved reflections provide relevant experi-264

ences for the planner to synthesize a new strategy.265

When the reflector generates a new reflection rnew266

from a failure, it is integrated into the memory:267

MP ←MP ∪ {rnew}. (4)268

Actor: Strategy Execution The actor executes269

the verification strategy πstrat by generating the270

verification trajectory τ . To do so, it performs a271

series of actions, primarily by invoking external272

tools. We equip the actor with a versatile toolbox273

inspired by previous work (Cheng et al., 2024), in-274

cluding search engine, calculator, code interpreter,275

etc. Details are available in the Table 11.276

At each step n, the action an is determined based277

on the strategy πstrat, the current state sn, and a278

dynamically retrieved set of relevant examples Ψn:279

an = Actor(sn, πstrat,PA,Ψn), (5)280

where Ψn is retrieved based on similarity to the281

current claim from the actor’s memoryMA, which282

stores tuples of (claim, strategy, advantage value).283

Based on the stored advantage value A, it’s com-284

posed of samples from both successful precedents285

Ψn
pos for A > 0 and cautionary tales Ψn

neg for286

A ≤ 0. Upon completing the trajectory τ , the287

actor passes it to the critic for evaluation. The ac-288

tor’s memory is updated with the strategy and its289

evaluated advantage: 290

MA ←MA ∪ {(s0, πstrat, A(πstrat, τ))}, (6) 291

where A(πstrat, τ) is the advantage value calcu- 292

lated by the critic. 293

Critic: Strategy Evaluation The critic is an 294

evaluator agent that provides a quantitative feed- 295

back signal by calculating the advantage value 296

A(πstrat, τ) for a completed trajectory τ . Once 297

the trajectory is finalized, the critic assigns a com- 298

prehensive strategic score V (s0) based on the pre- 299

defined scoring principles illustrated in Figure 9. 300

To formalize this process, the critic estimates a 301

state-value function V (sn), representing the mea- 302

sured utility of the trajectory from state sn. The 303

critic models this function by using its memory 304

MC to store past (state, value) pairs, allowing it to 305

fit the value function via in-context learning: 306

V (sn) = Critic(sn,PC ,MC). (7) 307

After each trajectory, the newly computed state 308

values are used to update the memory: 309

MC ←MC ∪ {(sn, V (sn)) | sn ∈ τ}. (8) 310

With the learned value function, we compute the 311

advantage by adapting the commonly used advan- 312

tage function (Sutton et al., 1999) to our task: 313

A(πstrat, τ) = RT − V (s0)− λ ·Ntools, (9) 314
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where RT denotes detection success, V (s0) de-315

notes the strategic quality score and λ · Ntools pe-316

nalizes redundancy to ensure a parsimonious yet317

accurate verification path. This advantage A serves318

as the core signal for strategy optimization and319

subsequent agent distillation.320

Reflector: Strategy Evolution The reflector is321

the engine agent for strategy evolution, operating322

specifically on failures. When a trajectory is as-323

signed a negative value by the critic, the reflector324

generates corrective feedback:325

rnew = Reflector(τfail,PR), (10)326

using a specialized prompt PR, the reflector an-327

alyzes the failed trajectory τfail and generates a328

structured reflection rnew, which contains diagno-329

sis of failures, generalizable high-level principles330

to prevent similar errors, and a revised verification331

strategy. The new reflection rnew is then added to332

the planner’s memory MP , directly closing the333

learning loop and systematically converting fail-334

ures into improved future strategies.335

Through this loop, we curate a pool of 1,889336

distinct strategies that cover a range of patterns,337

including entity validation and complex contextual338

synthesis. Details are in the Appendix C.339

3.4 Agent Tuning340

The second phase is agent tuning, where we fine-341

tune efficient small models using the trajectories342

collected in the first phase. The trajectories provide343

the entire reasoning process, allowing the student344

model to learn how to plan, not just what the result345

is. This process distills dynamic learning capa-346

bilities, resulting in a small but powerful detector347

capable of adaptive learning.348

Trajectory Collection First, we employ the349

LEAP framework that uses a powerful model to350

process verification tasks from commonly used351

benchmarks such as HaluEval (Li et al., 2023) and352

MMLU-Pro (Wang et al., 2025). To ensure the353

quality of training data, we perform a strict cura-354

tion process. We retain only the trajectories, those355

that not only reach the correct final verdict but also356

exhibit high efficiency. This quality is quantified357

by the advantage value computed by the critic; we358

filter for trajectories where A(πstrat, τ) is positive.359

This process yields high quality trajectories Dexpert.360

Trajectory Finetuning To mitigate the planning361

instability in small models, we implement func-362

tional specialization by training distinct LoRA 363

adapters (Hu et al., 2022) for the planner, ac- 364

tor, and critic. This decoupling prevents inter- 365

ference between capabilities, allowing the system 366

to dynamically orchestrate these specialized mod- 367

els. For each trajectory τ ∈ Dexpert, we for- 368

mat it as a multi-turn conversation sequence con- 369

sisting of the initial state s0 and the full history 370

of interleaved thoughts, actions, and observations 371

(t1, a1, o1, . . . , tT , aT , oT ). 372

To finetune the planner and actor, we employ 373

a standard instruction-tuning objective where the 374

model takes the full history as context but computes 375

the loss only on the thought and action tokens gen- 376

erated by the agent, masking the observation tokens 377

provided by tools. The objective is defined as: 378

LSFT (θ) = −
∑

(s0,τ)∈D

∑
j∈Iagent

logPθ(yj |s0, y<j), (11) 379

where y represents the linearized sequence of all 380

tokens in the trajectory, and Iagent denotes the in- 381

dices of tokens belonging to thoughts and actions. 382

For the critic, we construct a specialized dataset 383

Dcrit = {(s0, πstrat, A)i}, where the labels A are 384

advantage values collected from the teacher’s ac- 385

tual executions. By predicting these values from 386

the strategy alone, the critic internalizes the map- 387

ping between strategic logic and eventual success. 388

This capability provides the predictive foundation 389

for the proactive correction mechanism to stabilize 390

planning during inference. 391

3.5 Proactive Correction 392

The final phase is the proactive correction mecha- 393

nism designed to ensure that the tuned small model 394

adaptively optimizes its strategy for each specific 395

claim, thereby mitigating the planning instability. 396

Given a claim s0, the finetuned planner first gen- 397

erates an initial strategy πstrat. Critically, rather 398

than proceeding to immediate execution, LEAP in- 399

tercepts this plan for a preemptive evaluation. The 400

finetuned critic assesses the strategy’s quality by 401

predicting an estimated advantage score: 402

Â(πstrat) = Critictuned(s0, πstrat,PC ,MC), (12) 403

where Â(πstrat) predicts the likely success and ef- 404

ficiency of the proposed strategy. This is different 405

from conventional post-hoc reflection by identify- 406

ing potential reasoning flaws before tool calls. 407

The predicted advantage is then compared to a 408

confidence threshold θcorr. If the strategy is deemed 409
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sufficiently robust (i.e. Â(πstrat) ≥ θcorr), it is ap-410

proved for the actor. Otherwise, the proactive cor-411

rection loop is triggered. The reflector diagnoses412

the strategy’s weaknesses and generates corrective413

feedback rcorr, which guides the planner to synthe-414

size a revised and superior strategy π′
strat. This415

iterative refinement ensures that the finetuned ac-416

tor executes only validated and precise strategies.417

Once a strategy is approved, the actor takes over. It418

executes the strategy, generating the thought-action419

trace τ ′ by interacting with the necessary tools to420

reach the final detection verdict.421

4 Experiments422

4.1 Experimental Setup423

Datasets and Metrics To comprehensively eval-424

uate LEAP, we use three challenging benchmarks425

with strictly non-overlapping splits: HaluEval (Li426

et al., 2023) and MMLU-Pro (Wang et al., 2025) as427

in-domain datasets and XTRUST (Li et al., 2024)428

as out-of-domain datasets to evaluate robustness.429

Following prior work (Xie et al., 2025; Cheng et al.,430

2024), we strictly curate the test sets with halluci-431

nation ratios ranging from 44% to 55% to prevent432

majority-class bias, using accuracy and F1 score as433

evaluation metrics. Details are in the Appendix A.434

Baselines We compare against state-of-the-art435

baselines, including (1) intrinsic methods (Perplex-436

ity (Ren et al., 2023), LN-entropy (Malinin and437

Gales, 2021), Semantic Entropy (Kuhn et al., 2023),438

Self-CheckGPT (Manakul et al., 2023)); (2) tool-439

augmented prompt-based methods (Factool (Chern440

et al., 2023), SAFE (Wei et al., 2024), FIRE (Xie441

et al., 2025)) and (3) finetuned methods (HaluA-442

gent (Cheng et al., 2024)). Details are in the Ap-443

pendix A.2.444

Implementation Details We employ GPT-4o445

mini as the teacher model to generate diverse trajec-446

tories with decoding temperature 1.0 and top-p 1.0,447

selected for its proven high capability in fact check-448

ing (Xie et al., 2025). We distill three open source449

models: Qwen2.5-7B-Instruct (Qwen et al., 2025),450

Llama3.1-8B-Instruct (Grattafiori et al., 2024), and451

Mistral-8B-Instruct (Jiang et al., 2024). The stu-452

dent models are finetuned on the trajectories using453

LoRA, with a rank of 8, α of 32, a learning rate454

of 1e-4 and hyperparameters λ = 0.1, K = 2,455

θcorr = 0. For fair comparison, the temperature for456

all models is set to 0.0 during evaluation to ensure457

deterministic outputs.458

4.2 Main Results and Analysis 459

Table 1 demonstrates the consistent superiority of 460

LEAP across all models and datasets. On Qwen2.5- 461

7B, our method achieves an accuracy of 69.89%, 462

surpassing the best baseline by a margin of 7.31%. 463

This performance highlights three critical insights 464

into effective hallucination detection. 465

The necessity of external tools. The substan- 466

tial performance gap between LEAP and intrinsic 467

methods confirms that relying solely on internal 468

signals is insufficient. Intrinsic approaches are 469

bounded by the model’s parametric knowledge and 470

fail when the model generates incorrect informa- 471

tion with high confidence, necessitating external 472

evidence for reliable verification. 473

Advantage of dynamic planning over fixed 474

strategies. Comparisons with tool-augmented 475

prompt-based baselines reveal that tool access 476

alone is inadequate without adaptive strategies. 477

Fixed pipelines like Factool and SAFE mechan- 478

ically execute predefined workflows, which prove 479

brittle against relational hallucinations where er- 480

rors stem from flawed logical connections rather 481

than simple factual inaccuracies. LEAP overcomes 482

this fixity by employing dynamic strategy learning, 483

enabling the model to tailor its verification plan to 484

the specific logical structure of each claim. 485

Distilling planning capabilities versus mimick- 486

ing execution. Crucially, LEAP significantly out- 487

performs HaluAgent, the strongest finetuned base- 488

line. While HaluAgent learns to mimic a fixed 489

execution procedure, it inherits the limitations of 490

the fixed pipeline. In contrast, LEAP distills dy- 491

namic planning and proactive correction capabili- 492

ties from the teacher model. By training on trajecto- 493

ries that involve strategy evaluation and refinement, 494

our student model learns to assess and optimize its 495

own verification logic before execution, rather than 496

merely following a fixed script. 497

4.3 Ablation Study 498

To dissect component contributions, we conduct an 499

ablation study using Qwen2.5-7B. As detailed in 500

Table 2, we examine five variants: w/o Correction, 501

which disables inference-time refinement; w/o Dy- 502

namic Strategy, which replaces the adaptive plan- 503

ner with a fixed pipeline; w/o Reflection Retrieval 504

and w/o Memory Retrieval, which exclude past in- 505

sights and execution trajectories, respectively; and 506

w/o Tools, removing all external tools. 507
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Models Methods
In-Domain Out-of-Domain Average

HaluEval MMLU-Pro XTRUST

Acc F1 Acc F1 Acc F1 Acc F1

Qwen2.5-7B

Perplexity 56.33 57.05 57.33 68.00 47.50 62.63 54.50 62.55
LN-entropy 54.67 66.00 56.67 67.50 48.00 62.32 53.75 65.64
Semantic Entropy 50.67 66.67 55.67 66.67 47.00 61.31 51.63 65.33
Self-Check(0) 51.20 63.40 56.66 69.54 46.07 59.92 52.00 64.97
Self-Check(3) 55.94 62.30 59.56 64.52 52.52 60.24 56.70 62.74

FACTOOL 59.00 67.20 59.60 69.23 47.42 56.78 56.38 65.53
SAFE 57.60 66.10 55.81 68.28 44.25 54.03 53.73 64.25
FIRE 65.67 68.31 61.05 69.23 53.61 57.94 60.97 66.13

HaluAgent 70.55 71.33 54.68 55.00 61.93 64.11 62.58 63.62
LEAP 74.19 75.00 69.81 75.31 64.00 66.36 69.89 72.88

Llama3.1-8B

Perplexity 50.00 66.67 55.00 70.97 44.00 61.11 50.38 66.89
LN-entropy 57.34 66.14 58.34 68.51 46.00 61.70 54.88 65.92
Semantic Entropy 50.67 66.96 55.33 65.59 43.00 58.99 50.50 64.45
Self-Check(0) 51.37 67.43 54.88 70.74 44.16 61.27 50.89 67.23
Self-Check(3) 49.82 64.47 55.25 70.67 46.24 61.83 51.05 66.37

FACTOOL 50.71 66.83 55.33 68.84 48.18 64.68 52.16 67.24
SAFE 60.64 70.56 57.96 70.49 60.58 66.25 59.64 69.75
FIRE 65.96 70.73 58.85 69.51 58.09 65.87 61.72 69.26

HaluAgent 69.36 71.92 54.41 54.05 63.30 59.65 63.36 62.92
LEAP 70.00 71.88 64.23 71.18 64.50 63.59 66.54 69.71

Mistral-8B

Perplexity 50.00 66.67 56.67 67.17 44.00 61.11 51.00 65.47
LN-entropy 56.67 69.48 58.67 68.04 44.50 61.32 54.38 66.90
Semantic Entropy 51.33 66.67 54.67 69.64 41.00 57.55 50.00 65.50
Self-Check(0) 51.67 61.74 60.14 70.37 44.95 54.77 53.02 63.33
Self-Check(3) 55.70 65.63 59.12 70.42 47.74 61.19 54.98 66.35

FACTOOL 62.02 68.95 62.26 71.43 48.37 55.87 59.15 67.27
SAFE 55.05 67.83 60.61 72.19 45.16 59.72 54.96 67.75
FIRE 53.00 66.33 58.23 71.11 48.37 60.70 53.87 66.95

HaluAgent 73.49 72.85 54.29 70.37 46.43 59.46 62.75 66.55
LEAP 74.00 74.17 63.21 71.15 57.50 61.54 65.90 69.77

Table 1: Main results on three hallucination detection datasets. We compare LEAP against state-of-the-art baselines
across three open-source LLMs. Bold denotes the best performance, and underline indicates the second-best.

Method HaluEval MMLU-Pro Xtrust

Acc F1 Acc F1 Acc F1

LEAP 74.19 75.00 69.81 75.31 64.00 66.36

w/o Correction 71.33 73.46 66.20 71.55 63.50 65.07
w/o Dynamic Strategy 70.55 71.33 54.68 55.00 61.93 64.11
w/o Reflection Retrieval 70.00 71.52 55.59 58.36 61.00 65.18
w/o Memory Retrieval 65.33 67.09 58.19 61.04 61.81 65.45
w/o Tools 59.00 49.80 54.33 45.42 53.00 50.53

Table 2: The ablation results on Qwen2.5-7B. The best
results are in bold.

The results confirm the integral role of each com-508

ponent. Specifically, removing memory retrieval509

leads to a marked decline on HaluEval, validating510

that accessing concrete execution examples is criti-511

cal for precise tool usage in fact-centric tasks. In512

contrast, the exclusion of reflection retrieval ham-513

pers performance on the reasoning-heavy MMLU-514

Pro. This performance gap highlights that abstract515

insights are pivotal for guiding the planner through516

complex adaptation, effectively bridging the di- 517

vide between fixed execution and adaptive plan- 518

ning. Furthermore, disabling proactive correction 519

induces consistent degradation, verifying the value 520

of pre-execution refinement in mitigating potential 521

errors. Finally, substituting the dynamic strategy 522

with a fixed pipeline results in the most severe drop 523

of over 20% F1 on MMLU-Pro, which demon- 524

strates that an adaptive strategy is fundamental to 525

overcoming the limitations of fixed paradigms. 526

4.4 Analysis on Trajectory Distillation 527

To assess the efficacy of trajectory distillation, we 528

compare the performance of the Qwen2.5-7B stu- 529

dent directly with its GPT-4o mini teacher. As 530

shown in Table 3, the student not only achieves 531

parity but surpasses the teacher, attaining 74.19% 532

accuracy on HaluEval and 69.81% on MMLU-Pro. 533

This performance indicates that the distillation pro- 534

cess effectively transfers the decision-making logic 535
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Models HaluEval MMLU-Pro Xtrust

Acc F1 Acc F1 Acc F1

LEAP 74.19 75.00 69.81 75.31 64.00 66.36

GPT 4o mini 73.67 75.69 69.31 76.32 64.50 68.16

Table 3: Comparison between Qwen2.5-7B student
model and its GPT-4o mini teacher.

HaluEval MMLU-Pro XTRUST
40

50

60

70

80

90

A
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ur
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70.0
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58.7

Cross-Model Generalization

Llama-3.1-8B Baseline
Teacher Upper Bound

Student (GPT-4o-mini Teacher)
Student (Qwen-2.5-72B Teacher)

Figure 3: Cross-model generalization performance of
the Llama3.1-8B student model.

and dynamic planning strategies, rather than merely536

mimicking outputs. Consequently, LEAP proves537

capable of compressing complex reasoning capa-538

bilities into a small model, enabling efficient de-539

ployment without compromising reasoning depth.540

4.5 Analysis on Cross-Model Generalization541

To assess architectural robustness, we use hetero-542

geneous teacher-student pairs: Qwen2.5-72B as543

teacher and Llama3.1-8B as student. Figure 3544

shows the student model achieves substantial gains545

over the vanilla baseline, with accuracy improve-546

ments of 20.1% on HaluEval and 15.9% on MMLU-547

Pro. Remarkably, as indicated by the teacher upper548

bound, the student approaches the performance549

of teacher model. These results validate LEAP’s550

cross-model transferability, confirming that smaller551

models can effectively inherit complex dynamic552

planning capabilities from stronger teachers despite553

architectural discrepancies.554

4.6 Efficiency Analysis555

To assess the practical deployability of LEAP, we556

analyze its inference latency compared to Halu-557

Agent. As shown in Table 4, LEAP achieves a558

better balance between effectiveness and efficiency.559

LEAP surpasses the strongest baseline by 7.31%560

on Qwen2.5-7B. While LEAP increases the aver-561

age latency to 18.45s from 12.32s, this overhead562

is intrinsic to the proactive correction mechanism563

where the planner and critic collaborate to optimize564

strategies. In high-stakes domains where reliabil-565

Method Latency (s) Acc. (%)
Min Max Avg

HaluAgent 8.17 22.21 12.32 62.58
LEAP 10.23 29.10 18.45 69.89

Table 4: Inference latency and accuracy comparison on
Qwen2.5-7B across three benchmarks.

Dataset Method Hallucinated Acc. Faithful Acc.

HaluEval HaluAgent 73.29% 67.81%
LEAP 78.83% 69.72%

MMLU-Pro HaluAgent 50.99% 59.06%
LEAP 85.92% 51.22%

XTRUST HaluAgent 76.14% 50.46%
LEAP 80.68% 50.89%

Table 5: Class-wise performance on Qwen2.5-7B.

ity is paramount, this computational investment is 566

well-justified by the significant reduction in detec- 567

tion failures. 568

4.7 Class-wise Performance Analysis 569

To ensure LEAP’s gains stem from reasoning ca- 570

pabilities rather than a bias toward hallucination, 571

we analyze accuracy on hallucinated versus faithful 572

samples as in Table 5. Results show LEAP excels 573

in detecting both hallucinated and faithful content, 574

confirming its gains are not driven by class-specific 575

bias. On MMLU-Pro, although LEAP’s faithful ac- 576

curacy declines by 7.84% relative to HaluAgent, its 577

hallucination detection surges by 34.93%. This sub- 578

stantial margin demonstrates proactive correction 579

mechanism effectively identifies flaws that base- 580

lines default to as faithful, thus ensuring a robust 581

defense against subtle errors. LEAP achieves a 582

superior balance between hallucination and faith- 583

fulness, which significantly reduces the risk of ac- 584

cepting false information in high-stakes scenarios. 585

5 Conclusion 586

In this work, we propose LEAP, a framework that 587

shifts tool-augmented hallucination detection from 588

fixed execution to dynamic strategy learning. By 589

integrating a dynamic strategy learning loop with a 590

proactive correction mechanism, LEAP enables ef- 591

ficient small models to overcome planning instabil- 592

ity and adaptively optimize verification strategies 593

before execution. Experiments on three datasets 594

validate the superiority of LEAP, offering a scal- 595

able and reliable solution for robust hallucination 596

detection in practical scenarios. 597
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Limitations598

While LEAP demonstrates significant improve-599

ments, it possesses inherent limitations that guide600

future research. First, the proactive correction601

mechanism introduces higher inference latency602

than fixed pipelines due to iterative reasoning be-603

tween the critic and reflector, necessitating further604

optimization for ultra-low latency scenarios. Sec-605

ond, detection performance is bounded by external606

tool reliability, as noisy or outdated evidence can607

compromise verification quality. Finally, although608

GPT-4o mini serves as an effective teacher, the ex-609

ploration of diverse open-source teacher models610

remains limited, prompting future research toward611

fully non-proprietary pipelines to further democra-612

tize high-quality hallucination detection.613

Ethics Statement614

This work aims to enhance the reliability of LLMs615

by addressing the critical challenge of hallucination.616

We adhere to the ACL Code of Ethics and highlight617

the following considerations:618

Enhancing Trustworthiness. Hallucinations in619

LLMs pose significant risks in high-stakes domains620

such as law and medicine. By improving the ac-621

curacy of hallucination detection through dynamic622

strategies, our method contributes to the develop-623

ment of safer and more trustworthy AI systems,624

mitigating the spread of misinformation.625

Data and Bias. The datasets used in this study626

are publicly available. We acknowledge that the627

models may inherit biases present in these datasets628

or the teacher model. We have not collected any629

private user data, and the proposed framework is in-630

tended for research and quality assurance purposes.631
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A Experimental Details892

A.1 Datasets893

To comprehensively evaluate the effectiveness and894

generalizability of our LEAP framework, we con-895

duct experiments on three challenging and widely896

recognized hallucination detection benchmarks:897

• HaluEval (Li et al., 2023): A general-purpose898

benchmark covering diverse domains and899

question styles (e.g., QA, dialogue) for evalu-900

ating hallucinations. It contains 35k halluci-901

nated samples where responses were automat-902

ically generated by ChatGPT via a two-stage903

(sampling-then-filtering) framework. We treat904

HaluEval as an in-domain dataset, sampling905

1,000 instances to generate expert trajectories906

for training and holding out 300 instances for907

testing.908

• MMLU-Pro (Wang et al., 2025): An ad-909

vanced benchmark derived from MMLU, uti-910

lizing GPT-4-Turbo for option augmentation911

(expanding choices from 4 to 10) and Gemini-912

1.5-Pro for reducing false negatives. It fea-913

tures challenging multi-step reasoning ques-914

tions across STEM, humanities, and social sci-915

ences. Similar to HaluEval, we use MMLU-916

Pro as an in-domain dataset, with 1,000 in-917

stances for training trajectory generation and918

300 instances for testing.919

• XTRUST (Li et al., 2024): A benchmark fo-920

cused on trustworthy evaluation across 10 lan-921

guages, assessing outputs from five distinct922

commercial LLMs (including GPT-4, Gemini923

Pro, and Baichuan). It contains hard negative924

examples and claims requiring fine-grained925

grounding to external evidence, ideal for as-926

sessing detection robustness and precision.927

We use XTRUST as an out-of-domain dataset,928

evaluating on a random sample of 200 in-929

stances.930

A.2 Baselines931

We compare LEAP with baselines across two932

distinct paradigms: intrinsic self-check and tool-933

augmented verification.934

Intrinsic Self-Check Methods These methods as-935

sess hallucinations relying on the model’s internal936

states or outputs.937

• Perplexity (Ren et al., 2023): A standard met-938

ric measuring the model’s confidence based939

on the exponentiated negative log-likelihood 940

of the generated sequence averaged over to- 941

kens. 942

• LN-entropy (Length-Normalized Entropy) 943

(Malinin and Gales, 2021): An uncertainty 944

measure that normalizes the entropy of the 945

predictive distribution by the sequence length, 946

mitigating the bias where longer sequences 947

naturally yield higher entropy. 948

• Semantic Entropy (Kuhn et al., 2023): An ad- 949

vanced entropy-based metric that aggregates 950

the probabilities of semantically equivalent 951

responses (clustered via bidirectional entail- 952

ment) to estimate uncertainty at the meaning 953

level rather than the token level. 954

• Self-CheckGPT (Manakul et al., 2023): A 955

method that assesses hallucination by evalu- 956

ating the factual consistency across multiple 957

sampled responses to the same prompt, oper- 958

ating without external knowledge. 959

Tool-Augmented Verification Methods These 960

methods leverage external tools to verify claims. 961

• Factool (Chern et al., 2023): A frame- 962

work that decomposes a response into atomic 963

claims and verifies them using a predefined, 964

procedural pipeline with dedicated tools like 965

a search engine or code interpreter. 966

• SAFE (Wei et al., 2024): An agent-based 967

framework that utilizes an LLM to break down 968

a long-form response into individual facts and 969

then iteratively issues search queries to verify 970

the accuracy of each fact. 971

• FIRE (Xie et al., 2025): A cost-effective 972

agent that iteratively decides whether to re- 973

trieve external evidence or rely on its inter- 974

nal knowledge based on its confidence in the 975

claim. 976

• HaluAgent (Cheng et al., 2024): A method 977

that fine-tunes a small model on synthesized 978

detection trajectories to act as an autonomous 979

detector, following a verification process dis- 980

tilled from a teacher model. 981

A.3 Implementation Details 982

Experimental Setup 983

We employ GPT-4o mini as the teacher model to 984

generate trajectories, selected for its proven high 985
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capability in complex fact checking tasks (Xie986

et al., 2025). We then distill this capability into987

three leading open-source models: Qwen2.5-7B-988

Instruct (Qwen et al., 2025), Llama-3.1-8B-Instruct989

(Grattafiori et al., 2024), and Mistral-8B-Instruct990

(Jiang et al., 2024).991

To generate a diverse set of expert trajectories,992

we execute our LEAP framework using the GPT-4o993

mini teacher with a decoding temperature of 1.0994

and top-p of 1.0. After curation and filtering by the995

framework, this process yielded 1,075 high quality996

trajectories for distillation. The student models are997

finetuned on these trajectories using LoRA, with a998

rank of 8, α of 32, and a learning rate of 1e-4.999

For a fair comparison, baselines originally de-1000

signed for proprietary models were adapted to run1001

on our open-source student models. For HaluA-1002

gent, we generated its training trajectories using1003

the same underlying data as our method to ensure1004

an equitable comparison. During evaluation, the1005

temperature for all models is set to 0.0 to ensure1006

deterministic and reproducible outputs.1007

Experimental Environment1008

For all experiments, we conduct experiments on a1009

single Nvidia A800-80G. We use the vLLM frame-1010

work (Kwon et al., 2023) for all the LLM genera-1011

tion.1012

Toolbox1013

For a fair and direct comparison, we equip our1014

method with the same versatile toolbox used in1015

HaluAgent (Cheng et al., 2024). This includes a1016

range of functions for both verification and system1017

operations. A complete summary of the tools and1018

their usage instructions is provided in Table 11.1019

B Algorithms1020

This section details the two core processes of the1021

LEAP framework: (1) Dynamic Strategy Learning1022

for offline trajectory synthesis and (2) Proactive1023

Correction for robust inference.1024

B.1 Dynamic Strategy Learning1025

Algorithm 1 outlines the closed-loop learning pro-1026

cess of the LEAP framework. It orchestrates the1027

collaboration between four distinct agents. The1028

primary objective is to systematically generate a1029

diverse set of high-quality verification strategies1030

and their corresponding execution trajectories. By1031

iteratively designing a strategy, executing it, eval-1032

uating the outcome, and reflecting on failures, the1033

Algorithm 1: Dynamic Strategy Learning Loop

Require: States S , agents {Planner, Actor, Critic,
Reflector}, prompts (Pp,PA,PR,PC), reflec-
tions K.

Ensure: MemoriesMP ,MA,MC .
1: for each initial state s0 ∈ S do
2: R ← RetrieveReflections(MP , s0,K)
3: πstrat ← Planner(s0,Pp,R)
4: τ ← Actor.Execute(πstrat, s0,PA,MA)
5: A← Critic.Evaluate(τ,PC ,MC)
6: MA ←MA ∪ {(s0, πstrat, A)}
7: MC ←MC ∪ {(sn, V (sn)) | sn ∈ τ}
8: if A < 0 then
9: rnew ← Reflector(τ,PR)

10: MP ←MP ∪ {rnew}
11: end if
12: end for

system continuously improves its strategic capabil- 1034

ities. The resulting trajectories and reflections form 1035

the high-quality data essential for the subsequent 1036

agent tuning phase. 1037

B.2 Proactive Correction 1038

Algorithm 2 details the inference-time mechanism. 1039

Instead of immediately executing a generated strat- 1040

egy, the system first employs a proactive correction 1041

loop. The finetuned critic preemptively assesses the 1042

initial strategy’s quality. If the predicted advantage 1043

is below a confidence threshold, the reflector is trig- 1044

gered to provide corrective feedback, enabling the 1045

planner to revise and improve the strategy before 1046

any costly tool execution. This ensures that only 1047

high-quality strategies guide the final verification 1048

process conducted by the actor. 1049

Algorithm 2: Inference with Proactive Correction

Require: Claim s0, threshold θcorr, tuned agents.
Ensure: Final verdict Y .

1: πstrat ← Plannertuned(s0)
2: Â(πstrat)← Critictuned(s0, πstrat)
3: if Â(πstrat) < θcorr then
4: rcorr ← Reflectortuned(πstrat)
5: πstrat ← Plannertuned(s0, rcorr)
6: end if
7: τ ′ ← Actortuned(s0, πstrat)
8: Y ← GetVerdict(τ ′)
9: return Y
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Figure 4: Semantic projection (t-SNE) of generated
verification strategies.

C Quantitative Analysis of Verification1050

Strategy Diversity1051

We conducted a comprehensive quantitative analy-1052

sis on the generated dynamic strategy pool compris-1053

ing 1,889 samples to verify that LEAP generates1054

adaptive strategies rather than repeating a limited1055

set of fixed templates.1056

C.1 Semantic Projection and Clustering1057

To visually evaluate structural diversity, we en-1058

coded all generated verification strategies into1059

high-dimensional semantic vectors using Sentence-1060

BERT and projected them into a 2D space using1061

t-SNE. As shown in Figure 4, the strategies do1062

not collapse into a single dense region but form1063

distinct, well-separated semantic clusters. These1064

clusters correspond to specific reasoning capabili-1065

ties required by different hallucination types:1066

• Calculation / Formula: Numerical verifica-1067

tion and mathematical derivation.1068

• Entity / Validation: Factual entity checking1069

and attribute verification.1070

• Combination / Contextual: Complex, multi-1071

hop queries requiring information synthesis.1072

This semantic separation demonstrates that LEAP1073

effectively decomposes problems into structurally1074

distinct verification plans tailored to the specific1075

query context.1076

C.2 Quantitative Diversity Metrics1077

To provide a rigorous evaluation, we calculated1078

statistical diversity metrics as presented in Table 6.1079

The generated strategies exhibit a Shannon Entropy1080

of 5.56, which is significantly higher than a system1081

Figure 5: Performance of the Qwen2.5-7B on HaluEval
as a function of strategy set size.

relying on fixed templates that typically yields an 1082

entropy score below 2.0. Additionally, the unique 1083

ratio of 49.13% indicates that nearly half of the 1084

generated strategies are distinct. This confirms that 1085

the planner dynamically synthesizes verification 1086

strategies based on the specific input claim rather 1087

than mimicking static trajectories. 1088

Metric Value Interpretation

Total Strategies 1,889 Total samples collected
during the dynamic learn-
ing phase.

Unique Strategies 928 Number of distinct strate-
gies.

Diversity Ratio 49.13% Ratio of unique instances.
Shannon Entropy 5.56 Metric of distributional

richness.

Table 6: Quantitative diversity metrics of the verification
strategies.

D Analysis on Strategy Set Size 1089

To investigate the impact of the scale of strategies 1090

on performance, we varied the number of strate- 1091

gies available to agents. Figure 5 reveals a distinct 1092

nonmonotonic relationship. Initially, performance 1093

increases as a larger strategy pool provides greater 1094

diversity and adaptability. Performance peaks at 1095

approximately 1,400 strategies, representing an op- 1096

timal balance. Beyond this point, we observe a 1097

slight but consistent degradation. We attribute this 1098

to our retrieval mechanism. As the total number 1099

of strategies in the memory grows, the likelihood 1100

increases that similarity-based retrieval which con- 1101

siders only a few top-k examples may fetch less 1102

relevant or lower quality strategies into the context. 1103

This introduces noise into the planning process, po- 1104

tentially degrading the quality of the final generated 1105

strategy. But LEAP performance remains signifi- 1106

cantly above the baselines in Table 1, underscoring 1107
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the overall robustness of our framework.1108

E Detailed Analysis of Dataset1109

Composition and Performance1110

To rigorously verify the robustness of LEAP and ad-1111

dress potential concerns regarding dataset balance,1112

we provide a fine-grained breakdown of dataset1113

composition and comparative class-wise perfor-1114

mance. We evaluate LEAP against the strongest1115

tool-augmented baseline, HaluAgent, using both1116

Qwen2.5-7B and Llama-3.1-8B.1117

E.1 Dataset Composition1118

Table 7 details the distribution of our sampled test1119

sets. These datasets exhibit minor natural vari-1120

ations with hallucination ratios ranging between1121

44% and 55%. This confirms that our evaluation is1122

conducted on balanced data, ensuring that accuracy1123

is not skewed by majority-class dominance.1124

Dataset Total Hallucinated Faithful Pos. Ratio

HaluEval 300 150 150 50.0%
MMLU-Pro 300 165 135 55.0%
XTRUST 200 88 112 44.0%

Table 7: Dataset composition breakdown statistics.

E.2 Comparative Class-wise Performance1125

To distinguish between effective strategy adapta-1126

tion and baseline limitations, we analyze the accu-1127

racy on hallucinated samples versus faithful sam-1128

ples. The results in Table 8 reveal a strategic trade-1129

off between LEAP and HaluAgent. While Halu-1130

Agent maintains higher accuracy on faithful sam-1131

ples, its verification process exhibits limited sen-1132

sitivity to subtle hallucinations, as evidenced by1133

its 46.36% accuracy on hallucinated samples with1134

the Llama-3.1-8B. In contrast, LEAP leverages its1135

proactive correction mechanism to preemptively1136

optimize verification strategies, achieving a higher1137

81.76% accuracy on hallucinated samples for the1138

same task. This substantial improvement in error1139

detection confirms that LEAP prioritizes safety by1140

effectively navigating intricate logical inconsisten-1141

cies. Although this rigorous verification leads to1142

a more conservative judgment on faithful content,1143

such increased sensitivity is a deliberate design1144

choice to ensure reliability in high-stakes scenarios1145

where false negatives pose a critical risk.1146

Dataset Model Method Acc. Hallu. Faith. F1

HaluEval
Qwen2.5

HaluAgent 70.55% 73.29% 67.81% 71.33%
LEAP 74.19% 78.83% 69.72% 75.00%

Llama3.1
HaluAgent 69.83% 77.03% 62.59% 71.92%
LEAP 70.00% 76.67% 63.33% 71.88%

MMLU-Pro
Qwen2.5

HaluAgent 54.68% 50.99% 59.06% 55.00%
LEAP 69.81% 85.92% 51.22% 75.31%

Llama3.1
HaluAgent 56.41% 46.36% 68.85% 54.05%
LEAP 64.23% 81.76% 43.65% 71.18%

XTRUST
Qwen2.5

HaluAgent 61.93% 76.14% 50.46% 64.11%
LEAP 64.00% 80.68% 50.89% 66.36%

Llama3.1
HaluAgent 63.30% 60.00% 66.02% 59.65%
LEAP 64.50% 70.45% 59.82% 63.59%

Table 8: Comparative class-wise performance. Hallu.
and Faith. denote accuracy on hallucinated and faithful
samples, respectively.

F Case Study 1147

Figure 6 presents a complex legal case where a 1148

claim contains multiple nuanced legal concepts: so- 1149

licitation, conspiracy, and attempted murder. The 1150

claim subtly misapplies the concept of “attempted 1151

murder” to accidental death, creating a challenging 1152

hallucination. We compare the fixed verification 1153

process of HaluAgent with the adaptive approach 1154

of LEAP. HaluAgent hindered by its fixed strategy 1155

adopts a naive verification plan. It attempts to vali- 1156

date the entire claim at once, without scrutinizing 1157

its individual components. As a result, it retrieves 1158

only general information and misses the subtle fac- 1159

tual error regarding “attempted murder” thus incor- 1160

rectly labeling the statement as non-hallucination. 1161

In contrast, LEAP demonstrates a multistage 1162

adaptive process. The planner first designs an ini- 1163

tial strategy to analyze the legal definitions of the 1164

three crimes mentioned. Critically, before execu- 1165

tion, the proactive correction mechanism assesses 1166

this initial strategy. It identifies the strategy as 1167

suboptimal and leverages its memory from past 1168

experiences to refine it into a more precise strat- 1169

egy focused on verifying the core legal elements of 1170

each crime. This optimized strategy enables a fo- 1171

cused execution—verifying "attempted murder" as 1172

a distinct sub question—that successfully isolates 1173

and identifies the hallucination. This case study 1174

highlights how LEAP’s ability to plan, critique, 1175

and revise its own strategy leads to a more robust 1176

detection process. 1177

G Computational Cost Analysis 1178

To provide a comprehensive evaluation of the eco- 1179

nomic and computational efficiency of our pro- 1180

posed framework, we conducted a detailed cost 1181
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Proactive Correction

Planner: Strategy Design

Unique answer type. Crime classification analysis. To validate the response, I will analyze the legal definitions and classifications of the crimes mentioned in the response—solicitation, conspiracy, and attempted murder—against the actions described in the query. This includes 

examining whether the brothers solicited the housekeeper to commit murder, whether they conspired with her, and whether they attempted to murder the physician. 

Critic: Strategy Evaluation

The effectiveness value of the strategy is: -2.2

Reflector: Strategy Evolution

The previous question type and verification strategy are not appropriate. Please judge again and choose the appropriate question type and verification strategy. You can refer to the positive score history below. 

When the type of question is Criminal conspiracy responsibility analysis type., and the verification strategy of the question is Conspiracy elements thorough examinationValidate the response by analyzing the conspiracy elements: 

1. Did the man express a clear …, the Value is 1.20. You can refer to the verification plan for solving previous problems, but don't confuse it with the problem you want to verify. You only need to verify your own problem. 

Planner: Strategy Update

I will now apply the appropriate verification strategy. …The verification plan will involve analyzing the elements of conspiracy and solicitation, specifically focusing on the intent of the brothers, their agreement, and the actions taken. Sub-questions for verification: 1. Did the brothers 

express a clear intent to conspire to commit murder? 2. Did they agree to the plan with the housekeeper? 3. Did they attempt to murder the physician? I will now proceed to validate these sub-questions by consulting legal resources. 

Strategy execution process：
ACTION: web_search(sentence="What are the elements required to prove conspiracy to commit murder, particularly regarding intent and agreement?")

OBSERVATION: Conspiracy to Commit a Specific …
……

ACTION: get_answer()

OBSERVATION: Yes. The response incorrectly states that the brothers are guilty of attempted murder of the physician, while the actual scenario involves soliciting the housekeeper to poison their uncle, which resulted in the accidental death of the physician. This does not constitute 

attempted murder but rather a case of conspiracy to commit a specific crime.

Fixed Strategy: Text Segmentation, Tool Selection, Execution and Judgment, Reflection and Final Output

Strategy execution process：
ACTION: web_search(sentence="Solicitation, conspiracy to commit murder of their uncle, and attempted murder of the physician.") 

OBSERVATION: A person commits the offense of solicitation of murder when he or she commits solicitation with the intent that the offense of first..
......

ACTION: get_answer()

OBSERVATION: No

Question: To gain an inheritance, two brothers hired a housekeeper to poison their uncle. They promised her a payment of 

$10,000 from the estate once the deed was done. The housekeeper then placed cyanide in a teacup intended specifically 

for the uncle. However, a visiting doctor accidentally drank the poison and died, while the uncle remained unharmed. 

What crimes are the brothers guilty of?

Hallucination Answer: Solicitation, conspiracy to commit murder of their uncle, and attempted murder of the physician.

[LEAP]

[HaluAgent]

Similarity Search

Strategy Correction

Appropriate Strategy

Initial Strategy

Figure 6: A case study on a complex reasoning task. HaluAgent uses its fixed strategy and LEAP uses its dynamic
planning, including strategy correction and precise execution.

analysis using GPT-4o mini as a representative of1182

efficient proprietary LLMs. Our cost calculation is1183

based on the official pricing of OpenAI’s GPT-4o1184

mini API1:1185

• Input Token Price: $0.15 per 1M tokens.1186

• Output Token Price: $0.60 per 1M tokens.1187

We performed a statistical analysis on the ag-1188

gregated output logs from our experiments. The1189

dataset comprises 1,075 valid dialogue trajectories1190

used for training. The detailed token usage and1191

cost breakdown are presented in Table 9.1192

Metric Value

Total Dialogues 1,075
Total Input Tokens 3,030,168
Total Output Tokens 417,847

Avg. Input Tokens per Query 2,818.76
Avg. Output Tokens per Query 388.69
Avg. Total Tokens per Query 3,207.46

Total Cost (USD) $0.706

Table 9: Detailed cost analysis of the GPT-4o mini
model.

As shown in Table 9, the total cost for con-1193

structing the expert dataset is approximately $0.71.1194

While this cost appears low, it scales linearly1195

with request volume. In contrast, our LEAP-1196

tuned model supports local or private cloud de-1197

ployment. Once finetuned, the inference cost is1198

decoupled from per-token commercial pricing, of-1199

fering a significantly more scalable solution for1200

high-frequency hallucination detection tasks. The1201

LEAP framework effectively distills the reasoning1202

capability of a paid API service into a cost-efficient1203

model.1204
1https://openai.com/api/pricing/

Method Latency (s) Acc. (%)
Min Max Avg

HaluAgent 8.17 22.21 12.32 62.58
LEAP 10.23 29.10 18.45 69.89

Table 10: Inference latency and accuracy comparison
on Qwen2.5-7B across three benchmarks.

H Inference Latency Analysis 1205

To assess the practical deployability of LEAP, we 1206

analyze its inference latency compared to Halu- 1207

Agent. As shown in Table 10, LEAP achieves a 1208

better balance between effectiveness and efficiency. 1209

LEAP surpasses the strongest baseline by 7.31% 1210

on Qwen2.5-7B. While LEAP increases the aver- 1211

age latency to 18.45s from 12.32s, this overhead 1212

is intrinsic to the proactive correction mechanism 1213

where the planner and critic collaborate to optimize 1214

strategies. In high-stakes domains where reliabil- 1215

ity is paramount, this computational investment is 1216

well-justified by the significant reduction in detec- 1217

tion failures. 1218

I Instructions 1219

In this section, we provide the detailed instruc- 1220

tions used to guide each agent in our framework. 1221

Each prompt is designed to elicit a specific behav- 1222

ior corresponding to the agent’s role in the dynamic 1223

strategy learning loop. 1224

Planner prompt (Pp) This prompt instructs the 1225

planner on how to generate a high-level verifica- 1226

tion strategy πstrat for a given claim. It guides 1227

the agent to consider the problem type, devise a 1228

general strategy, and formulate a concrete, step-by- 1229

step verification plan. The design of this prompt is 1230

crucial for generating diverse and plausible initial 1231
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strategies. An example of the planner prompt is1232

shown in Figure 7.1233

Actor prompt (PA) The actor prompt guides the1234

execution agent at each step n of the verification1235

trajectory. Based on the overall strategy πstrat and1236

the current state sn, this prompt asks the agent to1237

generate the next thought and action (tn+1, an+1).1238

The prompt encourages the agent to make concrete1239

tool calls to gather evidence. An example is pro-1240

vided in Figure 8.1241

Critic prompt (PC) The critic prompt is used1242

to elicit the state-value estimation V (sn) from the1243

critic agent. It presents the agent with a state from1244

a trajectory and asks for a numerical evaluation1245

of the expected future outcome. This prompt is1246

essential for the critic to learn its value function1247

and provide the baseline for advantage calculation.1248

An example is shown in Figure 9.1249

Reflector prompt (PR) The reflector prompt is1250

specifically designed to facilitate learning from fail-1251

ures. When a trajectory receives a negative advan-1252

tage value, this prompt is used to guide the reflector.1253

The agent analyzes the failed trajectory τfail to pro-1254

duce a structured reflection containing a failure1255

diagnosis and a corrected strategy. This reflection1256

is then stored to improve future planning. The de-1257

tailed prompt is shown in Figure 10.1258
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Tool Description and Usage

Verification Tools

web_search Searches the web with a query string to retrieve factual information.
Usage: web_search(query: str) -> str

calculator Evaluates a mathematical formula provided as a string.
Usage: calculator(formula: str) -> float

code_interpreter Executes a given code snippet. Returns a label indicating success or failure.
Usage: code_interpreter(code: str) -> bool

word_count Counts words in a text against a specified length requirement.
Usage: word_count(length: int, text: str) -> (int, bool)

match Semantically matches a sentence against a provided context.
Usage: match(sentence: str, context: str) -> bool

System Tools

split_text Segments a block of text into a list of individual sentences.
Usage: split_text(text: str) -> list[str]

get_answer Returns the final detection result, with optional supporting evidence.
Usage: get_answer() -> (str, str)

Table 11: The toolbox available to our method, adapted from HaluAgent for fair comparison. It includes tools for
verification and system operations.

You are an agent tasked with detecting hallucinations in reply texts using a specific framework. Below is a detailed explanation of the 

detection framework:

First, it is necessary to determine whether to use a sentence segmentation tool to split the input response text into a list of sentences. If so, each 

sentence needs to be checked one by one; otherwise, the entire article needs to be checked as a whole.

For the questions that need to be judged and their corresponding response texts, please follow the steps below:

1. Determine the question type: Based on the existing question types below, determine the category to which the current question belongs, and 

fill the category into the [QUESTION_TYPE] flag position. 

2. Select verification strategy: Based on the determined problem type, if the reflection content is not empty, you need to determine a new 

verification strategy based on the reflection content; if the reflection content is empty, select the most appropriate strategy from the existing 

verification strategies below. And fill in the strategy name in the ̀ [VERIFICATION_STRATEGY]` flag.

Solve a hallucinations detection task with interleaving Thought, Action steps. 

- Thought: Begin with [QUESTION_TYPE], [VERIFICATION_STRATEGY], [VERIFICATION_PLAN] and [VERIFICATION_PATH].

- Action: Tool call, e.g., match(sentence="... ", context="...").

Remember: [VERIFICATION_PLAN] must be a macro plan that is not related to the problem and does not involve any specific information 

about the problem at all! And [VERIFICATION_PATH] is the validation process that involves the problem.

Each time, it should be generated step by step in the order of Thought and Action.

After each tool use, I will provide the output as follows: "Observation: Tool's output result".

{reflections}

{query}

Figure 7: An example of the prompt used for the Planner agent (Pp).
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You are an agent tasked with detecting hallucinations in reply texts using a specific framework. Below is a detailed explanation of the 

detection framework:

First, it is necessary to determine whether to use a sentence segmentation tool to split the input response text into a list of sentences. If so, 

each sentence needs to be checked one by one; otherwise, the entire article needs to be checked as a whole.

For the questions that need to be judged and their corresponding response texts, please follow the steps below:

1. Content validation: Construct a clear validation logic for the problem based on the selected ̀ [VERIFICATION_STRATEGY]`, do not 

involve any specific problem here, just consider designing the validation logic for this type of problem from a macro perspective and populate 

this portion of the validation logic with the [VERIFICATION_PLAN] flag bit. If the reflection content is not empty, you need to refer to its 

solution strategy. Verification paths involving specific issues need to be spaced out from the verification logic and must be directly related to 

the original user issue, and populate this part to the [VERIFICATION_PATH] flag bit. You can choose a suitable fact-checking tool (e.g. 

web_search(sentence = “...”) etc.) to get the information for verification, and use the matching tool to output the judgment result, or you can 

directly output the judgment result (when directly outputting, you need to clearly output the label of the reasoning process, “label = 1” if there 

is an error, or “label = 0 “).

2. Results and reflection: After verifying all content, reflect on all test results, output the overall verified label in the reasoning process, and 

finally call get_answer() to generate the final test result of the original question.

Solve a hallucinations detection task with interleaving Thought, Action steps. 

- Thought: Begin with [QUESTION_TYPE], [VERIFICATION_STRATEGY], [VERIFICATION_PLAN] and [VERIFICATION_PATH].

- Action: Tool call, e.g., match(sentence="... ", context="...").

Each time, it should be generated step by step in the order of Thought and Action.

After each tool use, I will provide the output as follows: "Observation: Tool's output result".

{reflections}

{query}

Figure 8: An example of the prompt used for the Actor agent (PA).
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You are an expert in hallucination detection. Your task is to judge the quality of hallucination detection based on the provided query, response, question type, 

verification strategy, and detection plan. Your assessment will be an integer between -5 and 5, where a higher score indicates better quality in hallucination detection, 

more effective question verification, and greater helpfulness in detecting hallucinations in the query's response.

Scoring Principles:

1. Accuracy of Hallucination Check Result:

 If the detection result matches the ground truth (i.e., a sentence has a hallucination and is detected as having a hallucination; or a sentence has no hallucination and 

is detected as having no hallucination), the initial reward score is set to +1.

 If the detection result does not match the ground truth (i.e., a sentence has a hallucination but is detected as having no hallucination; or a sentence has no 

hallucination but is detected as having a hallucination), the initial penalty score is set to -1.

2. Effectiveness and Precision of Detection (Applicable when Initial Reward Score is +1):

 Add 0 to +2 points to the initial score:

 +0: Detection result is accurate, but the detection process or strategy has room for improvement (e.g., not streamlined or precise enough).

+1: Detection result is accurate, and the process is efficient and reasonably precise.

+2: Detection result is highly accurate and precisely localized, with an optimal and efficient process.

3. Efficiency and Appropriateness of Strategy (Applicable when Initial Reward Score is +1, and "no hallucination" is correctly detected):

 Deduct 0 to -3 points from the initial score:

 0 point deduction: Verification strategy is efficient, streamlined, and fully appropriate, with no unnecessary complexity.

 -1 point deduction: Verification strategy is generally appropriate but might be slightly over-engineered (e.g., used unnecessary tools).

 -2 points deduction: Verification strategy is inefficient or overly complex for the question type, or relies on potentially biased/unreliable sources.

 -3 points deduction: Verification strategy is fundamentally flawed or inappropriate for the question type, leading to extreme inefficiency.

4. Severity of Undetected Hallucination (Applicable when Initial Reward Score is -1, and a hallucination exists but was not detected):

 Deduct 0 to -3 points from the initial score:

 0 point deduction: A hallucination existed but was undetected, and it was very subtle or the query/response was extremely ambiguous, making detection 

exceedingly difficult (still an error, but understandable).

 -1 point deduction: A hallucination existed but was undetected; it was relatively apparent but overlooked due to minor flaws in strategy or execution.

 -2 points deduction: A hallucination existed but was undetected; it was clear and easily discoverable, indicating a moderate flaw in strategy or execution.

 -3 points deduction: A critical hallucination was present but entirely missed, indicating a major failure in strategy or execution.

5. Severity of Incorrectly Detected Hallucination (Applicable when Initial Reward Score is -1, and no hallucination existed but one was detected):

 Deduct 0 to -3 points from the initial score:

 0 point deduction: The response had no hallucination but was detected as having one, and this error might be due to an extremely conservative strategy or edge case.

 -1 point deduction: The response had no hallucination but was detected as having one; this false positive was due to a minor inappropriateness in the strategy.

 -2 points deduction: The response had no hallucination but was detected as having one; this false positive was due to an inefficient, overly sensitive, or 

inappropriate verification process.

 -3 points deduction: The response had no hallucination but was severely misreported as having one, indicating a major flaw or inappropriateness in the strategy.

Final Score Calculation:

Final Score =

Accuracy of Hallucination Check Result (Initial Reward/Penalty Score)

+ Effectiveness and Precision of Detection (if Initial Reward Score is +1)

- Deduction for Efficiency and Appropriateness of Strategy (if Initial Reward Score is +1, and "no hallucination" was correctly detected)

- Deduction for Severity of Undetected Hallucination (if Initial Reward Score is -1, and a hallucination existed but was not detected)

- Deduction for Severity of Incorrectly Detected Hallucination (if Initial Reward Score is -1, and no hallucination existed but one was detected)

You only need to output the final score directly!

Here are some examples:

(END OF EXAMPLES)

Actor: The question is {query}, the type of question is {type}, the verification strategy of the question is {strategy} and the plan is {plan}.

Instrction: {instruction}\n

Critic:

Figure 9: An example of the prompt used for the Critic.
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You are an advanced reasoning agent capable of continuous improvement based on self-reflection. You will conduct a prior reasoning 

experiment in which you are required to validate a given query and response in an illusion detection task, and ultimately invoke a 

tool to determine whether there is an illusion in it. Due to the failure of the validation strategy, your hallucination detection ultimately 

fails.

You need to diagnose, in a few sentences, a possible cause of failure and design a new, concise, high-level plan designed to mitigate 

the same failure. 

Now you need to accomplish the following tasks:

1. diagnose a possible cause of failure.

2. design a new, concise, high-level plan designed to mitigate the same failure, and fill in the [VERIFICATION_PLAN] flag bit with 

the new verification plan.

3. output a new problem type and validation strategy based on the design and populate the [QUESTION_TYPE] and 

[VERIFICATION_STRATEGY] flag bits with the new problem type and validation strategy.

Note: When analyzing possible reasons for failure, do not address specific problem information, but reflect on the validation strategy. 

Remember to think at the macro level, not the specific problem. Do not involve any information from the original question and 

answer only from a macro perspective.

Here are some examples:

{examples}

Previous trial:

{query}

{scratchpad}

Reflection:

Figure 10: Description of the Reflector prompt (PR).
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