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ABSTRACT Large language models can produce fluent responses that are unsupported by the provided
evidence or inconsistent with reference answers. Adapter-based fine-tuning offers a practical way to
modify model behavior without updating all model parameters, but its effect on hallucination mitigation
depends strongly on how improvement is measured. This paper presents TruthShield, a metric-aware trigger-
guided QLoRA adapter training and evaluation pipeline for hallucination-aware language model adaptation.
We construct hallucination-related failure cases from baseline evaluations, assign rule-based failure labels,
generate counterexample triggers, and train aMistral-7B adapter to respond to these trigger patterns.We then
compare the baseline model and the adapter across TruthfulQA generation, TruthfulQA multiple choice,
and HaluEval using two evaluation views: strict matching and an LLM judge. The adapter substantially
improves strict scores across all tasks, increasing strict accuracy by 1.0000 on both TruthfulQA settings
and by 0.6957 on HaluEval. However, these gains do not translate into judge-based improvement: judge
scores remain nearly unchanged for TruthfulQA generation and decrease for TruthfulQA multiple choice
and HaluEval. The results suggest that trigger-guided adapter training may learn surface-level response
patterns without clear evidence of semantic hallucination mitigation under our current single-judge setting.
This finding highlights the risk of overestimating reliability gains when strict metrics are used without
complementary semantic evaluation.

INDEX TERMS Adapter training, hallucination evaluation, large language models, low-rank adaptation,
metric divergence, trustworthy artificial intelligence.

I. INTRODUCTION
Large language models (LLMs) are increasingly used
in information-seeking, decision-support, and content-
generation workflows. Their practical value depends not
only on fluency, but also on whether generated responses
remain faithful to available evidence and avoid unsupported
claims. Hallucination remains a central obstacle to reliable
deployment because generated text can appear authoritative
even when it conflicts with references, instructions, or source
documents [1], [5], [6], [7].

A common response to this problem is to adapt a
base model using targeted examples. Parameter-efficient
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fine-tuning methods, including low-rank adaptation (LoRA)
and quantized LoRA (QLoRA), make this approach accessi-
ble for moderately sized models because they update a small
number of trainable parameters [15], [16]. In hallucination-
aware adaptation, such methods can be used to expose
the model to failure-triggering prompts and teach safer
response behavior. In this study, trigger patterns (for example,
an instruction cue, constraint, or context variant) can take
several practical forms that are designed to elicit known
hallucination-prone behavior under controlled conditions.
An ‘instruction cue’ is an explicit directive that steers model
behavior, such as requiring the model to state uncertainty
when evidence is insufficient (ex. ‘‘State uncertainty explic-
itly if evidence is insufficient.’’). A ‘constraint’ imposes
a response rule, for example by restricting the answer to
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the provided context or enforcing a fixed response format
(ex. ‘‘Use only the provided context’’, ‘‘Answer in one sen-
tence.’’). A ‘context variant’ modifies the surrounding context
of the same core query, such as by changing attached evidence
snippets or adding distractor text, to test the model’s robust-
ness under controlled perturbations.

Accordingly, failure-triggering prompts are prompts that
instantiate these trigger patterns so that baseline weak-
nesses become observable and can be converted into super-
vised examples for adapter training, i.e., parameter-efficient
LoRA/QLoRA fine-tuning of adapter weights while the base
model parameters remain frozen.

The central question, however, is not only whether the
adapted model changes its output pattern. The more impor-
tant question is whether the measured change corresponds to
genuine semantic improvement. This paper studies that ques-
tion through trigger-guided adapter training. We use baseline
failure cases to generate rule-guided counterexample triggers,
train a QLoRA adapter, and evaluate the resulting model with
both strict matching and an LLM judge.

Strict matching captures whether outputs satisfy lexical
or format-level criteria derived from references. Judge-based
evaluation provides a complementary semantic view by scor-
ing generated responses with a separate language model
evaluator. The comparison is deliberately metric-aware: we
treat disagreement between these metrics as an object of
analysis rather than a nuisance.

We refer to this end-to-end pipeline as TruthShield. The
name reflects the central objective of the study: to shield
model outputs from unsupported or distorted claims by
enforcing truth-oriented supervision from failure extraction
and trigger construction to adapter training and dual-metric
evaluation.

Our experiments use Mistral-7B as the primary adapted
model and evaluate across TruthfulQA generation, Truth-
fulQA multiple choice, and HaluEval [9], [10]. The adapter
strongly improves strict matching on all three tasks.

At the same time, judge-based scores do not improve.
TruthfulQA generation shows almost no judge-level change,
whereas TruthfulQA multiple choice and HaluEval show
judge-level decreases. These results indicate that the adapter
has learned expected response patterns and surface compli-
ance, but the evidence does not support a claim that it robustly
mitigates hallucination.

The contributions of this paper are as follows.

• We present a reproducible pipeline for hallucination-
oriented failure extraction, rule-based labeling, trigger
generation, QLoRA adapter training, and dual-metric
evaluation.

• We provide an empirical comparison between baseline
and trigger-guided adapter behavior across TruthfulQA
generation, TruthfulQA multiple choice, and HaluEval.

• We show that strict matching can substantially overes-
timate hallucination mitigation when it is used without
semantic evaluation.

• We document a repaired HaluEval normalization proce-
dure that constructs task-specific prompts for question
answering, dialogue, and summarization examples.

• We propose a metric-aware interpretation framework
that separates surface compliance from semantic relia-
bility.

The remainder of this paper is organized as follows. Section II
reviews related work on hallucination evaluation, parameter-
efficient adaptation, retrieval-based mitigation, and LLM-
as-a-judge assessment. Section III describes the proposed
trigger-guided adapter training pipeline, including dataset
normalization, failure extraction, rule-based labeling, trig-
ger generation, QLoRA training, and dual-metric evaluation.
Section IV presents experimental setup, including task def-
initions, artifacts, dataset and trigger split sizes, adapter
hyperparameters, and evaluation protocol. Section V reports
the results and analyzes strict-versus-judge divergence across
TruthfulQA generation, TruthfulQA multiple choice, and
HaluEval. Section VI discusses the implications of metric
divergence for hallucination-aware adaptation. Section VII
summarizes limitations and threats to validity. Section VIII
concludes the paper and outlines directions for future work.

II. RELATED WORK
Evaluation remains a central challenge in hallucination
mitigation research because different metrics encode differ-
ent notions of correctness. Strict matching is reproducible
and widely used in benchmark-style evaluation, but it can
over-reward surface conformity; judge-based evaluation is
therefore added to test whether the same outputs remain
semantically acceptable. This metric tension directly moti-
vates our study and frames our analysis of adapter behavior.
Accordingly, we organize the related work discussion across
five domains: A) Hallucination Definitions and Ground-
ing, B) Hallucination Benchmarks and Factuality Metrics,
C) Mitigation Through Retrieval, Uncertainty, and Adap-
tation, D) Parameter-Efficient Adapter Training, and
E) Judge-Based Evaluation and Metric Divergence.

A. HALLUCINATION DEFINITIONS AND GROUNDING
Recent journal surveys frame hallucination in LLMs as a
reliability problem that arises across the model lifecycle,
including data construction, parameter learning, retrieval or
grounding, prompting, decoding, and downstream evalua-
tion [1], [3], [6], [7]. These surveys converge on a broad
definition: hallucination is fluent generated content that is
unsupported by the available evidence, inconsistent with the
source, unverifiable, or factually incorrect [1], [6], [7].

The terminology changes by task. In summarization, hallu-
cination is usually discussed as a failure of faithfulness to the
source document [2], [8]. In retrieval-augmented generation,
hallucination is often treated as a failure to use retrieved
evidence faithfully or as a mismatch between retrieved con-
text and generated answer [3], [13]. In knowledge-intensive
generation, knowledge graphs and retrieval systems are
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FIGURE 1. Trigger-guided adapter training pipeline in TruthShield. The workflow starts with data normalization and baseline evaluation to
extract failure cases, then applies rule-pattern labeling and trigger generation before training a QLoRA adapter. Final performance is
measured with dual-metric evaluation using both strict matching and an LLM judge, with metric disagreement treated as a primary analysis
target.

commonly proposed as external grounding mechanisms [4],
[18], [19].

This line of work motivates our decision to treat hallucina-
tion mitigation as a semantic reliability problem rather than a
pure pattern-matching problem. Our study does not introduce
a new definition of hallucination; instead, it tests whether a
trigger-guided adapter improves behavior under evaluation
views that correspond to different levels of grounding. The
distinction between source support, factual correctness, and
surface plausibility directly informs our strict-versus-judge
analysis.

B. HALLUCINATION BENCHMARKS AND FACTUALITY
METRICS
Benchmark design strongly shapes what kind of hallucina-
tion is measured. TruthfulQA was introduced to test whether
models imitate common human falsehoods when answer-
ing questions, and it showed that scaling alone does not
guarantee truthfulness [9]. HaluEval provides a large-scale
benchmark of hallucinated and human-annotated samples for
evaluating hallucination recognition across question answer-
ing, dialogue, and summarization settings [10].

Summarization-focused work has introduced factual con-
sistency classifiers and entailment-based consistency bench-
marks, including FactCC and SummaC, to evaluate whether
summaries are supported by their source documents [20],
[21]. Long-form factuality evaluation has also moved toward
fine-grained decomposition, as in FActScore, which scores
atomic facts against external evidence rather than assigning
only a coarse document-level label [12].
These benchmarks shape our experimental design because

TruthfulQA and HaluEval expose different hallucination-
aware behaviors. TruthfulQA allows us to testmisconception-
sensitive question answering, whereas HaluEval tests
grounded generation across multiple task formats. The diver-
sity of these benchmarks also makes metric disagreement
more informative, since a single strict rule is unlikely to
capture all semantic requirements across tasks.

C. MITIGATION THROUGH RETRIEVAL, UNCERTAINTY,
AND ADAPTATION
Mitigation methods can intervene during training time,
retrieval time, or inference time. Instruction tuning with
human feedback has shown that supervised demonstrations
and preference-based optimization can improve helpfulness
and truthfulness relative to base language models [14].
Retrieval-augmented generation introduces non-parametric
evidence into generation and has been shown to improve
knowledge-intensive question answering and reduce halluci-
nation in dialogue [18], [19].

Recent RAG-focused work emphasizes that reducing hal-
lucination requires evaluating both retrieval quality and
generation faithfulness, not only final answer quality [3],
[13]. Other approaches detect uncertainty or inconsistency
directly; for example, semantic entropy estimates whether
alternative generated answers express incompatible mean-
ings, and SelfCheckGPT checks whether sampled responses
from a black-box model remain factually consistent [5], [11].

Our work is related to these mitigation strategies but
focuses on a different intervention point. Instead of adding
retrieval evidence or estimating uncertainty at inference time,
we adapt model behavior using rule-guided counterexample
triggers. This comparison is important because our results
show that training-time adaptation can increase cautious sur-
face behavior without providing the grounding mechanisms
that retrieval- or evidence-based methods attempt to supply.

D. PARAMETER-EFFICIENT ADAPTER TRAINING
Parameter-efficient adaptation is attractive because it allows
targeted behavior changes without full-model retraining.
LoRA freezes pretrained weights and inserts trainable low-
rank matrices, reducing the number of updated parameters
while preserving downstream performance [15]. QLoRA
extends this idea by backpropagating through a frozen
4-bit quantized model into LoRA adapters, enabling effi-
cient fine-tuning of large models on limited hardware [16].
These methods make targeted hallucination-aware adaptation
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TABLE 1. Representative dataset normalization examples.

practical, but they do not guarantee that a learned behavioral
pattern corresponds to semantic reliability.

A model can learn trigger-specific templates, lexical cues,
or refusal formats without improving factual grounding.

This observation defines the central empirical question of
our study.We use QLoRA because it is a practical mechanism
for adapting Mistral-7B with limited trainable parameters,
but we evaluate whether the resulting behavioral change is
semantically meaningful. The strict-score gains and judge-
score stagnation observed in our experiments show why
adapter efficiency must be separated from adapter reliability.

E. JUDGE-BASED EVALUATION AND METRIC DIVERGENCE
Evaluation remains a major challenge because each metric
encodes a different notion of correctness. Exact or strict
matching is reproducible and inexpensive, but it can reward
surface compliance rather than semantic correctness. Fac-
tuality classifiers, entailment-based methods, atomic-fact
metrics, uncertainty-based detectors, and RAG evaluation
frameworks all attempt to address this limitation from differ-
ent angles [5], [11], [12], [13], [20], [21].

LLM-as-a-judge methods use a strong language model to
score generated responses and can approximate human pref-
erences in open-ended assistant evaluation, but they introduce
judge-model and prompt dependencies and are affected by
biases such as position and verbosity effects [17].

This paper is positioned at the intersection of these lines
of work. It uses parameter-efficient trigger-guided adapta-
tion [15], [16], evaluates on hallucination-oriented bench-
marks [9], [10], and explicitly compares strict matching with
judge-based evaluation [17]. The key difference from work
that reports only one metric is that disagreement between
metrics is treated as a primary empirical result.

III. METHODOLOGY
The proposed TruthShield pipeline consists of seven stages:
dataset normalization, baseline evaluation, failure extraction,
failure labeling, trigger generation, adapter training, and dual-
metric evaluation. As shown in Fig. 1, the stages form a single
flow from normalization to dual-metric assessment.

A. DATASET NORMALIZATION
In this study, normalization means converting heterogeneous
benchmark records into a unified, task-aware JSONL schema
with consistent prompt, target, and metadata fields so that
failures and responses can be compared under a common
evaluation interface.

Each dataset is converted into a unified JSONL schema
with stable identifiers, prompts, reference answers, nega-
tive references where available, task labels, and metadata.
TruthfulQA examples are represented in both generation
and multiple-choice forms [9]. HaluEval examples are nor-
malized into task-specific prompts [10]. Question-answering
examples use the provided knowledge and question fields.
Dialogue examples combine knowledge, dialogue history,
and grounded-response instruction. Summarization exam-
ples use the source document and an explicit summarization
instruction.

This normalization step is important because an earlier
HaluEval conversion left missing prompts for dialogue and
summarization examples. The repaired normalization con-
structs nonempty prompts for all evaluated HaluEval splits.
Results in this paper use the repaired HaluEval data only.

The normalized representation deliberately separates the
input prompt, the expected answer field, negative references
where available, and metadata inherited from the source
dataset. This separation is necessary because the three eval-
uated tasks have different natural output forms. TruthfulQA
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TABLE 2. Representative examples from the baseline failure pool (illustrative).

generation is evaluated as free-form text, TruthfulQA mul-
tiple choice requires a choice-level decision, and HaluEval
includes grounded generation across question answering, dia-
logue, and summarization.

A single schema allows the same downstream scripts
to extract failures, construct rule labels, generate triggers,
and evaluate outputs without task-specific file handling in
the training loop. Table 1 provides representative raw-to-
normalized mappings to make this conversion concrete.

B. BASELINE FAILURE EXTRACTION
For failure-case compilation, we evaluate a baseline model
set consisting of the original instruction-tuned Qwen2.5-
3B-Instruct, TinyLlama-1.1B-Chat, and Mistral-7B-Instruct
models, without trigger-guided QLoRA adaptation. Incor-
rect or failed examples from these unadapted models are
extracted into a common failure-case schema. The failure
record includes the model identifier, task, stable example
identifier, dataset split, prompt, model answer, prediction
field, reference answers, negative references, baseline hit sta-
tus, and metadata. The merged baseline failure pool contains
102,802 failure cases across the three baseline models.

In this paper, we distinguish the failure-compilation base-
line set from the main adapter-comparison baseline. The
three-model baseline set is used to construct a broad pool
of hallucination-related failure cases for labeling and trigger
generation. In contrast, the main fixed experiment reported
in Section V uses the unadapted Mistral-7B-Instruct model
as the baseline and compares it with the trigger-guided
QLoRA-adapted Mistral-7B model under the same evalua-
tion protocol.

The failure pool is used as an empirical source of diffi-
cult prompts rather than as a direct claim about deployment
frequency. This distinction matters because the pool is con-
ditioned on baseline mistakes. Its role is to expose failure
modes that are useful for trigger construction. The adapter is
therefore trained on a deliberately biased set of counterexam-
ples, and the evaluation must determine whether this targeted
exposure improves semantic behavior or only teaches the
model to reproduce the desired response form.

Table 2 shows representative examples from the failure
pool in a compact, schema-aligned format.

C. RULE-BASED FAILURE LABELING
Failure cases are labeled using rule patterns designed to
identify hallucination-related behaviors such as unsupported
claims, refusal-like outputs, format errors, and task-specific
answer violations. The rule label is stored as a structured field
and used as the primary signal for trigger generation. LLM-
based labels are available in the broader project pipeline, but
the fixed results analyzed in this paper use the rule-guided
round.

Rule labels are intentionally simple and inspectable. They
are used to group failures by observable behavior, such as
unsupported assertion, missing evidence, ambiguous entity
reference, or answer-format mismatch. This design favors
reproducibility over coverage. A rule label does not prove
that a model hallucinated for a particular cognitive reason;
it identifies a surface failure pattern that can be transformed
into a training trigger. Themain experiment then askswhether
learning from these triggers improves both strict and judge-
based evaluation.
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TABLE 3. Task and evaluation configuration.

TABLE 4. Pipeline artifacts used in the fixed rule-guided experiment.

D. TRIGGER GENERATION
For each labeled failure case, the pipeline generates coun-
terexample triggers that expose or amplify the failure con-
dition. These triggers are designed to teach the adapter a
target behavior associated with hallucination-aware response
patterns. The trigger data are then converted into train, vali-
dation, and test splits for adapter training and evaluation.

The generated triggers follow a fact-checking style. They
present a confident statement and ask the model to identify
what can be confirmed, what is unsupported, or whether
evidence is missing. The target responses encourage con-
servative behavior such as demanding verifiable evidence,
admitting uncertainty, avoiding speculation, and disam-
biguating entities. These targets are appropriate for training
cautious response behavior, but they also create a risk that the
adapter learns a generic template. This is the central reason
for comparing strict and judge metrics.

E. ADAPTER TRAINING
We train a QLoRA adapter for Mistral-7B using the
rule-guided trigger data [16]. The base model remains frozen,
and only the low-rank adapter parameters are updated [15].
This design isolates the effect of the trigger-guided training
data while keeping the adaptation cost modest. The trained
adapter is evaluated against the unadapted baseline model
under the same task settings.

The training setup uses three epochs, a learning rate of
2.0e-4, cosine scheduling, paged AdamW 8-bit optimiza-
tion, gradient accumulation, and gradient checkpointing.
The LoRA rank is 16, the LoRA scaling parameter is 32,
and the dropout rate is 0.05. Adapter weights are applied

to attention projections and feed-forward projection mod-
ules. These settings follow common QLoRA practice for
memory-constrained adaptation while keeping the experi-
ment focused on the training signal rather than extensive
hyperparameter search.

F. DUAL-METRIC EVALUATION
The primary evaluation uses two metrics. The strict met-
ric checks whether outputs match expected task-specific
answer patterns. It is deterministic and captures surface-level
compliance with the evaluation schema. The judge metric
usesmeta-llama/Meta-Llama-3.1-8B-Instruct as a fixed LLM
evaluator to assess whether generated outputs are semanti-
cally acceptable relative to the task and references. The same
judge model, judge prompt, and output-parsing protocol are
applied to both baseline and adapter outputs. The central
analysis compares the direction and magnitude of changes
under these two metrics. In addition, we report BERTScore
F1 as a supplementary semantic embedding metric to mea-
sure reference-based semantic proximity between generated
outputs and expected response targets [22].
The strict metric is useful for detecting whether the model

emits the target answer class or response template. However,
strict matching cannot determine whether a repeated template
is appropriate for the prompt. The judge metric is used as a
semantic counterweight. It evaluates the generated response
in context and can reject outputs that merely repeat a generic
safety or evidence-seeking phrase. This dual-metric design
converts a potential evaluation weakness into an analytic
signal: when strict and judge scores diverge, the divergence
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TABLE 5. Dataset and rule-guided trigger split sizes.

FIGURE 2. Normalized dataset sizes and rule-guided trigger split sizes
used in the fixed experiment.

identifies a gap between surface compliance and semantic
acceptability.

BERTScore F1 is not used as direct evidence of factual
correctness. Instead, it provides an auxiliary view of whether
outputs become semantically closer to the expected trigger-
response targets. This distinction is important because an
output may be close to the target behavior in embedding
space while still failing to provide a contextually adequate
or factually grounded answer.

IV. EXPERIMENTAL SETUP
The primary model for the fixed experiment is Mistral-7B-
Instruct. The evaluated tasks are TruthfulQA generation,
TruthfulQA multiple choice, and HaluEval [9], [10]. The
adapter is trained on rule-guided trigger data generated from
baseline failure cases. Evaluation compares the baseline
model and the adapter on strict matching and LLM judge
scoring using meta-llama/Meta-Llama-3.1-8B-Instruct [17].

We additionally compute BERTScore F1 as a supplemen-
tary semantic embedding metric on the same fixed baseline
and adapted outputs.

The experiment intentionally separates two kinds of
claims. A strict-score increase supports the claim that the
adapter learned evaluation-facing answer patterns. A judge-
score increase would be needed to support a stronger claim
about semantic hallucination mitigation. Because the judge’s
scores do not improve in the fixed results, this paper limits
its conclusions to the former claim and analyzes why the two

FIGURE 3. Logged training and validation loss trajectory for the TQA (gen)
rule-guided QLoRA adapter run. The y-axis uses log-scaled loss.

evaluation views diverge. Fig. 2 summarizes dataset sizes and
trigger-split composition used by this setup.

Fig. 2 reports the following values explicitly: normalized
examples are 817 for TQA (gen), 817 for TQA (MC), and
34,507 for HaluEval; corresponding rule labels are 2,366,
1,645, and 30,000; trigger splits are 2,848 / 949 / 951 for TQA
(gen), 84 / 28 / 28 for TQA (MC), and 5,646 / 1,882 / 1,883
for HaluEval (train / validation / test).

Table 3 defines the task formats and the primary strict and
judge evaluation views used throughout the paper. Table 4
anchors each pipeline stage to the artifact used in the fixed
experiment. Table 5 shows that HaluEval dominates the data
volume, while TQA(MC) uses a much smaller trigger split;
this imbalance is considered when interpreting cross-task
score deltas.

Figs. 3-5 report the logged training and validation losses
from the rule-guided QLoRA runs. A log-scaled y-axis is
used because the logged losses span several orders of mag-
nitude across tasks and training stages. TQA(gen) shows
decreasing validation loss, whereas HaluEval shows a mild
validation-loss increase after early checkpoints while training
loss continues to decrease. Therefore, these curves are used
to support a cautious interpretation of the adapter behav-
ior rather than a strong no-overfitting claim. TQA(MC)
completed in 18 optimization steps before the scheduled 200-
step validation interval, so no validation-loss trajectory was
logged for that small split.

Table 6 lists the adapter hyperparameters used for the
reported run.
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FIGURE 4. Logged training loss trajectory for the TQA (MC) rule-guided
QLoRA adapter run. The run completed before the scheduled validation
interval, so validation loss was not logged.

FIGURE 5. Logged training and validation loss trajectory for the HaluEval
rule-guided QLoRA adapter run. The y-axis uses log-scaled loss.

The experiments were conducted on a workstation
equipped with an NVIDIA GeForce RTX 4090 GPU
with 24 GB of VRAM. QLoRA fine-tuning used CUDA-
enabled PyTorch with 4-bit quantized model loading, bf16
computation, gradient checkpointing, and automatic device
mapping. These settings allowed Mistral-7B adapter train-
ing and judge-based evaluation to be performed under a
single-GPU experimental setup.

The evaluation protocol uses the same held-out trigger split
for baseline and adapter comparison within each task. The
strict evaluator scores whether the generated answer contains
the expected target behavior for the task.

The judge evaluator, meta-llama/Meta-Llama-3.1-8B-
Instruct, receives the prompt, expected behavior or refer-
ence answer, and model output, and returns a structured
JSON-style judgment containing a binary ‘match‘ field, a
‘confidence‘ value, and a short ‘label‘. The judge score is
calculated as the proportion of successfully parsed examples
for which ‘match‘ is true. Parse errors are counted separately
from evaluated examples and are not treated as successful
matches. This structuremakes it possible to distinguishmodel
failure from judge-output formatting failure.

For BERTScore F1, the generated output is used as the
candidate text and the strict-evaluation expected response is

TABLE 6. QLoRA adapter training configuration.

used as the reference text. For each output-reference pair,
contextual token embeddings are compared using cosine sim-
ilarity, and the task-level score is computed as the mean F1
over all evaluated examples as shown in Eq. (1):

BERTScoreF1 =
1
N

∑N

i=1
F1i, (1)

where N is the number of evaluated examples and F1i is the
BERTScore F1 for example i.

In our implementation, distilbert-base-uncased is used as
the contextual embedding model without IDF weighting or
baseline rescaling.

Table 7 provides a compact side-by-side summary of the
strict and judge evaluation protocols, including their shared
inputs, output fields, key strengths and weaknesses, and the
specific analytic role each protocol plays in this study.

V. RESULTS AND ANALYSIS
Table 8 reports the fixed Rule Round 1 results for Mistral-7B.
Strict and judge scores are reported as proportions, and deltas
are calculated as adapter score minus baseline score.

For both strict and judge evaluation, task-level scores are
reported as proportions. The strict score is computed as
Eq. (2).

Sstrict =
Hstrict
N

, (2)

where Hstrict is the number of examples marked as strict hits
and N is the number of evaluated examples.

The judge score is computed as Eq. (3).

Sjudge =
Hjudge
Nparsed

, (3)
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TABLE 7. Evaluation protocol summary.

TABLE 8. Rule Round 1 evaluation for Mistral-7B.

TABLE 9. Supplementary BERTScore F1 results for the fixed Mistral-7B rule-round evaluation.

where Hjudge is the number of successfully parsed judge
outputs with match = true and Nparsed is the number of suc-
cessfully parsed judge outputs.

To complement the strict and judge-based results, Table 9
reports the supplementary BERTScore F1 scores com-
puted on the same fixed baseline and adapted outputs. The
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FIGURE 6. Baseline and adapter scores under strict matching and LLM
judge evaluation.

metric uses the generated output as the candidate text and the
strict-evaluation expected response as the reference text.

The BERTScore F1 results show positive deltas for all
three tasks, indicating that the adapted outputs become
more semantically similar to the expected trigger-response
targets. This trend is consistent with the strict-score improve-
ments because both metrics reward proximity to the target
response behavior. However, BERTScore F1 should not be
interpreted as direct evidence of factual correctness because
the references are expected trigger-response targets rather
than independently verified factual answers. The positive
BERTScore deltas therefore support the conclusion that
the adapter learned target-behavior proximity, while the
non-improving judge scores indicate that this proximity does
not necessarily translate into contextual semantic acceptabil-
ity.

In this paper, the adapter is a small set of trainable low-rank
parameters inserted into the frozen base model so behavior
can be adjusted without full-model retraining. We apply this
adapter with QLoRA onMistral-7B using rule-guided trigger
data, updating only the designated LoRA target modules
while keeping the original pretrained weights fixed.

The intended purpose of this adapter intervention was to
improve hallucination-aware response behavior under con-
strained training cost, not merely to increase rule-matching
outputs. From the outset, we aimed for the learned behavior
to transfer beyond template-level compliance and produce
semantically grounded improvements that would be reflected
in both strict and judge-based evaluation.

The judge-based results tell a different story. For Truth-
fulQA generation, the judge score changes from 0.4879 to
0.4874, a difference of −0.0005. This is effectively no
improvement under the semantic evaluator. For TruthfulQA
multiple choice, the judge score decreases from 0.3571 to
0.2143, a difference of −0.1429. For HaluEval, the judge

FIGURE 7. Score deltas after adapter training show that gains are
concentrated in strict matching.

score decreases from 0.6213 to 0.6022, a difference of
−0.0191.

Fig. 6 visualizes the same strict and judge comparisons for
baseline and adapter outputs.

The main empirical finding is therefore consistent met-
ric divergence. The adapter appears successful under strict
matching, but that success does not carry over to judge-based
evaluation. One possible explanation is strict metric leakage:
because the strict evaluator checks for task-specific target
patterns that are closely related to the rule-guided training
targets, the adapter may receive high strict scores by repro-
ducing the expected response form rather than by improving
semantic grounding.

This divergence is largest in TruthfulQA multiple choice,
where strict matching reaches 1.0000 while judge perfor-
mance decreases. HaluEval shows the same pattern with a
smaller judge decrease. TruthfulQA generation shows nearly
unchanged judge behavior despite a perfect strict score. Fig. 7
emphasizes this divergence by plotting post-training deltas
for both metrics.

These results do not provide strong evidence that
rule-guided trigger training robustly mitigates hallucination
under the current single-judge evaluation setting. They sup-
port a narrower claim: the training procedure improves
surface-level compliance with strict answer criteria. The
distinction is central because hallucination mitigation is ulti-
mately a semantic objective. A model that learns the visible
shape of correct behavior may still fail to produce responses
that are judged truthful, grounded, or acceptable.

A. TRUTHFULQA GENERATION
TruthfulQA generation provides the clearest example of sur-
face learning. The adapter reaches a strict score of 1.0000,
meaning that every evaluated output satisfies the strict tar-
get pattern. However, the judge score remains essentially
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unchanged, moving from 0.4879 to 0.4874. The model has
therefore learned to emit the expected conservative response
form, but this form is not consistently judged as semantically
adequate.

Inspection of generated outputs explains the divergence.
Many adapter responses repeat the same evidence-seeking
sentence multiple times. Such repetition is sufficient for strict
matching because the target phrase is present. The judge,
however, can reject the response when repetition makes the
answer unhelpful, when the answer does not address the
specific claim, or when the generic response fails to identify
the unsupported premise. This behavior is consistent with
template acquisition rather than robust reasoning about the
prompt.

B. TRUTHFULQA MULTIPLE CHOICE
TruthfulQA multiple choice shows the largest judge-level
decline. The strict score increases from 0.0000 to 1.0000,
but the judge score decreases from 0.3571 to 0.2143. This
pattern suggests that the adapter learned a response policy
that satisfies the strict multiple-choice target while degrading
semantic acceptability under judge evaluation.

The small trigger-test size for this task, shown in Table 5,
makes the estimate highly sensitive to individual examples;
therefore, the TQA(MC) delta should be treated as a strong
qualitative signal rather than a stable quantitative effect.
If strict matching were reported alone, the task would appear
solved. The judge metric instead indicates that the answer
behavior became less semantically convincing.

C. HALUEVAL
HaluEval provides the broadest evaluation setting because
it contains grounded examples across question answering,
dialogue, and summarization. The strict score increases from
0.0643 to 0.7600, a gain of 0.6957. This is a large improve-
ment, but the judge score decreases from 0.6213 to 0.6022.
Although the judge-score decrease is smaller than in Truth-
fulQA multiple choice, the result is consistent with the
broader pattern that strict-score gains do not translate into
judge-score improvements.

D. QUALITATIVE ERROR PATTERNS
Table 10 summarizes representative examples where the
adapter output matches the strict target pattern but remains
problematic under judge evaluation. The examples are short-
ened for readability, but the pattern is consistent: the adapter
often repeats a generic safety or uncertainty response without
resolving the specific factual issue raised by the prompt.

These examples show why the metric divergence is not
merely numerical. The strict evaluator rewards the pres-
ence of the expected phrase. The judge evaluator penalizes
responses that do not engage with the specific content of
the prompt. The difference reveals a training outcome that
is useful but incomplete: the adapter learned when to sound
cautious, but it did not consistently learn how to perform
grounded verification.

E. COMPARISON WITH RECENT HALLUCINATION
MITIGATION APPROACHES
Table 11 positions the proposed trigger-guided QLoRA
adapter against representative recent hallucination mit-
igation approaches. The comparison is intended as a
performance-context comparison rather than a controlled
leaderboard, because prior methods use different base mod-
els, retrieval corpora, training objectives, datasets, and eval-
uation protocols. A direct numerical comparison under iden-
tical conditions would require reimplementing each method
with the same base model, trigger split, judge prompt, and
decoding settings, which is outside the scope of the fixed
experiment.

The comparison shows that the proposed method should
not be interpreted as replacing retrieval-augmented, self-
reflective, corrective, or preference-optimization approaches.
Those methods generally introduce additional retrieval, cri-
tique, correction, or preference-learning mechanisms to
improve factuality. In contrast, the fixed TruthShield exper-
iment isolates a lightweight trigger-guided adapter inter-
vention and evaluates whether its apparent gains persist
across strict, judge-based, and embedding-based metrics.
The results therefore support a narrower claim: the method
provides a reproducible way to study metric divergence
in parameter-efficient hallucination-aware adaptation, and it
may be combinedwith stronger SOTAmitigation frameworks
in future work.

VI. DISCUSSION
The observed metric divergence suggests two provisional
implications for hallucination-aware adaptation, but these
implications require confirmation with multi-judge evalua-
tion and repeated-seed analysis.

First, strict metrics can be useful diagnostic tools, but they
are insufficient as sole evidence of hallucination mitigation.
This result also raises a construct-validity concern for the
strict metric. When a strict evaluator is structurally simi-
lar to the training target, improvement may partly reflect
evaluator-facing pattern acquisition. The strict score should
therefore be interpreted as evidence of surface compliance,
not as independent evidence of hallucination mitigation.
In this experiment, strict scores indicate that the adapter
learned the target response form. If strict matching were the
only metric, the adapter would appear to solve the evaluated
tasks. The judge scores show that this interpretation would be
misleading.

Second, trigger-guided training can encourage lexical or
behavioral shortcuts. Rule-generated triggers are valuable
because they make failure modes explicit and reproducible.
However, rules often operate on observable patterns, such as
specific answer forms, refusal markers, or unsupported-claim
indicators. A model trained on these signals may learn to sat-
isfy the rule-facing surface without acquiring the underlying
factual or grounding behavior needed for semantic reliability.
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TABLE 10. Representative strict-success and judge-failure patterns.

TABLE 11. Comparison with recent hallucination mitigation approaches.

The results also show why hallucination mitigation experi-
ments should report complementary metrics. Strict matching
provides reproducibility and comparability. Judge evaluation

provides a broader semantic check. Neither view is complete
on its own, but disagreement between them is informa-
tive. In this study, disagreement reveals that the adapter’s
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TABLE 12. Interpretation of metric combinations in hallucination-aware adaptation.

apparent improvement is concentrated in format-level
compliance.

The findings also clarify what trigger-guided training is
useful for. It can be valuable as a controlled intervention for
probing whether a model can learn specific cautionary behav-
iors. It can also be useful for building datasets of adversarial
or counterexample-style prompts. The limitation is that these
benefits are not identical to factual improvement. A model
can learn to say that evidence is required without actually
checking evidence, identifying the unsupported subclaim,
or producing a grounded alternative answer.

A practical implication is that hallucination-aware fine-
tuning should include evaluation examples that punish
generic caution. For example, an evaluation set should be dis-
tinguished between an answer that simply refuses to speculate
and an answer that explains which part of a claim is verifi-
able, which part is unsupported, and what evidence would be
required. Without this distinction, training may converge on
safe-sounding templates that score well under narrow pattern
matching.

Improving judge-based assessment scores would likely
require changing the training signal rather than simply
increasing the number of trigger examples. Future trigger
targets should require claim-level verification: identifying
unsupported subclaims, separating verifiable from unveri-
fiable content, using available evidence when present, and
producing grounded alternative answers when the orig-
inal claim is unsupported. In addition, repetition con-
trol through target deduplication, more diverse response
templates, and decoding constraints may improve judge
acceptability by reducing generic or repetitive cautionary
outputs.

Another implication concerns reporting. Studies that use
rule-derived training data should report at least one metric
that is not structurally similar to the rules used to create
the data. In this experiment, the strict metric is close to the
training target, whereas the judge metric provides a different
view. The disagreement between them is therefore not a
failure of the experiment; it is the main evidence about the
adapter’s behavior. The fixed rule-guided experiment falls
into the second row of Table 12.

VII. LIMITATIONS
This paper has several limitations. First, the fixed adapter
results focus on Mistral-7B as the primary adapted model.
Baseline failure extraction includes multiple models, but the
reported adapter comparison is not yet a multi-adapter, multi-
model study. A stronger generalization claim would require
training and evaluating adapters for several base models
under identical trigger-generation and judge-evaluation pro-
tocols.

Second, the training round analyzed here uses rule-guided
triggers. LLM-guided trigger variants are part of the broader
pipeline but are not included in the fixed result claim. Rule-
guided triggers provide transparency and reproducibility, but
they may overrepresent failure modes that are easy to express
with patterns. They may also encourage the model to imitate
the target phrase instead of learning a richer verification
procedure. The strict evaluator may also be affected by met-
ric leakage because its matching rules are related to the
rule-guided target responses used during trigger training.
This limits the independence of the strict metric and makes
judge-based or human evaluation necessary for validating
semantic improvement.

Third, judge-based evaluation depends on the single judge
model, meta-llama/Meta-Llama-3.1-8B-Instruct, and judge
prompt. A different judge may change absolute scores,
although the strict-versus-judge comparison remains a use-
ful diagnostic design. Future work should evaluate judge
robustness by using multiple judge models, prompt variants,
and calibration examples. Human annotation would also help
determine whether judge failures correspond to real semantic
inadequacy or to evaluator-specific preferences.

Fourth, the study does not claim exhaustive coverage of
hallucination types. The rule labels and trigger generation
process emphasize failure modes represented in the evaluated
datasets and baseline outputs. They do not cover all forms
of factual error, temporal drift, numerical reasoning error,
citation fabrication, or multi-hop evidence synthesis.

Fifth, the qualitative examples show repetitive output
behavior, but the current experiment does not isolate whether
repetition is caused primarily by the training data, decod-
ing settings, adapter overfitting, or interaction among these

113968 VOLUME 14, 2026



J. Zhang, G. Noh: Metric-Aware Analysis of Trigger-Guided Adapter Training

TABLE 13. Threats to validity and mitigation strategies.

factors. This matters because repetition may be reducible
through training-target deduplication, more diverse target
responses, and decoding constraints, whereas deeper seman-
tic failures require changes to training objectives and evalua-
tion design. Improving judge-based assessment scores would
likely require targets that encourage claim-level verification
rather than repeated generic cautionary phrases.

We do not report confidence intervals, repeated random
seeds, or statistical significance tests; therefore, score deltas
should be interpreted cautiously, especially for tasks with
small test splits such as TQA(MC).

Table 13 summarizes the main threats to validity. The most
important risk is construct validity: strict matching may not
measure the construct of semantic hallucination mitigation.
This risk is not incidental to the study; it motivates the dual-
metric design. Internal validity is affected by the possibility
that repetition or decoding settings contribute to judge fail-
ures. External validity is limited by the single adapted model
and the specific trigger-generation procedure. Conclusion
validity is limited by unequal task sizes, especially for Truth-
fulQA multiple choice.

These limitations constrain the conclusion. The evidence
supports a metric-aware analysis of trigger-guided adapter
behavior, not a broad claim that the adapter improves seman-
tic reliability in deployment.

VIII. CONCLUSION
This paper evaluated trigger-guided QLoRA adapter train-
ing for hallucination-aware language model adaptation using
strict matching and LLM judge evaluation. The adapter
produced large strict-score gains on TruthfulQA genera-
tion, TruthfulQA multiple choice, and HaluEval. However,
judge-based scores did not improve and decreased on two
of the three tasks. The results indicate that trigger-guided
adapter training can improve surface-level compliance, while

evidence for semantic hallucination mitigation remains
inconclusive in this experimental setting.

The broader lesson is methodological. Hallucination mit-
igation should not be evaluated through strict metrics alone,
especially when the training data are derived from rule pat-
terns. A metric-aware evaluation design can reveal whether
an apparent improvement reflects deeper semantic reliability
or only alignment with the evaluator’s visible format.

Future work should extend this analysis in three directions.
First, the same trigger-guided protocol should be applied
to additional base models to determine whether the strict-
versus-judge divergence is model-specific or common across
architectures and instruction-tuned checkpoints. Second, trig-
ger construction should move beyond generic cautionary
responses toward evidence decomposition, source attribu-
tion, and claim-level verification targets. Such targets should
require the model to identify unsupported subclaims, separate
verifiable from unverifiable content, use available evidence
when present, and provide grounded alternative answers
when the original claim is unsupported.

Third, evaluation should combine strict scoring, multiple
LLM judges, and human annotation so that metric disagree-
ment can be analyzed rather than hidden by a single aggregate
score. Future work will also evaluate trigger-guided adapta-
tion in combination with retrieval-augmented, self-reflective,
corrective, and preference-optimization-based hallucination
mitigation methods under controlled experimental settings.

These extensions would make it possible to test whether
trigger-guided adaptation can progress from surface compli-
ance toward genuine semantic reliability.
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