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Abstract. Hallucination in large language models (LLMs) remains a 
critical barrier to their safe deployment. For hallucination detection to be 
practical in real-world scenarios, the use of efficient small models is essen-
tial to ensure low latency and minimal resource consumption. However, 
existing methods rely on fixed verification strategies, where simply tuning 
small models to mimic fixed verification trajectories fails to capture the 
adaptability required for diverse hallucination patterns, thereby inducing 
planning instability. To address this limitation, we propose a “Learning 
to Evaluate and Adaptively Plan” (LEAP) framework, which shifts hal-
lucination detection from fixed execution to dynamic strategy learning. 
Specifically, LEAP first employs a powerful teacher model to iteratively 
explore a nd refine verification strategies through a failure-driven loop.
This dynamic planning capability is then distilled into an efficient stu-
dent model, augmented by a novel proactive correction mechanism that
enables the model to evaluate and optimize its verification strategy before
execution. Experiments on three benchmarks demonstrate that LEAP
outperforms state-of-the-art methods, offering an effective and scalable
solution for reliable hallucination detection.
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1 Introduction 

Hallucination undermines the reliability of large language models (LLMs) 
through the generation of factually incorrect or fabricated content. This issue 
poses severe risks in high-stakes domains such as medicine and law [38]. There-
fore, equipping LLMs with the ability to discern the veracity of their own outputs 
via hallucination detection has become a critical prerequisite for safe deploy-
ment [12]. 

Existing detection methods typically fall into two paradigms: intrinsic self-
check and tool-augmented verification. The former leverages models’ internal
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Fig. 1. Fixed strategies and dynamic strategies for hallucination detection on diverse
claims.

signals like token probabilities [15,24] or patterns in activation states [1,9]  for  
hallucination flagging. However, these methods may fail when the model is con-
fidently wrong.

This constraint has spurred the development of to ol-augmented methods
[7,31], which verify claims by retrieving external evidence. For such tool-
augmented detection to be practical in real-world applications, there i s a grow-
ing emphasis on using efficient small models [2]. Their low latency and minimal 
resource requirements make them ideal for real-time monitoring and on-device 
deployment. However, the limited parameter s cale of these models introduces a
significant performance bottleneck.

To compensate for their restricted reasoning capabilities, existing frameworks 
typically resort to predefined and fixed ve rification strategies. As shown in
Fig. 1, these methods execute the same “search-and-verify” workflow, regardless 
of whether a claim involves simple facts or complex causal relationships. This 
fixity lacks the adaptability required for diverse hallucination patterns, often
leading to inappropriate tool calls and detection failures. Furthermore, even when
specifically tuned [6], they suffer from planning instability due to mimicking fixed 
trajectories over adaptive reasoning and may generate plausible but ineffectiv e
verification plans when facing complex claims, as shown in Sect. 4.7. 

To bridge this gap, we argue that simply tuning small models to mimic fixed 
tool-use trajectories is insufficient, as it fails to capture the underlying reasoning 
logic required for diverse claims. Instead, robust hallucination detection requires 
a paradigm shift from executing fixed process to planning adaptive dynamic 
strategies. However, implementing this shift presents two core challenges. First, 
since optimal verification paths are claim-specific and n ot predefined, how can
we automatically construct diverse high-quality strategies? Second, given the
limited capacity of efficient small models, how can we internalize this adaptive
planning capability while preventing the generation of unstable plans?

To address these challenges, we propose a novel Learning to Evaluate and 
Adaptively Plan (LEAP) framework designed to endow efficient small models 
with the dynamic planning capabilities. First, to address the challenge of con-
structing diverse strategies, we establish a dynamic strategy learning loop where
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a teacher model iteratively explores and refines verification trajectories based on 
past failures. This process populates memory with high-quality strategies that 
transcend the limitations of fixed workflows. Second, to internalize and stabi-
lize this capability in s mall models, we employ agent tuning augmented by a
novel proactive correction mechanism. As shown in Fig. 1, a tuned critic per-
forms a preemptive assessment of the proposed strategy’s validity before tool 
execution. Should the initial plan be identified as suboptimal, the reflector trig-
gers an iterative refinement loop to synthesize an optimized strategy. This “look 
before it leaps” paradigm ensures that the actor executes only precise and val-
idated strategies, thereby achieving robust hallucination detection even within
the constraints of limited model parameters.

Our contributions are summarized as follows:

– We propose LEAP, a new dynamic strategy learning framework that tran-
scends fixed verification strategies and enables small m odels to master diverse
and adaptive strategies.

– We propose a novel proactive correction mechanism, which a tuned critic eval-
uates and triggers the refinement of v erification strategies before execution,
enhancing the robustness of strategy execution.

– Experiments on three datasets validate the superiority of LEAP over baselines 
based on the fixed strategy in hallucination detection.

2 Related Work 

2.1 Hallucination Detection 

Hallucination detection aims to assess the veracity of content from LLMs, a criti-
cal step to ensure their reliability [19]. Existing methods fall into two paradigms: 
intrinsic self-check and tool-augmented verification. Intrinsic methods operate 
without external knowledge, l everaging signals like token probabilities for uncer-
tainty estimation [20,28,34], self-consistency [22], or internal activ ation patterns
[1,4,9]. Although insightful, these methods fail to spot incorrect claims made 
with high confidence. Tool-augmented metho ds address this by retrieving exter-
nal evidence [7,8,23,31,32]. However, these methods all adhere to a fixed verifi-
cation strategy. They execute a uniform workflow regardless of claim complexity, 
making them brittle against diverse hallucination patterns. Thus, the core chal-
lenge of learning adaptive strategies remains unsolved.

2.2 Agent Tuning 

Agent tuning has emerged as a powerful paradigm for allowing smaller mod-
els to learn sophisticated behav iors by finetuning them on high quality decision
trajectories [5,16,37]. Although prior work has successfully distilled strategies 
for general purpose reasoning and planning [3,25,26,30,35], its application to 
hallucination detection [6] reveals a critical limitation. Current approaches pri-
marily focus on mimicking static verification routines. As a result, the student
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model learns to follow a fixed trajectory but lacks the capability to adjust when 
the strategy itself is flawed. This highlight s the need to distill a strategy that is
inherently dynamic and adaptive.

3 Method 

3.1 Problem Formulation 

Given a claim consisting of a user query Q and a response R generated by 
the model, our ultimate goal is to predict a binary label Y ∈  {Hallucination, 
Not Hallucination}. Rather than directly mapping the claim (Q, R) to Y ,  our  
approach focuses on optimizing the evidence gathering process that informs the 
final decision. A high quality process is guided by an appropriate strategy for
selecting and using information gathering tools. We propose that the final verdict
is determined by the quality of this evidence gathering process.

Given our premise that strategy is critical for effective information gathering, 
we reframe hallucination detection as a learning problem of dynamic strategies 
and formalize this process through a verification strategy πstrat, which orches-
trates the ve rification process. Our goal is to learn an optimal strategy π∗

strat

that is both effective and dynamically adaptable to the specific claim.
Strategy execution relies on the collaboration of multiple specialized agents, 

as hallucinations are complex and diverse, requiring them to jointly operate the 
detection framework. T heir interactions are captured in a verification trajectory
τ similar to ReAct [36]. A trajectory is a sequence of states and the transitions 
between them, composed of interleaved thoughts, actions, and observations: 

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

where sn represents the state at step n, which includes the initial claim and the 
history of all prior steps (ti,  ai,  oi)n−1 

i=1 . Specifically, the trajectory components 
are: Thought (ti), the explicit reasoning guided by the overarching strategy πstrat 

analyzing the current state to decide the next action; Action (ai), a concrete 
operation typically involving an external tool call; Observation (oi), the output 
returned from the t ool after executing action ai. The final verdict Y is deter-
mined by the terminal state sN . Since the initial strategy πstrat orchestrates the
interactions generating this trajectory, the final verdict is a direct result of the
initial plan.

Therefore, the core challenge shifts from learning a simple classifier to discov-
ering an optimal verification strategy π∗ 

strat, that c onsistently guides the agent
interaction to a correct and robust verdict.

3.2 Overview 

To overcome the insufficient adaptability of the fixed verification strategy, we 
propose LEAP, a framework that shifts the p aradigm from fixed execution to
dynamic strategy learning. As illustrated in Fig. 2, LEAP consists of three stages.
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Fig. 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.

First, to gather diverse strategies, we employ dynamic strategy learning, using 
a teacher model within a dynamic learning loop that systematically learns from 
execution failures to continually generate superior strategies. Second,  to  trans-
fer dynamic learning capabilities into an efficient small student model, we utilize 
agent tuning by training on specific expert trajectories. Finally, to ensure that 
the strategy is adaptive in dynamical execution environments, we introduce a
proactive correction mechanism, which can preemptively evaluate and optimize
its own verification strategies for each specific claim before execution, thus ensur-
ing robust performance.

3.3 Dynamic Strategy Learning 

The first phase is dynamic strategy learning designed to generate the diverse 
verification strategies. We achieve this through a closed loop where four agents 
collaborate to systematically learn from execution failures: the planner designs 
a strategy, the actor executes it to produce a trajectory, the critic evaluates the 
outcome, and for any failures, the reflector generates corrective feedback that is
fed back to the planner. This iterative process not only drives the continuous
evolution of strategies, but also yields the high quality trajectories required for
the subsequent agent tuning phase.

Planner: Strategy Design. The planner is an agent responsible for creating a 
high-level customized verification strategy πstrat for an input claim, using past
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experiences to go beyond fixed strategies. It generates the strategy as follows: 

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

where s0 is the initial state containing the claim, Pp is the prompt with task 
instructions, and Rretrieved is a set of relevant reflections retrieved from memory. 
A complete strategy πstrat usually sp ecifies the type of problem, a high-level
verification strategy, and a concrete verification plan.

To inform its planning, the planner performs reflection retrieval, querying a 
memory MP to find the K most relevant past reflections: 

Rretrieved = {r | rank(sim(er, es0)) < K, r ∈ MP } (3) 

where e denotes the text embedding and sim(·, ·) represents cosine similarit y,
implemented with FAISS [14] for efficient retrieval. The retrieved reflections 
provide relevant experiences for the planner to synthesize a new strategy. When 
the reflector generates a new reflection rnew from a failure, it is integrated into
the memory:

MP ← MP ∪ {rnew}. (4) 

Actor: Strategy Execution. The actor executes the verification strategy 
πstrat by generating the verification trajectory τ . To do so, it performs a series of 
actions, primarily by invoking external to ols. We equip the actor with a versatile
toolbox inspired by previous work [6], including search engine, calculator, code 
interpreter, etc. Details are a vailable in Appendix A.3.

At each step n, the action an is determined based on the strategy πstrat,  the  
current state sn, and a dynamically retrieved set of relevant examples Ψn:

an = Actor(sn, πstrat,PA, Ψn), (5) 

where Ψ n is retrieved based on similarity to the current claim from the actor’s 
memory MA, which stores tuples of (claim, strategy, advantage value). Based 
on the stored advantage value A, it’s composed of samples from both successful 
precedents Ψ n pos for A  >  0 and cautionary tales Ψ n neg for A ≤ 0.  Upon  completing  
the trajectory τ , t he actor passes it to the critic for evaluation. The actor’s
memory is updated with the strategy and its evaluated advantage:

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

where A(πstrat,  τ) is the advantage value c alculated by the critic.

Critic: Strategy Evaluation. The critic is an evaluator agent that provides a 
quantitative feedback signal by calculating the advantage value A(πstrat,  τ) for 
a completed trajectory τ . Once the trajectory is finalized, the critic assigns a
comprehensive strategic score V (s0) based on the predefined scoring principles
illustrated in Appendix I.
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To formalize this process, the critic estimates a state-value function V (sn), 
representing the measured utility of the trajectory from state sn. The critic 
models this function by using its memory MC to store past (state, value) pairs,
allowing it to fit the value function via in-context learning:

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

After each trajectory, the newly computed state values are used to update the 
memory: 

MC ←  MC ∪ {(sn, V (sn)) | sn ∈ τ}. (8) 
With the learned value function, we compute the advantage by adapting the

commonly used advantage function [27] to our task: 

A(πstrat,  τ  )  =  RT − V (s0) − λ · Ntools, (9) 

where RT denotes detection success, V (s0) denotes the strategic quality score 
and λ · Ntools penalizes redundancy to ensure a parsimonious yet accurate verifi-
cation path. This a dvantage A serves as the core signal for strategy optimization
and subsequent agent distillation.

Reflector: Strategy Evolution. The reflector is the engine agent for strategy 
evolution, operating specifically on failures. When a trajectory is assigned a 
negative value by the critic, the reflector generates corrective feedback:

rnew = Reflector(τfail,PR), (10) 

using a specialized prompt PR, the reflector analyzes the failed trajectory τfail 
and generates a structured reflection rnew, which contains diagnosis of failures, 
generalizable high-level principles to prevent similar errors, and a revised verifi-
cation strategy. The new reflection rnew is then added to the planner’s memory
MP , directly closing the learning loop and systematically converting failures
into improved future strategies.

Through this loop, we curate a pool of 1,889 distinct strategies that cover a 
range of patterns, including entity va lidation and complex contextual synthesis.
Details are in Appendix C.

3.4 Agent Tuning 

The second phase is agent tuning, where we finetune efficient small models using 
the trajectories collected in the first phase. The trajectories provide the entire 
reasoning process, allowing the student model to learn how to plan, not just
what the result is. This process distills dynamic learning capabilities, resulting
in a small but powerful detector capable of adaptive learning.
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Trajectory Collection. First, we employ the LEAP framework that uses a 
powerful model to process verification tasks from commonly used benchmarks
such as HaluEval [17] and MMLU-Pro [29]. To ensure the quality of training 
data, we perform a strict curation process. We retain only the trajectories, those 
that not only reach the correct final verdict but also exhibit high efficiency. This 
quality is quantified by the advantage value computed by the critic; we filter
for trajectories where A(πstrat, τ) is positive. This process yields high quality
trajectories Dexpert.

Trajectory Finetuning. To mitigate the planning instability in small models, 
we implement functional specialization by training distinct LoRA adapters [11] 
for the planner, actor, and critic. This decoupling prevents interference between 
capabilities, allowing the system to dynamically orchestrate these specialized 
models. For each trajectory τ ∈  Dexpert, we format it as a multi-turn conversa-
tion sequence consisting of the i nitial state s0 and the full history of interleaved
thoughts, actions, and observations (t1, a1, o1, . . . , tT , aT , oT ).

To finetune the planner and actor, we employ a standard instruction-tuning 
objective where the model takes the full history as context but computes the 
loss only on the thought and action tokens generated by the agent, masking the 
observation tokens provided by tools. T he objective is defined as:

LSFT (θ) = −
(s0,τ)∈D j∈Iagent

logPθ(yj |s0, y<j), (11) 

where y represents the linearized sequence of all tokens in the trajectory, and 
Iagent denotes t he indices of tokens belonging to thoughts and actions.

For the critic, we construct a specialized dataset Dcrit = {(s0,  πstrat,  A)i}, 
where the labels A are advantage values collected from the teacher’s actual exe-
cutions. By predicting these values from the strategy alone, the critic internal-
izes the mapping bet ween strategic logic and eventual success. This capability
provides the predictive foundation for the proactive correction mechanism to
stabilize planning during inference.

3.5 Proactive Correction 

The final phase is the proactive correction mechanism designed to ensure that 
the tuned small model adaptively optimizes its s trategy for each specific claim,
thereby mitigating the planning instability.

Given a claim s0, the finetuned planner first generates an initial strategy 
πstrat. Critically, rather than proceeding to immediate execution, LEAP inter-
cepts this plan for a preemptive evaluation. The finetuned critic assesses the 
strategy’s quality by p redicting an estimated advantage score:

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

where Â(πstrat) predicts the likely success and efficiency of the proposed strat-
egy. This is different from conventional post-hoc reflection by identifying poten-
tial reasoning flaws before tool calls.
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The predicted advantage is then compared to a confidence threshold θcorr.  If  
the strategy is deemed sufficiently robust (i.e. Â(πstrat) ≥ θcorr), it is approved 
for the actor. Otherwise, the proactive correction loop is triggered. The reflec-
tor diagnoses the strategy’s weaknesses and generates corrective feedback rcorr, 
which guides the planner to synthesize a revised and superior strategy πstrat. 
This iterative refinement ensures that the finetuned a ctor executes only vali-
dated and precise strategies. Once a strategy is approved, the actor takes over.
It executes the strategy, generating the thought-action trace τ by interacting
with the necessary tools to reach the final detection verdict.

4 Experiments 

4.1 Experimental Setup 

Datasets and Metrics. To comprehensively evaluate LEAP, we use three 
challenging benchmarks with strictly non-overlapping splits: HaluEval [17]  and  
MMLU-Pro [29] as in-domain datasets and XTRUST [18] as out-of-domain 
datasets to evaluate robustness. Following prior work [6,32], we strictly curate 
the test sets with hallucination ratios ranging from 44% to 55% to prevent 
majority-class bias, using accuracy and F1 score as evaluation metrics. Details
in Appendix A.

Baselines. We compare against state-of-the-art baselines, including (1) intrin-
sic methods (Perplexity [24], LN-entropy [21], Semantic Entropy [15], Self-
CheckGPT [22]); (2) tool-augmented prompt-based methods (Factool [7], SAFE 
[31], FIRE [32]) and (3) finetuned methods (HaluAgent [6]). Details in App endix
A.2.

Implementation Details. We employ GPT-4o mini as the teacher model 
to generate diverse trajectories with decoding temperature 1.0 and top-p 1.0, 
selected for its proven high capability in fact checking [32]. We distill three 
open source models: Qwen2.5-7B-Instruct [33], Llama3.1-8B-Instruct [10], and 
Mistral-8B-Instruct [13]. The student models are finetuned on the trajectories 
using LoRA, with a rank of 8, α of 32, a learning rate of 1e-4 and hyperparam-
eters λ =  0.1, K =  2, θ corr = 0. For fair comparison, the temperature for all
models is set to 0.0 during evaluation to ensure deterministic outputs.

4.2 Main Results and Analysis 

Table 1 demonstrates the consistent superiority of LEAP across all models and 
datasets. On Qwen2.5-7B, our method achieves an accuracy of 69.89%, surpass-
ing the best baseline by a margin of 7.31%. This performance highlights three
critical insights into effective hallucination detection.
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Table 1. Main results on three hallucination detection datasets. ID and OOD denote 
In-Domain and Out-of-Domain, respectively. Bold denotes t he best performance, and
underline indicates the second-best.

Models Methods ID OOD 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 Entrop y 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 Entrop y 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 Entrop y 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
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The Necessity of External Tools. The substantial performance gap between 
LEAP and intrinsic methods confirms that relying solely on internal signals is 
insufficient. Intrinsic approaches are bounded by the model’s parametric knowl-
edge and fail when the model generates incorrect information with high confi-
dence, necessitating external evidence for reliable verification.

Advantage of Dynamic Planning Over Fixed Strategies. Comparisons 
with tool-augmented prompt-based baselines reveal that tool access alone is 
inadequate without adaptive strategies. Fixed pipelines like Factool and SAFE 
mechanically execute predefined workflows, which prove brittle against relational 
hallucinations where errors stem from flawed logical connections rather than 
simple factual inaccuracies. L EAP overcomes this fixity by employing dynamic
strategy learning, enabling the model to tailor its verification plan to the specific
logical structure of each claim.

Distilling Planning Capabilities versus Mimicking Execution. Crucially, 
LEAP significantly outperforms HaluAgent, the strongest finetuned baseline. 
While HaluAgent learns to mimic a fixed execution procedure, it inherits the 
limitations of the fixed pipeline. In contrast, LEAP distills dynamic planning 
and proactive correction capabilities from the teacher model. By training on 
trajectories that inv olve strategy evaluation and refinement, our student model
learns to assess and optimize its own verification logic before execution, rather
than merely following a fixed script.

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

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 

4.3 Ablation Study 

To dissect component contributions, we conduct an ablation study using 
Qwen2.5-7B. As detailed in Table 2, we examine five variants: w/o Correction, 
which disables inference-time refinement; w/o Dynamic Strategy, which replaces 
the adaptive planner with a fixed pipeline; w/o Reflection Retrieval and w/o
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Memory Retrieval, which exclude past insights and execution trajectories, respec-
tively; and w/o To ols, removing all external tools.

The results confirm the integral role of each component. Specifically, remov-
ing memory retrieval leads to a marked decline on HaluEval, validating that 
accessing concrete execution examples is critical for precise tool usage in fact-
centric tasks. In contrast, the exclusion of reflection retrieval hampers perfor-
mance on the reasoning-heavy MMLU-Pro. This performance gap highlights that 
abstract insights are pivotal for guiding the planner through complex adaptation, 
effectively bridging the divide between fixed execution and adaptive planning. 
Furthermore, disabling proactive correction induces consistent degradation, v eri-
fying the value of pre-execution refinement in mitigating potential errors. Finally,
substituting the dynamic strategy with a fixed pipeline results in the most severe
drop of over 20% F1 on MMLU-Pro, which demonstrates that an adaptive strat-
egy is fundamental to overcoming the limitations of fixed paradigms.

4.4 Analysis on Trajectory Distillation 

To assess the efficacy of trajectory distillation, we compare the performance of 
the Qwen2.5-7B student directly with its G PT-4o mini teacher. As shown in
Table 3, the student not only achieves parity but surpasses the teacher, attain-
ing 74.19% accuracy on HaluEval and 69.81% on MMLU-Pro. This performance 
indicates that the distillation process effectively transfers the decision-making 
logic and dynamic planning strategies, rather than merely mimicking outputs. 
Consequently, LEAP proves capable of compressing complex reasoning capabil-
ities into a small model, enabling efficient deployment without compromising
reasoning depth.

Table 3. Comparison between Qwen2.5-7B student model a nd GPT-4o mini teacher.

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 

4.5 Analysis on Cross-Model Generalization 

To assess architectural robustness, we use heterogeneous teacher-student pairs: 
Qwen2.5-72B as teacher and Llama3.1-8B as student. Figure 3 shows the stu-
dent model achieves substantial gains over the vanilla baseline, with accuracy
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improvements of 20.1% on HaluEval and 15.9% on MMLU-Pro. Remarkably, as 
indicated by the teacher upper bound, the student approaches the performance of 
teacher model. These results validate LEAP’s cross-model transferability, con-
firming that smaller models can effectively inherit complex dynamic planning
capabilities from stronger teachers despite architectural discrepancies.

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

Table 4. Class-wise performance on Q wen2.5-7B.

Dataset Method Hallucinated Acc. Faithful A cc.
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% 

4.6 Class-Wise Performance Analysis 

To ensure LEAP’s gains stem from reasoning capabilities rather than a bias 
toward hallucination, we analyze accuracy on hallucinated versus faithful sam-
ples as in Table 4. Results show LEAP excels in detecting both hallucinated 
and faithful content, confirming its gains are not driven by class-specific bias.



Dynamic Learning and Proactive Correction for Hallucination Detection 147

On MMLU-Pro, although LEAP’s faithful accuracy declines by 7.84% relative 
to HaluAgent, its hallucination detection surges by 34.93%. This substantial 
margin demonstrates proactive correction mechanism effectively identifies flaws 
that baselines default to as faithful, thus ensuring a robust defense against subtle 
errors. L EAP achieves a superior balance between hallucination and faithfulness,
which significantly reduces the risk of accepting false information in high-stakes
scenarios.

Fig. 4. 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.

4.7 Case Study 

Figure 4 presents a complex legal case where a claim contains multiple nuanced 
legal concepts: solicitation, conspiracy, and attempted murder. The claim sub-
tly misapplies the concept of “attempted murder” to accidental death, creating 
a challenging hallucination. We compare the fixed verification process of Halu-
Agent with the adaptive approach of LEAP. HaluAgent hindered by its fixed 
strategy adopts a naive verification plan. It attempts to validate the entire claim
at once, without scrutinizing its individual components. As a result, it retrieves
only general information and misses the subtle factual error regarding “attempted
murder” thus incorrectly labeling the statement as non-hallucination.

In contrast, LEAP demonstrates a multistage adaptive process. The plan-
ner first designs an initial strategy to analyze the legal definitions of the three 
crimes mentioned. Critically, before execution, the proactive correction mecha-
nism assesses this initial strategy. It identifies the strategy as suboptimal and 
leverages its memory from past experiences to refine it into a more precise strat-
egy focused on verifying the core legal elements of each crime. This optimized
strategy enables a focused execution—verifying “attempted murder” as a dis-
tinct sub question—that successfully isolates and identifies the hallucination.
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This case study highlights how LEAP’s ability to plan, critique, and revise its 
own strategy leads to a more robust detection process.

5 Conclusion 

In this work, we propose LEAP, a framework that shifts tool-augmented hallu-
cination detection from fixed execution to dynamic strategy learning. By inte-
grating a dynamic strategy learning loop with a proactive correction mechanism, 
LEAP enables efficient small models to overcome planning instability and adap-
tively optimize verification strategies before execution. Experiments on three 
datasets validate the superiority of LEAP, offering a scalable and reliable solu-
tion for robust hallucination detection in practical scenarios.
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