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Abstract

Large Language Models (LLMs) often generate
factually incorrect content, known as “halluci-
nations”, which undermine the reliability and
safety of their outputs. Existing hallucination
detection methods either depend on external
knowledge sources, incurring high computa-
tional costs and limiting real-time applicabil-
ity, or extract the model’s internal states, lead-
ing to poor generalization. To address these
issues, this paper proposes ReFL, a halluci-
nation detection framework. ReFL leverages
corrective in-context learning to dynamically
guide LLMs to recognize their own prediction
errors and adjust internal representations, criti-
cally without updating model weights. Specif-
ically, by introducing a corrective in-context
learning strategy, where triplets of input text,
model prediction, and ground-truth label are
embedded into the prompt to make the model
explicitly aware of its own errors. The model
reflects on prior outputs to adjust its internal
states and generate semantically structured rep-
resentations better aligned with factuality. This
feedback mechanism encourages the model to
shape a more coherent semantic space and en-
hances the LLM’s internal sensitivity to hallu-
cinations. Experimental results on two bench-
mark datasets demonstrate that ReFL consis-
tently outperforms existing methods, achieving
state-of-the-art performance.

1 Introduction

In recent years, Large Language Models (LLMs)
have developed rapidly and shown strong gener-
ative capabilities in various natural language pro-
cessing tasks (Brown et al., 2020; Touvron et al.,
2023a). However, LLMs often generate factually
incorrect content, a phenomenon known as “hal-
lucination” (Ji et al., 2023). These hallucinations
reduce the credibility and trustworthiness of model
outputs, especially when the content appears fluent
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and convincing. In high-stakes domains such as
healthcare, law, and scientific research, hallucina-
tions may even lead to misleading or dangerous
decisions. essential across various domains (Bai
et al., 2025; Fan et al., 2025a,b). Therefore, effec-
tively detecting and identifying hallucinations has
become a key challenge for improving the safety
and reliability of LLMs (Guan et al., 2024).

According to Metcalfe (2017), humans learn not
only from success but also from their own mistakes.
When humans face a question they previously an-
swered incorrectly, people often reflect on their
reasoning process, analyze the source of the error,
and make more robust judgments in similar situ-
ations. This ability of “reflection and feedback”
enables humans to continuously correct cognitive
biases and improve accuracy in complex tasks. In-
spired by this reflective feedback mechanism, we
raise a central question:

Can LLMs also learn to detect halluci-
nations by “observing their own errors”,
and then adjust their internal reasoning
patterns, thereby improving the reliabil-
ity of content generation?

Our ReFL framework provides an affirmative
answer by introducing a reflective feedback mecha-
nism that enables LLMs to perform self-correction
purely through dynamic prompt guidance, critically
without requiring updates to the underlying model’s
parameters. This approach stands in contrast to ex-
isting internal state-based methods (Huang et al.,
2025; Ji et al., 2024). For example, SAPLMA ana-
lyzes hidden layer activation values to assess output
reliability (Azaria and Mitchell, 2023). MixHD ex-
tracts internal features such as hidden layer states
and word probabilities, and analyzes the output
probability distribution (Li et al., 2025). However,
they generally face a key issue: most methods treat
internal states as static features, lacking dynamic
intervention and guidance during the reasoning
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process (Zhang et al., 2025a). They lack a self-
feedback mechanism for LLMs and fail to use the
model’s error awareness to adjust and optimize in-
ternal representations. This passive approach limits
the model’s ability to capture structural information
related to hallucinations.

To address these issues, this paper proposes
a new hallucination detection framework called
ReFL. Unlike prior methods that treat hidden states
as fixed outputs, ReFL embeds correction signals
into the model’s prompt to guide semantic re-
alignment. Specifically, ReFL constructs triplets
consisting of “input text,” “model-predicted la-
bel,” and “ground-truth label” as context examples.
These triplets highlight prediction errors, trigger-
ing adjustments within the internal representations,
thereby allowing the model to self-adjust its reason-
ing process and enhance its sensitivity to factual
content during inference. This reflection process is
similar to how humans refine knowledge through
feedback, making the model more sensitive to hal-
lucinated outputs. This process helps the model
generate more structured and accurate semantic
representations. Unlike methods that require query-
ing external knowledge bases at inference time,
ReFL operates solely on the model’s internal states
after being trained on supervised datasets that pro-
vide ground-truth labels. By incorporating feed-
back from previous predictions, ReFL enables the
model to focus more on factual content and reduce
attention to hallucinated information, improving its
hallucination detection ability across various con-
texts. The key contributions of the approach can be
summarized as follows:

• The ReFL framework is proposed, introducing
reflective feedback learning via corrective in-
context learning. This mechanism dynamically
guides the internal states of large language mod-
els without requiring parameter updates, signifi-
cantly enhancing hallucination detection.

• A parameter-efficient feedback learning mech-
anism within the ReFL framework enables dy-
namic, real-time adjustments to the model’s in-
ternal state.

• Achieving state-of-the-art performance on two
benchmark datasets, the approach demonstrates
the strong generalization of feedback-guided in-
ternal state modeling for hallucination detection.

2 RELATED WORKS

2.1 Hallucination in LLMs

“Hallucination” refers to factual or semantic errors
that occur when LLMs generate content (Zhang
et al., 2025b). This issue is prevalent in tasks such
as text generation, question answering, summariza-
tion (Pagnoni et al., 2021), and dialogue (Dziri
et al., 2022). Hallucinations severely affect the ac-
curacy and trustworthiness of model outputs (Far-
quhar et al., 2024). As LLMs are increasingly de-
ployed in critical applications, ensuring their fac-
tual consistency is paramount (Xu et al., 2025).

To address this challenge, researchers have
proposed various hallucination detection meth-
ods (Chen et al., 2025b; Liang et al., 2025). MIND
proposed an unsupervised hallucination detection
method. They showed that the contextual em-
bedding of the last token in the final layer plays
a key role in hallucination detection (Su et al.,
2024). PRISM guide the structural changes in
the internal states of LLMs using carefully de-
signed prompts (Zhang et al., 2025a). Some meth-
ods also detect hallucinations by analyzing token
probabilities (Quevedo et al., 2025; Duan et al.,
2024). Beyond analyzing the internal state of a
single output, some studies explore hallucination
detection through consistency among multiple gen-
erations (Agrawal et al., 2024; Mündler et al., 2024;
Chen et al., 2025a). SelfCheckGPT found that the
consistency among multiple responses to the same
question can indicate the confidence of the LLM’s
output (Manakul et al., 2023). Building on this, IN-
SIDE extended consistency analysis from textual
outputs to the LLM’s internal representation space.
They compared the similarity between hidden vec-
tors of multiple generations to effectively identify
hallucinations (Chen et al., 2024).

2.2 Self-Correction in LLMs

In-context learning (ICL) has become a key
paradigm for using large language models
LLMs (Brown et al., 2020). Researchers have
developed various prompting techniques, such as
Chain-of-Thought reasoning (Wei et al., 2022b),
Self-Reflection (Renze and Guven, 2024), and In-
struction Tuning (Wei et al., 2022a), to improve
the model’s capabilities. Building on these ef-
forts, researchers have begun to explore the self-
correction ability of LLMs (Sanz-Guerrero and Von
Der Wense, 2025; Wu et al., 2024), i.e., the capac-
ity of models to revise or improve their outputs
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based on prior errors or feedback. Current methods
mainly adopt iterative generation (Madaan et al.,
2023), fine-tuning with self-generated data, or opti-
mization using reinforcement learning with exter-
nal rewards (Kumar et al., 2024). These approaches
focus on improving final outputs, typically through
multi-round sampling or gradient-based learning,
but rarely intervene in the internal representation
space. They often treat model predictions as pas-
sive outputs, overlooking the potentially useful in-
formation they may contain—especially when the
predictions are incorrect (Hamdan and Yuret, 2025).
Such predictions, though wrong, often reflect mean-
ingful biases that can inform internal state restruc-
turing. We argue that even incorrect predictions
can positively influence the structure of the LLM’s
internal states.

3 Methodology

In this section, we provide a detailed introduction
to our proposed ReFL framework, which stands for
reflective feedback learning for hallucination de-
tection of LLMs. The overall process is illustrated
in Figure 1. This framework consists of two steps:
Corrective In-Context Learning (CICL) construc-
tion and hallucination classifier training.

3.1 Corrective In-Context Learning
Generation

We adopt a standard k-shot in-context learning
strategy to construct few-shot prompts for each
evaluation sample x. Specifically, let L be the
set of possible discrete labels in the classification
task. We select a set of k labeled examples Ck =
{(x1, y1), (x2, y2), . . . , (xk, yk)} to construct the
context prompt, where xi is the input statement
and yi ∈ L is the corresponding label. Given a new
test instance x, the model M is expected to infer
the most probable label conditioned on the prompt:

ŷ = argmax
y∈L

PM (y | Ck, x) (1)

where PM (y | Ck, x) denotes the probability that
model M assigns to label y, given the prompt
context Ck and the input sample x. To compute
this probability, we follow the common practice of
token-level likelihood based on the LLM’s output
logits, where geometric mean normalization is ap-
plied to mitigate label length bias (details can be
found in Appendix E ). The label with the highest
normalized likelihood is then selected as the final
prediction.

After obtaining the predicted label for each in-
put text, we construct a set of corrective triplets
that make explicit the agreement or discrepancy be-
tween the model’s prediction and the ground truth
label. To make the model “aware” of its own past er-
rors, we define a corrective triplet ti = (xi, ŷi, yi),
where xi is the input text, ŷi is the predicted label,
and yi is the true label. These triplets explicitly
encoding the relationship between what the model
believed versus what is factually correct. For in-
correctly predicted samples (ŷi ̸= yi), the triplet
functions as a negative feedback signal, helping
the model identify its own hallucination-prone rea-
soning behaviors. For correctly predicted samples
(ŷi = yi), the triplet acts as a positive alignment
signal, reinforcing structural indicators of factual
reasoning. This subtle yet powerful feedback mech-
anism, embedded within the prompt context, dy-
namically reshapes the LLM’s internal representa-
tion space at inference time, making it more sen-
sitive to hallucinated outputs without altering its
fundamental parameters. We use these triplets as
semantic feedback cues to construct a new prompt
for the test sample:

CCICL = {(xj , ŷj , yj)}kj=1 (2)

For the test sample x, we first predict its label ŷi
using the above ICL strategy. We then append this
test input and its predicted label to the constructed
context, yielding the final CICL input sequence:

InputCICL = CCICL || (x, ŷ, ?) (3)

where || denotes sequential concatenation, and the
? represents the placeholder for the label to be in-
ferred.

The sequence is fed into the same model M ,
allowing it to “see” the outcome of its past pre-
dictions. This process encourages the model to
refine its internal state based on prior errors and
simulates a contextual self-correction mechanism,
where the model introspects on its prior outputs,
facilitating internal realignment toward factual con-
sistency. Our approach enables the model to pro-
cess its own uncertainty (Xiong et al., 2024) and
mistakes. It uses the model’s own past predictions—
both correct and incorrect—as semantic guidance
signals to reshape internal representations.

3.2 Hallucination Classifier Training
The internal states of LLMs contain rich and dense
semantic information. For the t-th output token
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Figure 1: Overview of the ReFL Framework for Hallucination Detection in LLMs: The framework includes key
components such as prediction generation, corrective triplet construction, internal state extraction, and hallucination
detection. It starts with generating prediction labels via a few-shot setup, followed by comparing predictions with
ground-truth labels to construct corrective triplets. These triplets, along with the test input and predicted label, are
fed into the model to extract internal states. A hallucination classifier then uses these states to determine if the
prediction is a hallucination.

yt, we denote the hidden embedding at layer l as
hl
t ∈ Rd, where d is the dimensionality of the

hidden representation at that layer. We extract the
embedding of the last token from the final layer as
the feature vector (Su et al., 2024). This vector can
be viewed as the LLM’s final understanding of the
input semantics, incorporating both its own predic-
tion and the feedback from the true label. We fo-
cus on the contextual semantic embeddings formed
when the model processes each CICL triplet input,
using the predicted label to enhance the LLM’s
ability to assess the factuality of the text.

We trains a binary classification model to deter-
mine whether a given input contains hallucinated
content based on its internal representation. We
use a multilayer perceptron (MLP) as the classi-
fier. Its input is a 1× d vector, which corresponds
to the hidden state of the last token from the fi-
nal layer of the LLM. The output is the predicted
probability P ∈ [0, 1] for the binary classification.
The forward propagation of the classifier can be
represented as:

P = MLP(ReLU(W ·H + b)) (4)

where W and b represent the weight matrices and
bias terms, respectively. The MLP consists of three

hidden layers with dimensions 256, 128, and 64.
Each hidden layer uses the ReLU activation func-
tion. The output layer uses a sigmoid function to
map the result to a probability between 0 and 1.
To train the classifier, we use the Binary Cross-
Entropy (BCE) loss function as the optimization
objective. It is defined as follows:

LBCE(y, p) = −y log(p)−(1−y) log(1−p) (5)

where y ∈ [0, 1] denotes the ground truth label of
the sample, where 1 indicates factual content (non-
hallucinated), and 0 indicates the presence of hallu-
cination. p is the classifier’s predicted probability
that the sample is factual. By minimizing this loss
function, the classifier learns to map embedding-
level differences into hallucination predictions, en-
abling the model to distinguish internal representa-
tions of truthful vs. hallucinated samples.

4 EXPERIMENTS

4.1 Experimental Setup
4.1.1 Datasets.
We evaluate the performance of ReFL and base-
line models on the True-False dataset (Azaria and
Mitchell, 2023) and the LogicStruct dataset (Bürger
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et al., 2024; Marks and Tegmark, 2024). The True-
False dataset is designed to study cross-domain hal-
lucination detection. Each example is a short fac-
tual statement labeled as true or false, covering six
semantically independent topics: animals, cities,
companies, chemical elements, scientific facts, and
inventions.

To further investigate hallucination detection un-
der variations in syntactic structure, we use the Log-
icStruct dataset. It consists of 24 subsets across six
topics. Each topic contains four syntactic variants:
affirmative, negation, conjunction, and disjunction.
Negation sentences are constructed by inserting
the word “not” into affirmative statements. Con-
junctive and disjunctive sentences are formed by
sampling two affirmative clauses and connecting
them with “and” or “or” to create more complex
composite statements. More dataset information
and details can be found in Appendix A.

4.1.2 Models and Evaluation Metrics.
In our experiments, we utilize a diverse set of
representative open-source LLMs, encompass-
ing various architectures and scales. For the
main results presented in the paper, we fo-
cus on LLaMA2-7B (Touvron et al., 2023b),
LLaMA3-8B (Grattafiori et al., 2024), Qwen2.5-
3B-instruct (Qwen et al., 2025), and OPT-
6.7b (Zhang et al., 2022). To further demonstrate
ReFL’s robustness and generalizability, additional
experiments were conducted on other models, with
their results detailed in Appendix B. All models
are obtained via Hugging Face and used in their
base or instruction-tuned versions (as specified),
without additional fine-tuning.

To assess the effectiveness of different halluci-
nation detection methods, we adopt two standard
evaluation metrics: Accuracy (ACC) and Area Un-
der the Receiver Operating Characteristic Curve
(AUC).

4.1.3 Baseline.
We select the following hallucination detection
methods as baselines, with all experimental results
reproduced by ourselves for consistent evaluation:
• Predictive Probability (PP) (Manakul et al.,

2023) is based on the token-level probabilities
assigned by the LLM during generation. It mea-
sures the model’s confidence in its own out-
put. The variant Length-Normalized Predictive
Probability (LN-PP), which averages the log-
probabilities of all tokens.

• SAPLMA (Azaria and Mitchell, 2023) extracts
activation values from LLM hidden layers as fea-
ture vectors and trains a classifier to assess the
factuality of text statements. SAPLMA achieves
stable classification performance across domains.

• MIND (Su et al., 2024) uses pseudo-labeled data
extracted from high-quality Wikipedia corpora
to train a classifier based on LLM internal states,
enabling real-time detection without manual an-
notation.

• MM (Marks and Tegmark, 2024) quantifies fac-
tuality by projecting a test sample’s embedding
onto a "factuality direction." A sigmoid function
maps this projection to a probability for halluci-
nation detection.

• PRISM (Zhang et al., 2025a) uses carefully
designed prompts to guide the internal states
of LLMs. It integrates with existing methods
such as SAPLMA and MM, resulting in PRISM-
SAPLMA and PRISM-MM.

4.2 Implementation Details
On the True-False dataset, we set the number of
few-shot examples to k = 6 for LLaMA2-13B and
LLaMA3-8B, and k = 4 for all other models. On
the LogicStruct dataset, we used k = 4 for all mod-
els. To ensure balanced feedback signals in the
prompt, we fix the correction ratio to 50%. Specifi-
cally, prediction samples are divided into a Correct
Prediction pool (ŷ = y) and an Incorrect Predic-
tion pool (ŷ ̸= y), from which k/2 exemplars are
randomly sampled from each pool to construct the
prompt for every test instance.

For each topic in the True-False dataset, we train
a classifier using activation values from all other
topics and test it on the current topic to evaluate
accuracy under a cross-topic setting. For the Log-
icStruct dataset, we train the model on affirma-
tive sentences and test it on negative, conjunction,
and disjunction sentences to assess generalization
across different syntactic structures (Levinstein and
Herrmann, 2024). The MIND method is trained
on its original automatically constructed dataset
and tested on True-False and LogicStruct datasets.
For models that require a validation set, we split
the training data into training and validation sub-
sets at a 4:1 ratio and select the best-performing
parameters on the validation set for final evaluation.
Complete hyper parameter configurations and im-
plementation details are provided in Appendix B
to ensure full reproducibility.
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Qwen-3B-Instruct ACC (%) OPT-6.7B ACC (%)

Baselines Anim. Cities Comp. Elem. Facts Invent. Avg. Anim. Cities Comp. Elem. Facts Invent. Avg.

LN-PP 57.2 55.2 52.8 59.0 55.0 59.7 56.5 52.5 53.9 52.4 54.0 53.5 55.9 53.7
MIND 48.5 47.7 50.7 50.1 50.1 51.5 49.8 49.9 48.2 47.2 50.1 49.9 41.6 47.8
MM 53.4 75.3 63.3 54.2 66.7 68.6 63.6 50.3 51.0 49.3 51.1 57.6 47.5 51.1
SAPLMA 73.9 89.7 67.3 62.3 84.8 78.6 76.1 64.9 51.2 63.7 56.3 67.1 57.1 60.0
PRISM1 79.3 91.2 82.9 79.3 92.5 84.4 84.9 50.0 50.3 67.4 50.2 49.9 53.9 53.6
PRISM2 81.1 91.2 87.6 82.3 85.8 88.8 86.1 68.4 62.8 61.9 61.5 63.9 57.9 62.7

ReFL 84.6 92.2 89.0 83.1 92.3 87.9 88.2 59.2 74.2 62.3 63.1 72.3 64.4 65.9
LLaMA2-7B ACC (%) LLaMA3-8B ACC (%)

Baselines Anim. Cities Comp. Elem. Facts Invent. Avg. Anim. Cities Comp. Elem. Facts Invent. Avg.

LN-PP 57.8 56.8 53.4 62.9 65.3 58.1 59.1 56.1 52.9 55.2 57.9 56.4 57.3 55.9
MIND 49.6 50.1 46.2 48.4 46.3 46.8 47.9 49.9 50.0 50.6 50.0 50.1 44.4 49.2
MM 50.0 53.4 52.9 50.5 67.9 49.5 54.0 60.2 52.3 52.7 56.8 62.5 59.7 57.4
SAPLMA 73.1 71.5 66.1 70.7 80.4 81.9 74.0 70.3 70.8 64.8 80.6 78.0 74.1 73.1
PRISM1 52.1 59.3 61.8 57.0 53.7 54.1 56.3 61.3 77.0 65.6 70.8 71.6 64.8 68.5
PRISM2 71.4 84.6 75.8 72.7 71.6 80.4 76.1 78.8 91.2 73.0 77.2 83.7 81.2 80.8

ReFL 72.6 93.6 90.6 78.1 88.3 87.2 85.0 83.4 93.1 89.2 86.1 90.3 86.8 88.1

Table 1: Overview of experimental results on the True-False dataset using various representative open-source LLMs.
The table compares the ACC metrics for each semantic topic. PRISM1 represents PRISM-MM, and PRISM2

represents PRISM-SAPLMA. All numbers are percentages.

Qwen-3B-Instruc AUC (%) OPT-6.7B AUC (%)

Baselines Anim. Cities Comp. Elem. Facts Invent. Avg. Anim. Cities Comp. Elem. Facts Invent. Avg.

LN-PP 60.6 68.2 58.7 67.2 68.9 64.2 64.6 52.7 66.3 59.2 56.6 65.2 58.6 59.8
MIND 48.5 61.8 48.5 62.7 58.4 49.8 55.0 41.8 46.4 52.6 51.6 38.8 39.2 45.1
MM 53.8 75.8 63.5 54.3 67.0 68.4 63.8 59.0 67.4 56.4 62.9 74.0 63.7 63.9
SAPLMA 81.3 96.2 81.2 86.6 93.0 87.8 87.7 71.3 79.6 74.1 64.8 79.2 61.5 71.8
PRISM1 80.6 91.6 83.3 80.0 93.0 86.3 85.8 56.5 54.4 75.1 55.0 51.6 60.9 58.9
PRISM2 91.1 97.6 93.8 90.8 97.8 95.7 94.5 74.4 80.8 82.9 67.1 76.5 68.8 75.1

ReFL 93.1 97.9 94.3 91.9 99.0 94.6 95.1 65.7 83.1 79.4 67.5 82.0 70.3 74.6

LLaMA2-7B AUC (%) LLaMA3-8B AUC (%)

Baselines Anim. Cities Comp. Elem. Facts Invent. Avg. Anim. Cities Comp. Elem. Facts Invent. Avg.

LN-PP 60.4 63.8 59.4 68.1 74.8 62.6 64.9 59.7 66.2 62.7 66.5 71.5 63.5 65.0
MIND 47.6 45.6 46.0 45.9 40.3 45.9 45.2 47.2 48.4 48.6 46.0 43.3 48.2 46.9
MM 51.7 58.5 55.4 50.7 71.1 55.2 57.1 66.7 53.9 52.9 57.4 63.7 62.5 59.5
SAPLMA 82.2 89.5 78.4 78.7 88.9 91.3 84.8 81.6 77.5 78.7 88.6 90.7 85.9 83.8
PRISM1 52.4 61.7 68.1 56.7 54.5 52.9 57.7 62.4 80.9 69.9 75.0 76.6 64.9 71.6
PRISM2 79.9 93.9 83.6 76.9 88.9 87.9 85.2 87.3 97.1 92.1 89.8 93.5 88.4 91.4

ReFL 86.4 98.0 95.7 89.3 95.6 94.9 93.3 91.7 97.5 96.0 93.4 98.8 96.1 95.6

Table 2: Overview of experimental results on the True-False dataset using various representative open-source LLMs.
The table compares the AUC metrics for each semantic topic. PRISM1 represents PRISM-MM, and PRISM2

represents PRISM-SAPLMA. All numbers are percentages.

4.3 Experimental Results

4.3.1 Hallucination Detection on the
True-False Dataset

In this section, we systematically evaluate the per-
formance of the proposed ReFL framework on hal-
lucination detection. As shown in Tables 1 and Ta-
ble 2, our method consistently achieves the best re-
sults across diverse topics and model architectures.

Compared to existing baselines, ReFL demon-
strates a significant performance margin across all
evaluated model sizes. This substantial improve-
ment highlights the broad effectiveness of integrat-
ing corrective in-context learning, proving that our
dynamic approach consistently outperforms tradi-
tional static internal state probing methods across
various evaluation settings.

Notably, on the more advanced LLaMA3-8B

19653



Qwen-3B-Instruct ACC (%) LLaMA2-7B ACC (%) LLaMA3-8B ACC (%)

Baselines Neg. Conj. Disj. Average Neg. Conj. Disj. Average Neg. Conj. Disj. Average

LN-PP 42.0 52.2 53.3 49.2 41.8 55.5 59.4 52.2 43.2 53.0 59.9 52.0
MIND 48.0 48.9 49.7 48.9 51.6 48.1 48.9 49.5 50.6 48.0 50.9 49.8
MM 57.0 51.7 49.8 52.8 46.5 58.4 49.7 51.6 48.3 58.9 52.4 53.2
SAPLMA 77.9 75.1 52.4 68.5 45.3 50.9 50.2 48.8 48.9 59.3 50.8 53.0
PRISM1 84.0 88.4 54.4 75.6 50.3 50.8 50.0 50.4 47.3 60.7 51.4 53.1
PRISM2 85.3 87.6 57.3 76.8 53.3 68.0 63.0 61.4 50.0 83.8 50.7 61.5

ReFL 92.1 92.3 68.9 84.5 72.3 66.5 66.1 68.3 90.9 84.2 68.1 81.1

Table 3: This table shows the accuracy performance on the LogicStruct dataset using various representative open-
source LLMs. Models were trained on affirmative structures and evaluated on negation, conjunction, and disjunction,
with the average presented. PRISM1 represents PRISM-MM, and PRISM2 represents PRISM-SAPLMA.

model, our method achieves the highest average
ACC of 88.1% and an AUC of 95.6%. This in-
dicates that more powerful pre-trained language
models can produce richer internal features, which
are highly suitable for hallucination detection when
appropriately guided. Overall, the experimen-
tal results strongly validate our core hypothesis:
by explicitly injecting the discrepancy between
the model’s own output and the ground-truth la-
bel, LLMs can learn internal representations with
strong “error-correction capability.” Rather than
passively observing static features, the ReFL frame-
work forces the model to proactively reshape its
internal state, allowing it to effectively and sharply
distinguish factual from hallucinated content.

4.3.2 Hallucination Detection on the
LogicStruct Dataset

According to Levinstein and Herrmann (2024), ex-
isting baseline models struggle to generalize from
training on affirmative sentences to other syntactic
structures. The fundamental reason for this poor
generalization is that existing methods extract the
model’s internal states through standard forward
propagation, and in these states, factuality features
are often deeply entangled with topic and seman-
tic features. For domain-transfer failures, existing
probe models often overfit to domain specific con-
tent rather than factuality itself. When training
a probe in a specific domain, the classifier often
learns spurious correlations, such as binding certain
keywords to the positive label, rather than the es-
sential concept of factuality. For structural-transfer
failures, taking the sentence “Paris is not the capital
of France” as an example, a standard probe focuses
only on the strong association between “Paris” and
“France,” thus predicting true, while ignoring the
syntactic operator “not.” Therefore, when the data

distribution shifts to a new domain or new syntac-
tic structure, these semantic dependent “shortcuts”
will no longer be effective, ultimately leading to a
significant drop in generalization performance.

To further evaluate the generalization ability of
our method across unseen syntactic structures, we
conducted a systematic evaluation on the Logic-
Struct dataset. As shown in Table 3, our method sig-
nificantly outperforms existing approaches across
all syntactic variants. Notably, on the most chal-
lenging “negation” structure, our method achieved
over 90% accuracy with both the LLaMA3-8B and
Qwen2.5-3B-Instruct models, substantially outper-
forming all baselines. Moreover, we observed that
all other methods performed poorly on negation
sentences for the base models without fine-tuning,
while our method still demonstrated strong per-
formance. ReFL addresses this issue by injecting
corrective triplets. The core is to explicitly expose
the conflict (or alignment) relationship between
the model’s prediction and the ground-truth label.
By prompting the model with such triplets, ReFL
forces the attention mechanism to focus on this
universal “correctness structure” rather than seman-
tic information specific to a particular domain or
grammar. Overall, although the model was trained
only on the simplest “affirmative” structure, the cor-
rective context introduced by the ReFL framework
effectively guided the model to learn hallucination-
related semantic distinctions. These distinctions
were then successfully transferred to more complex
syntactic patterns. This improved the model’s sen-
sitivity and generalization ability across different
syntactic forms. To further validate that our correc-
tive feedback mechanism restructures the internal
representation space, we conduct both quantitative
and visualization analyses of the internal states, as
detailed in Appendix D.
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4.3.3 Efficiency Analysis
We further analyze the computational efficiency
of different hallucination detection methods. All
experiments are conducted under the same hard-
ware setting using a single NVIDIA H100 GPU.
For all baseline methods, we adopt their standard
implementations to reflect typical usage scenarios.

The efficiency advantage of ReFL primarily
stems from its architectural design. Unlike baseline
methods that rely on iterative prompting or sam-
ple wise sequential processing, ReFL requires only
a single forward pass through the large language
model to extract feature representations. This sin-
gle pass property naturally enables batch inference.
In our experiments, we leverage parallel embed-
ding extraction and the SDPA operator to fully
utilize hardware throughput. Table 4 reports the
feature extraction time and training time for all
methods. The results show that feature extraction
constitutes the primary computational bottleneck
across all approaches, and ReFL achieves the low-
est overall runtime among the compared methods.
This efficiency gain arises from ReFL’s weight up-
date free design and its strong compatibility with
parallel inference.

Time (s)

Baseline Feature Extraction Training Total

MIND 270.74 71.60 342.34
MM 185.83 46.68 232.51
SAPLMA 79.04 64.47 143.51
PRISM-MM 190.78 45.43 236.21
PRISM-SAPLMA 190.60 119.35 309.95

ReFL 68.43 60.48 128.91

Table 4: Runtime comparison on the True-False dataset
using LLaMA2-7B. Feature generation time includes all
LLM forward passes required to extract representations.

4.4 Ablation Studies
4.4.1 Impact of Corrective Triplets
We explicitly compare corrective triplets with two
baseline approaches: standard in-context learning
(ICL) using simple input label pairs (x, y), and
prior internal state probing methods that treat hid-
den states as static features. As shown in Table 5,
ReFL consistently outperforms both baselines
across most domains on the True-False dataset.
Compared to standard ICL without model predic-
tions, ReFL improves the average accuracy by ap-
proximately 4.1 percentage points, indicating the
limitations of supervision based solely on correct

examples. More notably, ReFL achieves an im-
provement of over 11 percentage points relative
to the static probing setting without ReFL. These
results suggest that the core advantage of ReFL
lies not merely in leveraging internal states, but
in actively restructuring them through corrective
feedback, rather than treating them as fixed repre-
sentations.

Method Anim.Cits.Comp.Elem.FactsInvent.Avg.

Static Probe 73.1 71.5 66.1 70.7 80.4 81.9 74.0
Standard ICL 69.7 88.7 89.2 74.8 76.4 86.9 80.9

ReFL 72.6 93.6 90.6 78.1 88.3 87.2 85.0

Table 5: Experimental results on the True-False dataset
using LLaMA2-7B. We compare ReFL with Static
Probe, which directly probes internal states without
prompts, and Standard ICL, which uses in-context ex-
amples composed of standard input label pairs (x, y).

4.4.2 Impact of Internal State Probing
To validate the design choice of training a classifier
on the model’s internal states, we fix the corrective
in-context learning (CICL) mechanism and com-
pare ReFL with a direct generative baseline. Specif-
ically, we evaluate two approaches: (1) LLM-as-
judge, where the model outputs a textual factuality
label after receiving corrective in-context examples,
and (2) internal state probing, which corresponds
to ReFL and trains a linear classifier on the hid-
den representation of the last Transformer layer
extracted from the same corrective input. All other
experimental settings are kept identical to ensure a
fair comparison.

As shown in Table 6, on the True-False dataset
with LLaMA2-7B, internal state probing signif-
icantly outperforms the generative judgment ap-
proach, achieving an average accuracy of 85% com-
pared to 61% for LLM-as-judge. This result indi-
cates that factuality related signals are more re-
liably and richly encoded in the model’s hidden
states. During language generation, part of this
information is compressed or lost, making explicit
internal state probing a more effective interface for
hallucination detection.

4.4.3 Impact of Correction Ratio in Prompts
We further evaluated how the proportion of cor-
rected examples in the prompt affects model per-
formance. Specifically, we varied the correction
ratio from 0% to 100% in steps of 25% to measure
how the strength of feedback affects the model’s
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True-False ACC (%)

Method Anim. Cities Comp. Elem. Facts Inv. Avg.

LLM-as-judge 66.2 46.4 71.1 63.1 62.0 57.0 61.0
Internal State 72.6 93.6 90.6 78.1 88.3 87.2 85.0

Table 6: Experimental results on the True-False dataset
using LLaMA2-7B, comparing the internal state probing
against a direct generative baseline(LLM-as-Judge).

adjustment ability. As shown in Table 7, the model
achieves the best performance when the correction
ratio is 50%, indicating an optimal trade-off be-
tween error signal and semantic stability. When the
correction ratio is 0% (i.e., no predictive feedback),
the performance is the lowest, further confirming
the importance of prediction feedback. As the cor-
rection ratio increases to 75% or 100%, model
performance declines because too much feedback
from incorrect examples introduces noise, making
it harder to generalize from reliable cues.

Ratio 0% 25% 50% 75% 100%

Accuracy 82.8 84.2 85.0 83.0 83.3

Table 7: Experimental results on the True-False dataset
using LLaMA2-7B, showing the impact of different
correction ratios on model performance.

4.4.4 Impact of Real-world QA Scenarios
To evaluate the effectiveness of the proposed hal-
lucination detection method in real-world question
answering scenarios, we conduct experiments on
the TruthfulQA dataset (Lin et al., 2022). This
dataset contains fact seeking questions collected
from a variety of real-world domains that are par-
ticularly prone to hallucinated responses. We use
the LLaMA2-7B-Chat model with greedy decod-
ing to generate answers, and use BLEURT score
thresholds of 0.25 and 0.5 to obtain ground-truth
labels. Responses with BLEURT scores above the
threshold are labeled as correct, while those below
the threshold are regarded as hallucinations.

For the MM, SAPLMA, and PRISM methods,
the classifier is trained on the first 20% of the
dataset and evaluated on the remaining 80%. The
ReFL method follows the same experimental con-
figuration described in previous sections. Due to
the imbalance in label distribution, we adopt the
AUROC as the evaluation metric.

In addition, we include two unsupervised hallu-
cination detection methods for comparison. Self-

CheckGPT (Manakul et al., 2023) detects halluci-
nations by measuring the consistency of model re-
sponses. Specifically, we adopt the N-gram-based
variant of SelfCheckGPT and evaluate two aggre-
gation strategies: Max(− logP ) and Avg(− logP ).
The semantic entropy (Farquhar et al., 2024)
method assesses output uncertainty by computing
the entropy over semantically clustered generations.
For both baselines, we strictly follow their original
settings and generate 20 stochastic responses with
a temperature of T = 1.0. It is worth noting that
these two methods could not be applied in earlier
experiments because the input format was not in a
question answer form.

As shown in Table 8, the proposed framework
maintains strong performance even under more
complex real-world hallucination scenarios and
consistently outperforms SelfCheckGPT. In con-
trast, the semantic entropy method performs poorly
on the TruthfulQA dataset. We hypothesize that
this behavior arises from the inherent characteris-
tics of the TruthfulQA dataset, where many correct
answers are naturally diverse or refusal-based. In
such cases, high semantic entropy does not indicate
hallucination, but instead reflects legitimate answer
diversity. Additional ablation studies and analyses
are reported in Appendix C.

Baseline T = 0.25 T = 0.5

MM 59.3 56.2
SAPLMA 75.8 54.5
PRISM-MM 56.6 58.1
PRISM-SAPLMA 54.0 63.1
Semantic Entropy 38.4 46.3
SelfCheckGPT(Avg) 81.2 44.5
SelfCheckGPT(Max) 80.6 46.5

ReFL 91.9 63.3

Table 8: Experimental results on the TruthfulQA dataset
using LLaMA2-7B-chat,with different thresholds.

5 Conclusion

In this paper, we introduced ReFL, a novel hal-
lucination detection framework for LLMs pow-
ered by reflective feedback learning. By embed-
ding corrective feedback into in-context learning
prompts, ReFL enables LLMs to dynamically self-
adjust their internal representations in response to
prediction-label mismatches, critically without up-
dating model parameters. This mechanism sig-
nificantly enhances hallucination sensitivity and
factual alignment.
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Limitations

While ReFL significantly advances hallucination
detection, this study still has some limitations. Our
current framework primarily focuses on statement-
level factuality assessment. Expanding ReFL to
tackle more complex tasks like paragraph-level hal-
lucination detection, which demand deeper contex-
tual understanding, is a compelling direction for
future research. Additionally, ReFL’s core mech-
anism relies on effectively utilizing LLM internal
states. While effective for open-source models, ap-
plying ReFL to closed-source commercial LLMs
(e.g., GPT-4o, Gemini) is challenging due to lim-
ited internal state access. Future work will explore
proxy models or indirect probing techniques to ad-
dress this.
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for hallucination detection in Large Language Mod-
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etary data, thus upholding user privacy and data
security standards.
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A Dataset Details

Here are some examples of statements from the
True-False dataset:

• Animals: “The dog has a strong sense of smell
and is known for its loyalty to humans.”

• Cities: “Charlotte Amalie is a city in United
States Virgin Islands.”

• Companies: “Costco Wholesale has headquar-
ters in United States.”

• Elements: “Copper is a strong, lightweight
metal used in aerospace and medical im-
plants.”

• Facts: “The largest lake in the world is located
in Antarctica.”

• Inventions: “Charles Wheatstone invented the
phonograph (independent inventor).”

The displayed statements include both true and
false information; specifics are provided in Table 9.

Topic #Sentence #T=1 #T=0

Animals 1008 504 504
Cities 1458 729 729
Companies 1200 600 600
Elements 930 465 465
Facts 613 306 307
Inventions 876 464 412

Table 9: Distribution of true (T=1) and false (T=0) state-
ments across six subsets of the dataset, with each subset
representing a different topic.

The LogicStruct dataset includes sentences with
varied grammatical structures, such as:

• Affirmative statements: “The Earth’s atmo-
sphere protects us from harmful radiation
from the sun.”

• Negated statements: “The Earth’s atmosphere
doesn’t protect us from harmful radiation from
the sun.”

• Logical conjunctions: It is the case both that
[statement 1] and that [statement 2].

• Logical disjunctions: It is the case either that
[statement 1] or that [statement 2].

For conjunctions and disjunctions, two statements
on the same topic are combined to form complex
sentences. In conjunctions, the statements are
linked with ’and’ to establish a logical relationship,
while in disjunctions, they are connected with ’or’.
Both types are derived from affirmative statements
and sampled to maintain label balance across the
datasets. Additional information is presented in
Table 10.

Grammatical Structure #Sentence #T=1 #T=0

Affirmative statements 3167 1606 1561
Negated statements 3167 1561 1606
Logical conjunctions 3998 2041 1957
Logical disjunctions 3000 1494 1506

Table 10: Distribution of true (T=1) and false (T=0)
statements across four grammatical structure of the
dataset. Each grammatical structure is composed of six
topics(animal_class, cities, inventors, element_symb,
facts, and sp_en_trans). #Sentence represents the total
number of data across all topics for each grammatical
structure.

B More Experimental

B.1 More Implementation Details

All experiments are implemented using PyTorch
and TensorFlow. Unless otherwise specified, all
experiments are conducted on a single NVIDIA
A800 GPU. For the ReFL method, feature repre-
sentations are extracted from the final hidden layer
of the language model, specifically using the em-
bedding of the last token as the input feature to the
classifier. During feature extraction, all language
model parameters are kept frozen, and no weight
updates are performed. Left padding is used dur-
ing label prediction, while right padding is applied
during embedding extraction to ensure accurate
alignment of the last valid token.

On the True-False dataset, the hallucination de-
tector adopts a lightweight multilayer perceptron
architecture consisting of three hidden layers with
256, 128, and 64 units, followed by a sigmoid out-
put layer. ReLU activation functions are applied
after each hidden layer. The classifier is trained
using the Adam optimizer with a learning rate of
1e-3 and binary cross-entropy loss for 30 training
epochs. On the LogicStruct dataset, we employ
a structurally similar multilayer perceptron, also
with hidden dimensions of 256, 128, and 64 and a
binary classification output. To address label imbal-
ance in this dataset, weighted cross-entropy loss is
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True-False ACC (%) True-False AUC (%)

Baselines Anim. Cities Comp. Elem. Facts Invent. Average Anim. Cities Comp. Elem. Facts Invent. Average

LN-PP 59.3 55.2 54.4 65.0 64.4 61.2 59.9 62.4 60.2 60.7 69.4 74.0 64.9 65.3
MIND 50.0 47.1 48.7 49.9 49.9 43.4 48.2 47.3 39.4 45.5 38.9 41.2 46.3 43.1
MM 74.2 50.0 50.0 64.7 76.8 67.9 63.9 79.1 66.4 55.7 73.0 86.0 72.9 72.2
SAPLMA 75.1 85.1 70.9 72.4 80.9 70.1 75.8 83.9 94.2 82.1 84.0 92.9 91.0 88.0
PRISM1 52.8 57.9 58.8 55.8 51.1 54.8 55.2 56.2 66.1 72.1 61.1 58.7 58.9 62.2
PRISM2 72.8 89.4 78.9 76.1 73.1 72.0 77.1 83.1 95.2 89.6 82.6 94.4 83.2 88.0

ReFL (ours) 79.2 90.9 86.4 79.7 87.6 89.4 85.5 89.2 97.3 93.4 86.9 96.6 95.5 93.1

Table 11: Overview of experimental results on the True-False dataset using LLaMA2-13B. The table compares
the ACC and AUC metrics for each semantic topic. PRISM1 represents PRISM-MM, and PRISM2 represents
PRISM-SAPLMA.

True-False ACC (%) True-False AUC (%)

Baselines Anim. Cities Comp. Elem. Facts Invent. Average Anim. Cities Comp. Elem. Facts Invent. Average

LN-PP 56.7 52.7 54.1 55.5 54.3 58.2 55.3 60.3 64.9 59.6 67.4 69.0 64.2 64.2
MIND 49.2 26.0 43.0 48.6 48.6 47.6 43.8 42.4 15.0 40.1 37.9 35.3 46.3 36.2
MM 56.1 45.9 63.6 59.9 75.0 64.8 60.9 56.1 46.0 63.6 60.0 75.1 62.8 60.6
SAPLMA 74.6 80.5 72.9 79.2 84.5 76.9 78.1 83.9 92.1 83.0 83.5 94.5 87.3 87.4
PRISM1 82.5 91.8 85.2 81.6 95.9 82.1 86.5 82.9 91.8 85.3 82.2 96.4 83.0 86.9
PRISM2 83.7 91.9 90.0 78.5 92.0 86.9 87.2 93.5 98.3 95.2 90.5 99.0 95.5 95.4

ReFL (ours) 84.4 94.1 90.5 86.3 95.0 87.5 89.6 93.4 98.6 94.6 92.8 99.3 95.4 95.7

Table 12: Overview of experimental results on the True-False dataset using Qwen2.5-7B-instruct. The table
compares the ACC and AUC metrics for each semantic topic. PRISM1 represents PRISM-MM, and PRISM2

represents PRISM-SAPLMA.

True-False ACC (%) True-False AUC (%)

Baselines Anim. Cities Comp. Elem. Facts Invent. Average Anim. Cities Comp. Elem. Facts Invent. Average

LN-PP 56.4 52.8 56.8 57.7 55.8 59.7 56.5 59.2 63.0 60.9 67.4 69.3 65.3 64.2
MIND 49.7 50.0 46.9 50.0 49.9 44.1 48.4 43.7 49.7 41.1 37.5 35.5 42.2 41.6
MM 58.3 52.8 58.1 61.7 65.9 62.0 59.8 58.8 52.1 58.4 61.6 66.4 60.8 59.7
SAPLMA 77.0 76.4 71.3 75.1 87.7 83.0 78.4 85.6 93.4 89.6 89.4 96.1 94.6 91.5
PRISM1 80.1 93.6 79.8 62.6 59.5 81.5 76.2 80.8 94.3 81.0 63.4 60.1 81.1 76.8
PRISM2 84.4 92.7 88.8 88.0 96.6 90.3 90.1 93.3 98.6 94.1 93.7 99.6 97.3 96.1

ReFL (ours) 83.6 93.7 92.6 92.6 97.5 93.5 92.2 94.0 99.3 94.9 97.0 99.8 97.9 97.2

Table 13: Overview of experimental results on the True-False dataset using Qwen2.5-14B. The table compares the
ACC and AUC metrics (in %) for each semantic topic. PRISM1 represents PRISM-MM, and PRISM2 represents
PRISM-SAPLMA.

used during training. The model is optimized with
Adam using a learning rate of 1e-3, zero weight de-
cay, and a dropout rate of 0.2, and is trained for 10
epochs. All experiments are repeated three times
with different random initializations, and the final
results are reported as the average over the three
runs.

B.2 Extended Experimental Results on
Diverse LLMs

To further demonstrate the robustness, generaliz-
ability, and broad applicability of our proposed
ReFL framework, we conducted additional exper-

iments on a wider range of open-source Large
Language Models beyond those presented in the
main paper. This appendix provides a comprehen-
sive overview of ReFL’s performance on these di-
verse models, including LLaMA2-13B, Qwen2.5-
7B-instruct, and Qwen2.5-14B.

Table 14 summarizes the key details of all LLMs
utilized in our study, encompassing both those fea-
tured in the main paper and these additional models.
Subsequent tables detail the ACC and AUC metrics
for ReFL and baseline methods on the True-False
for these extended evaluations.

Table 11, Table 12 and Table 13 presents the
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Model Name Params Type

LLaMA2-7B 7B Base
LLaMA2-7B-Chat 7B Instruction-tuned
LLaMA2-13B 13B Base
LLaMA3-8B 8B Base
OPT-6.7b 6.7B Base
Qwen2.5-3B-Instruct 3B Instruction-tuned
Qwen2.5-7B-Instruct 7B Instruction-tuned
Qwen2.5-14B 14B Base

Table 14: Details of All Large Language Models Used
in Experiments

complete experimental results for ReFL and base-
line methods on the True-False dataset using the
LLaMA2-13B, Qwen2.5-7B-instruct and Qwen2.5-
14B models. These results further support ReFL’s
strong performance across different LLM model
scales.

C Additional Ablation Studies

C.1 Impact of Demonstration Number

In this part of the experiment, we analyze the ef-
fect of the number of in-context examples (k) on
model performance. We set k ∈ [0, 2, 4, 6, 8] and
fix the correction ratio at 50%. As shown in Fig-
ure 2, when the number of examples is too small,
the model receives insufficient semantic informa-
tion, which limits its generalization ability. The
prompt lacks diversity and contextual signals, mak-
ing it harder for the model to identify hallucination-
related features. Too many examples may intro-
duce redundant information or even noise, which
reduces the model’s ability to learn from correction
signals and increases computation cost.
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Figure 2: Effect of the number of in-context examples
(k) on performance across various models.

C.2 Impact of Layer Selection

We investigated the effectiveness of using internal
states from different layers of the LLM for classifier
training and conducted a comprehensive compari-
son with the PRISM method. We selected multiple
Transformer layers from the LLaMA2-7B model,
including the last layer, the 28th, 24th, 20th, and
16th layers. For each layer, we extracted the hidden
vector of the last token as the input feature. All
other experimental settings remained unchanged,
and the evaluation was performed on the True-False
dataset.

As shown in Table 15, our method outperforms
PRISM significantly, improving accuracy across all
selected layers. As the selected layer moves closer
to the input, the overall model performance tends
to decline. The representation of the last layer is
the most semantically abstract and closely aligned
with the model output. These representations of-
ten contain the model’s final judgment about the
factuality of the input, shaped by both context and
feedback. In contrast, shallower layers retain some
syntactic or semantic features but often lack suffi-
cient information or exhibit unstable generalization
in classification tasks. These observations justify
our design choice of using the last-layer represen-
tation in ReFL, as it provides the most informative
and stable signal for hallucination detection.

C.3 Impact of Feature Extraction Strategies

The ReFL framework uses the embedding of the
last token from the final layer of the model as the in-
put feature for the classifier. To investigate whether
this design choice is optimal, we conduct an abla-
tion study comparing three feature extraction strate-
gies. Specifically, we replace the original “last to-
ken embedding” with the representations obtained
by applying mean pooling and max pooling overall
token representations in the final layer. All other
experimental settings are kept identical to ensure a
fair comparison.

As shown in Table 16, both mean pooling and
max pooling lead to a significant drop in perfor-
mance. We hypothesize that mean pooling and
max pooling introduce a large amount of irrelevant
noise, which includes function words and irrelevant
tokens that do not contribute to factuality judgment.
In contrast, the last token of the model can be re-
garded as a compressed summary of the model’s
complete reasoning process, and therefore serves
as the most discriminative feature for hallucination
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ReFL ACC (%) PRISM ACC (%)

Models Anim. Cities Comp. Elem. Facts Invent. Avg. Anim. Cities Comp. Elem. Facts Invent. Avg.

16th-layer 75.6 88.5 90.3 76.2 84.2 84.4 83.2 81.1 70.2 74.8 89.9 83.8 72.6 78.7
20th-layer 69.3 85.5 90.9 77.5 83.7 82.0 81.5 83.0 73.6 74.1 89.2 82.7 75.5 79.7
24th-layer 71.3 89.4 90.0 76.8 85.2 83.3 82.6 79.3 72.4 74.4 89.1 81.4 75.2 78.6
28th-layer 72.2 90.9 89.5 76.3 86.3 84.6 83.3 78.5 69.6 71.6 88.0 81.8 73.2 77.1
last-layer 72.6 93.6 90.6 78.1 88.3 87.2 85.0 71.6 72.7 71.4 84.6 80.4 75.8 76.1

Table 15: Experimental results on the True-False dataset using LLaMA2-7B, showing accuracy of ReFL and PRISM
across different layers. ReFL outperforms PRISM in every layer, with the highest accuracy observed at the last-layer.

True-False ACC (%) True-False AUC (%)

Methods Anim. Cities Comp. Elem. Facts Invent. Average Anim. Cities Comp. Elem. Facts Invent. Average

Average Pooling 52.7 58.5 50.9 56.9 66.9 59.9 57.6 69.0 69.4 62.2 59.2 75.9 76.9 68.8
Max Pooling 49.6 51.3 49.6 50.7 50.0 50.4 50.3 52.7 54.4 49.3 51.6 50.6 55.0 52.3

Last Token 72.6 93.6 90.6 78.1 88.3 87.2 85.0 86.4 98.0 95.7 89.3 95.6 94.9 93.3

Table 16: Overview of experimental results on the True-False dataset using LLaMA2-7B. The table compares the
ACC and AUC metrics for Average Pooling, Max Pooling and Last Token methods.

detection.

D Direct Analysis of Internal
Representations

To explicitly verify our core conceptual claim
that the corrective triplets effectively act as struc-
tured positive and negative feedback to reshape
the LLM’s internal representation space, we con-
duct both a statistical quantification analysis and a
visualization analysis of the internal states.

D.1 Statistical Analysis of Internal
Representations

To accurately characterize the differences in struc-
tural salience and further validate the effectiveness
of the ReFL framework, we conducted a statistical
analysis of the internal representations. Specifi-
cally, we introduced the Variance Ratio as a direct
metric to measure the structural salience along the
“factuality direction.” This ratio quantifies the pro-
portion of total variance in the representation space
that is aligned with the factuality direction (Marks
and Tegmark, 2024; Zhang et al., 2025a). A higher
Variance Ratio indicates that the model more ac-
tively focuses on distinguishing factual from hallu-
cinated content.

We computed the corresponding variance ratios
for the six subsets of the True-False dataset. As
shown in Table 17, compared to the SAPLMA base-
line, ReFL consistently enhances the variance ratio
across almost all domains, achieving an average
relative improvement of over 121%. This quanti-

True-False

Method Anim. Cities Comp. Elem. Facts Inv. Avg.

SAPLMA 17.91 13.13 2.58 13.77 11.40 11.10 11.65
ReFL 26.72 42.43 13.86 13.71 27.37 30.93 25.84

Table 17: Experimental results of Variance Ratio
on the True-False dataset, comparing the structural
salience along the factuality direction between ReFL
and SAPLMA baseline.

tative result demonstrates that ReFL’s corrective
feedback mechanism significantly enhances the
salience of the internal factuality structure, effec-
tively “reconstructing” the representation space to
make factuality-related information more promi-
nent.

D.2 Visualization Analysis of Textual
Representations

To further validate the effectiveness of the proposed
ReFL framework for hallucination detection, we
conducted a visualization analysis of the textual
representations before classification. Specifically,
we applied the t-distributed stochastic neighbor em-
bedding (t-SNE) method to reduce the high dimen-
sional embedding vectors and project them into a
2D space on the True-False dataset. This allowed
us to visually examine how different categories
are distributed in the low dimensional space. As
shown in Figure 3, we present visualization results
of our method (ReFL) and the baseline method
(SAPLMA) across multiple factual topics, includ-
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Animals Animals - ReFL Cities Cities - ReFL

Companies Companies - ReFL Elements Elements - ReFL

Facts Facts - ReFL Inventions Inventions - ReFL

Non-Hallucination Hallucination

Figure 3: We apply t-SNE to visualize the internal representations of the LLaMA3-8B model on the True-False
dataset, comparing results before and after the introduction of the ReFL framework. Red points indicate hallucinated
samples, and blue points represent non-hallucinated ones. A logistic regression classifier is fitted to distinguish
between the two classes, with its decision boundary shown as a black dashed line. The plot demonstrates that we
enhances the separation between hallucinated and non-hallucinated samples.

ing Animals, Cities, Companies, Elements, Facts,
and Inventions. In each subplot, red dots represent
hallucinated samples and blue dots represent non-
hallucinated samples. We also trained a logistic
regression classifier in the t-SNE-reduced space
and plotted its decision boundary (dashed line) to
further assess class separability. This comparison
provides a clear and intuitive view of the model’s
embedding structure and helps assess the align-
ment of its internal state with hallucination-related
semantics.

From the Figure 3, we observe that the em-
beddings generated by ReFL exhibit clearer class
boundaries and greater inter-class separation in
the low-dimensional space. This indicates that
we promote more structured and topic-consistent
internal representations. For example, in the
Facts and Inventions tasks, the embeddings from
our method show more compact distributions and
clearer boundaries between hallucinated and non-
hallucinated samples, indicating stronger discrim-
inative capability. Even for topics with greater
semantic variation, such as Cities and Companies,
we still achieve better class separability. These re-
sults suggest that our method not only improves

the LLM’s ability to represent factual semantics but
also enhances its accuracy in distinguishing halluci-
nated from factual content.Compared to SAPLMA,
ReFL produces representations that are more robust
to topic shifts and more aligned with task relevant
semantic boundaries.

Overall, this visualization analysis qualitatively
supports our key hypothesis: by incorporating cor-
rective context from prediction label pairs, the
ReFL framework effectively guides structural ad-
justments of internal representations. This im-
proves the model’s ability to represent and separate
hallucinated content in the embedding space, fur-
ther confirming the effectiveness of our approach
in semantic representation and hallucination detec-
tion.

E Detailed Probability Calculation

This appendix provides the detailed mathemati-
cal formulations for computing the predicted la-
bel probability, as referenced in the Methodology
section of the main paper. These steps are stan-
dard in language-model-based classification and
are included here for completeness and clarity.

To compute this probability, we follow the

19664



token-level likelihood approach, commonly used
in language-model-based classification. The model
outputs unnormalized logits at each position in the
sequence. These logits are transformed into a prob-
ability distribution over the vocabulary using the
softmax function:

P (wi) =
exp(logiti)∑V
j=1 exp(logitj)

(6)

where V is the vocabulary size, wi is the i-th token
in the candidate label sequence, and logiti is the
LLM’s output score for that token position. For
each candidate label y ∈ L, we append it as a suffix
to the prompt (i.e., the combination of Ck and test
input x) and pass the full sequence into the model.
We then extract the model-predicted probabilities
for each token in the label, and compute the joint
likelihood of the entire label given the prompt:

PM (y | Ck, x) =

n∏

i=1

P (wi) (7)

To eliminate the influence of label length on the
computed probability, we apply geometric mean
normalization, ensuring that longer labels do not
unfairly receive lower scores purely due to their
length:

P̃M (y | Ck, x) =

(
n∏

i=1

P (wi)

)1/n

(8)

where P̃M denotes the normalized likelihood.
Finally, we normalize the geometric mean like-

lihoods of all labels to ensure their sum equals 1.
The label with the highest normalized likelihood is
selected as the model’s final prediction.
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