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Abstract

The hallucination issue in large language models (LLMs) sig-
nificantly restricts their application in high-stakes domains
such as healthcare, cognitive science and law. Existing ap-
proaches primarily focus on data optimization or decoding
strategies but lack a fine-grained analysis of the underly-
ing mechanisms of hallucinations. This paper proposes a
psychology-guided two-stage fine-grained editing and sam-
pling framework (PGFES), which, for the first time, introduces
psychological classifications of hallucinations into LLM opti-
mization. Firstly, an attention-augmented MLP probe is de-
signed to identify “truthfulness directions” corresponding to
different hallucination types through feature channel reweight-
ing, enabling fine-grained editing of the model’s internal rep-
resentations during inference. Then, a dynamic weighting
mechanism based on Jaccard similarity is employed to com-
pute the weights of multi-path edited outputs, achieving adap-
tive sampling. Experiments demonstrate that the optimiza-
tion method incorporating psychology-related concepts im-
proves truthfulness by 20.4% on the Truthful QA open-domain
question-answering task compared to baseline models and ex-
hibits strong generalization across cross-domain datasets.

Keywords: LLMs; psychology-guided; attention-augmented
MLP; fine-grained editing; sampling

Introductions

Current large language models (LLMs), such as GPT-
4(Achiam et al., 2023), LLaMA(Touvron et al., 2023), and
Mistral(Jiang et al., 2023), have been widely applied across
various domains. Leveraging their powerful text generation
capabilities, these models excel in natural language process-
ing tasks, enabling the automated generation of high-quality
text and bringing significant convenience to production and
daily life. From content creation and code generation to
customer service(M. Chen et al., 2021);(Thoppilan et al.,
2022), the extensive application of LLMs has greatly im-
proved efficiency and reduced labor costs. However, despite
their numerous benefits, these models also exhibit notable
limitations(Yao et al., 2024);(Tonmoy et al., 2024).

As tools created by humans, LLMs inevitably inherit cer-
tain human flaws, with one of the most concerning issues
being the phenomenon of “hallucination”(Banerjee, Agar-
wal, & Singla, 2024). Traditionally defined, hallucina-
tion refers to instances where the model generates incorrect,
overly subjective, causing significant confusion for users. In
high-reliability domains,such as finance(Zhou et al., 2024),
medicine(Ahmad, Yaramis, & Roy, 2023), and law(Dahl,
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is critical, and erroneous advice can not only disrupt busi-
ness operations but also lead to substantial economic losses or
even endanger lives(Zhang et al., 2023);(Huang et al., 2025).

To alleviate hallucination in LLMs, scholars have proposed
various methods, including the construction of high-quality
datasets(Rejeleene, Xu, & Talburt, 2024), unbiased fine-
tuning, editing hidden layers during inference(Orgad et al.,
2024), incorporating external knowledge bases(J. Li, Yuan,
& Zhang, 2024), and chain-of-thought prompting(Zheng et
al., 2024). These methods have improved the authenticity of
model outputs to some extent, but most have overlooked the
perspective of addressing hallucination from its conceptual
foundation. The two key points are as follows:

» Despite existing fine-grained categorizations of LLM hal-
lucinations, there is a notable lack of research leveraging
psychological concepts for such classification to specifi-
cally enhance response authenticity.

* Previous research employed multi-round output sampling
and Chain-of-Thought to enhance model response authen-
ticity. However, these methods’ sampling relies on pre-
set temperature/prompts and predominantly focuses only
on response consistency.

Methods to enhance the authenticity of LLM responses
can be divided into three stages: training, inference, and
post-inference(Cao, Lin, Han, & Sun, 2024). The train-
ing stage primarily relies on task-specific datasets for down-
stream tasks, making this approach suitable for optimizing
models for specific tasks. This paper focuses on the inference
and post-inference stages to effectively mitigate hallucination
without relying on large amounts of new data.

This paper proposes a hallucination mitigation framework,
termed the Two Stage Psychology-Guided Fine-Grained Edit-
ing and Sampling Method (PGFES), which reduces halluci-
nation through knowledge editing and targeted output sam-
pling. Specifically, we utilize trained probes to identify fact-
sensitive layers and attention heads that guide truthful in-
formation output. Based on this, we calculate fine-grained
“truthful” directions corresponding to hallucination. During
the inference stage, we edit internal representations along dif-
ferent fine-grained “truthful” directions to generate a batch of
edited outputs. In the second stage, we compute the consis-
tency weights of these edited outputs and select the output
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with the highest consistency as one of the sampling references
to produce the final response. Experimental results show that
this method achieved a 20.4% improvement over the baseline
score on the Truthful QA dataset. The main contributions of
this paper are as follows:

* We are the first to apply the psychological concept of hal-
lucination to knowledge editing in LLMs. By integrating
attention-based probes to obtain fine-grained “truthful” di-
rections for different types of hallucination, we enhance
existing editing methods.

* Based on fine-grained hallucination-edited responses, we
propose a dynamic mechanism for calculating sam-
pling reference weights, leveraging multi-perspective fine-
grained editing to generate the final output. This method
significantly improves the interpretability of sampled re-
sponses and enhances self-consistency.

* Our experiments demonstrate that the adoption of a two-
stage psychology-guided fine-grained hallucination edit-
ing approach, combined with a sampling output strategy,
significantly enhances the factual accuracy of LLMS on
open-ended generation datasets, proving the validity of us-
ing psychology as a guide for hallucination classification
in LLMs.

Related Works

In previous research, approaches to enhance the authenticity
of large language models (LLMs) can be broadly categorized
into two directions based on the stage of intervention: Reduc-
ing hallucinations during inference and Reducing hallucina-
tions post-inference.

Methods to reduce hallucinations during the inference
stage primarily include knowledge editing, decoding strategy
optimization. These methods play a crucial role in ensur-
ing the factual accuracy of the content generated by LLMs.
For instance, Factuality Enhanced Method(Lee et al., 2022)
proposed a fact-core-based sampling algorithm that dynami-
cally adjusts externally introduced fact cores during the gen-
eration process to guide the output. Previous studies (Burns,
Ye, Klein, & Steinhardt, 2023); (Maiorca et al., 2023) have
experimentally discovered that for the same question, feed-
ing factual and erroneous inputs to LLMs for activation and
feature extraction enables the models to learn latent knowl-
edge. This finding indicates that the intermediate-layer acti-
vations of LLMs are correlated with factual outputs. Build-
ing on this, scholars introduced Inference-Time Intervention
(ITDH(Lee et al., 2022), which edits for truthfulness within the
attention heads of LLMs. However, this method employs a
linear binary classifier as a probe, resulting in limited ac-
curacy and modest improvements in truthfulness. Other re-
searchers found that in the early layers of large language mod-
els, more attention is given to low-level information such as
morphemes, while the later layers focus more on semantic
truthfulness. Based on this observation, they proposed the

Decoding by Contrasting Layers method(DoLa)(Chuang et
al., 2024), which enhances the focus on factual information
by contrasting the logits of early and final layers.

Post-inference methods to enhance factual accuracy in-
clude multi-round sampling, prompt-based refinement, and
chain-of-thought approaches. Dr.Chen first proposed a multi-
sample method in their USC(X. Chen et al., 2023) paper,
where multiple sampling results and prompt templates are
concatenated to generate the final response. This method pri-
marily focuses on the self-consistency of multiple responses.
Subsequently, several scholars pioneered the application of
the chain-of-thought method to mitigate hallucinations in
large models. This approach relies on self-refine(Madaan et
al., 2023) to regenerate answers, but its effectiveness depends
on the quality of each step in the chain-of-thought. The ID
method (Cheng et al., 2024) is an improvement upon the USC
method. It achieves this by setting varying sampling temper-
atures to predict the next token, and then making judgments
and selections at each token generation step to produce the
final response. Although this method enhances the efficiency
of generation, it still requires a relatively high number of in-
ference generations.

In this paper, we build upon the foundation of fine-
grained hallucination classification guided by psychology.
By introducing fine-grained psychology-informed hallucina-
tion editing during the reasoning phase and integrating multi-
perspective results to guide the LLM’s reflection in the post-
reasoning phase, we aim to mitigate the generation of hallu-
cinations by the LLM.

Methods

To mitigate hallucination phenomena in large language mod-
els, this paper proposes an optimization method that com-
bines psychology-guided fine-grained hallucination editing
with adaptive sampling. Figure 1 illustrates the overall work-
flow of our proposed PGFES approach.

Psychology-guided fine-grained hallucination
editing directions

To obtain a psychology-guided fine-grained hallucination
editing direction, we first perform manual annotation and
classification of responses in the dataset. This process in-
volves a psychological analysis of hallucinations in LLMs.
Previous research(Berberette, Hutchins, & Sadovnik, 2024)
has proposed using psychological terminology to describe
hallucinations in LLMs, categorizing them into the following
types: Source Amnesia, Recency Effect, Availability Heuris-
tics, Suggestibility, Cognitive Dissonance, and Confabula-
tion. The first three fine-grained hallucination types defined
in this paper are exclusively related to the pre-trained data
of LLMs and cannot be altered through inferencing editing.
Therefore, we categorize the hallucinations in the dataset
into three types: Confabulation, Suggestibility, and Cogni-
tive Dissonance. Confabulation refers to the inclusion of
incorrect information in the LLMs’ responses. Suggestibil-
ity indicates that the LLMs are overly faithful to the user’s
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Figure 1: PGFES two-stage framework

Figure 2: Calculate fine-grained directions

prompt input. Cognitive Dissonance denotes responses gen-
erated by the LLMs that conflict with the context. The
annotation of the question-and-answer data is conducted in
two steps. First, each incorrect response is manually la-
beled with its corresponding fine-grained hallucination type
by human annotators. Subsequently, the manually annotated
results from the same domain are used as few-shot exam-
ples to complete the annotation of the remaining data us-
ing the DeepSeek API. The annotation quality is ensured
through human review. The datasets are defined as :D; =
{QaAcor,Hconf}, D2 = {QaAcorchog}, D3 = {QaAcaraHsug}
and Dy = {Q,Acor,Huy}, where Hyy represents all hallu-
cinated responses without fine-grained classification, which
are used to extract activation values and train the Attention-
Augmented MLP. Unlike standard MLPs, we incorporate the
SE Block (Squeeze-and-Excitation Block) into the MLP to
compute channel-wise weights and deeply extract features.

The training of AA-MLP probes is formulated as a clas-
sification task. Specifically, for different psychological hal-
lucination types, the outputs of each attention head in the
LLM are extracted as inputs to the MLP, with the cor-
rectness of the corresponding prompt serving as the train-
ing labels. Ultimately, we obtain three single-hallucination
probes and one all-hallucination probe. In the Squeeze-and-
Excitation module(Hu, Shen, & Sun, 2018), we first perform
the Squeeze operation by compressing input features through
global average pooling, as defined by:

1 dout ¢
se=—% 29 (1)
dout i=1

Next, the Excitation operation is performed, where features
are first compressed through a dimensionality-reduction fully
connected layer and then restored to their original dimensions
through a dimensionality-increasing fully connected layer:

u= G(Wdowns + bdown)7 Waown € RH, bdown € R”. 2)

dOu
a= G(Wupl/l +bup), Wup c RdoulXTt7 bup c Rdout 3)

Finally, the attention weights are multiplied with the original
feature channels to obtain weighted features: X, = a. - x,

po(xl) = AA-MLP (<9,x§‘>) . (4)

Here, 6 is a set of trainable parameters, and x;’ denotes the
activation of token x at head 4 and layer /. The intermediate
outputs during training are: {(x]!,label);}Y |, where N is the
number of samples, and label represents the category of the
response corresponding to the input of the LLM.
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By introducing the Attention-Augmented MLP, we dynam-
ically adjust the weights of different channels in the MLP,
enhancing important features while suppressing noise. The
trained hallucination classification probes are used to extract
intermediate layer representations of the large model and
compute editing directions. The specific mathematical for-
mula is:

0" _ 1 ¢ 1 G(x;l‘/abel)- h
Liabel = i;(— ) i € Top Heads.  (5)
Here, © takes values from {0,1}, representing true or false
Q+A pairs, respectively. The editing direction is computed
based on the attention heads with the highest factual accuracy
obtained by the probes.

During inference, the computed editing direction is incor-

porated into the process through the following formula:

H
X1 =x+Y Of (Att? (PIhxl ) + O(‘G?e?,label) (©)
=1

where fine-grained hallucination direction intervention
editing is achieved through the residual term, guiding the
model’s output toward factual correctness.
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Q: What are some
people from America
'who won a Nobel Prize
for Physics?

Weight List

In the second step of our overall framework, we adopted
a psychology-oriented hallucination editing direction. Uti-
lizing the obtained fine-grained editing directions, we per-
formed parallel reasoning with the large model, generating
four sampled outputs. These outputs included three responses
based on single fine-grained editing directions and one re-
sponse that did not distinguish between hallucination types.
Subsequently, we employed the Jaccard formula(Bag, Ku-
mar, & Tiwari, 2019) to dynamically calculate the weights
for these three edited responses. The specific Jaccard calcu-
lation formula is as follows:

 |set(A;.split) Nset(A;.split)|
 [set(Az.split) Uset(A;.split)|

Jaccard Sim(A;,A)) @)

After obtaining the similarity calculation formula, we com-
puted the overall similarity score for each response. The

mathematical formula is as follows:
1 . .
C;,= 3 (sim(A;,A ;) +sim(A;,Ay)) (8)

Once the weights for each response were calculated, we com-
piled them into a weight list and concatenated the final input
prompts. The specific formula is as follows:

Afinal = M(promptHQHAcogHAsugHAcoanAall ||W) (9)

Here, W represents the calculated weight list. In the PGFES
scheme, we used A, and the highest-weighted edited re-
sponse as the primary references for the final response.

Experiments
Datasets

Our experimental datasets are derived from three pub-
licly available datasets: TruthfulQA(Lin, Hilton, & Evans,
2022), FACTOR(Muhlgay et al., 2023), and Natural
Questions(Kwiatkowski et al., 2019).

Truthful QA is a dataset specifically designed to evaluate
the propensity of language models to generate truthful re-
sponses to open-ended questions, aiming to detect and reduce
the phenomenon of hallucination in model-generated content.
The dataset spans multiple domains, including science, his-
tory, and health. Notably, the categories of our psychology-
guided fine-grained hallucination classification do not con-
flict with the domains covered by the datasets. In our experi-
ments, 50% of the Truthful QA samples were used to validate
the effectiveness of fine-grained hallucination editing meth-
ods.

The open-ended questions in this dataset are primarily
evaluated based on two metrics: info and truth. The info
metric measures the diversity of generated content, while the
truth metric assesses the factual accuracy of the generated
content. Given that the original GPT-3 model used for evalu-
ation is no longer available, we employed the DeepSeek API
(Liu et al., 2024) to assess two metrics in our experimental
evaluation.

The FACTOR dataset comprises three subsets built from
historical news articles, expert Q&A, and Wikipedia con-
tent, respectively. Natural Questions is a Google open-source
dataset of real user queries. In our experiments, FACTOR’s
news and wiki subsets, along with Natural Questions, were
utilized to evaluate the model’s out-of-distribution general-
ization capability for effectively handling diverse real-world
scenarios.

Baselines
We employed the llama2-7b-chat version as the base model
and compared the following methods based on it:

¢ Instruction Fine-tuning: We utilized the Q&A texts from
Wikipedia for instruction fine-tuning.

¢ Contrastive Decoding: We selected DolLa for experi-
mentation. This method enhances the truthfulness of the
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model’s outputs by contrasting the logits outputs across
different layers of the LLM.

* Representation Editing: The ITI method is utilized,
which identifies the factual direction within attention heads
and edits representations during the inference process to re-
duce the probability of the model generating hallucinated
answers.

* Sampling Optimization: We primarily compared two
methods, USC and ID. These methods enhance the self-
consistency of the model’s outputs by sampling multi-
ple responses, thereby improving the truthfulness of the
model’s answers.

All experiments were conducted under the standard set-
tings of Truthful QA. The experimental results for contrastive
decoding and sampling optimization were sourced from the
original papers of DoLa and ID, respectively. The results for
ITI were obtained by reproducing the experiments using its
publicly available models and data.

Configuration

Our experiments were conducted on an NVIDIA A100 GPU
with 80GB of memory. The fine-grained hallucination probes
employs four-layer MLPs with dimensions [128 — 512, 512
— 64, 64 — 8, 8 — 1]. SE blocks were incorporated into
the middle two layers to enhance feature representation. We
utilized the AdamW optimizer with a learning rate of le-4
and trained the model for 10 epochs. Based on experimen-
tal analysis, we ultimately selected the editing strength o =
10 and the number of editing layers k = 12 for fine-grained
hallucination editing. This configuration demonstrated strong
applicability in open-ended text generation tasks.

Main Results on TruthfulQA

Table 1: Main results on Trutuful QA

Method info truth I*T
Ilama2-7b-chat 0.9390 0.5902 0.5541
Instruction fine-tuning  0.9268 0.5951 0.5515
Dola 0.9439 0.5804 0.5478
USC 0.9608 0.5536 0.5319
ITI 0.9414 0.5975 0.5624
SR 0.9585 0.6170 0.5913
ID 0.9707 0.6073  0.5895
Ablation Experiment

w/o Weight list 09512 0.6170 0.5869
w/o AA-MLP 0.9414 0.6073 0.5717
PGFES(I&T Balance) 0.9537 0.6268 0.5978
PGFES 0.9292 0.6658 0.6187

Table 1 compares the performance of PGFES with previous
methods on the Truthful QA dataset. PGFES achieved the best
results in generative open-ended answering tasks, with an I*T

(info*truth) score improvement of 11.67% over the baseline
model Llama2-7b-chat(Touvron et al., 2023), particularly in
the truth score. In contrast, instruction-tuning methods im-
proved the truth score but reduced the info score, likely due
to their negative impact on response diversity(Gekhman et al.,
2024).

Compared to DolLa, PGFES improved truth metrics.
DoLa’s removal of shallow lexical information may reduce
response richness(Fayyaz, Aghazadeh, Modarressi, Mohebbi,
& Pilehvar, 2021), while PGFES optimizes the linear probes
approach from ITI, achieving a 10.01% I*T score improve-
ment. Specifically, PGFES introduces AA-MLP as a factual
direction probe, more accurately identifying attention heads
for factual generation. It also trains separate probes for differ-
ent hallucination types, enabling fine-grained guidance and
outperforming ITI in representation editing accuracy.

Against USC, PGFES showed a slight decline in info but
improved the I*T metric. USC focuses on self-consistency,
while PGFES maintains consistent inference temperature to
preserve editing effectiveness. As an optimization of USC,
PGFES achieved a 4.95% I*T score improvement over ID.

We enlisted three software engineering undergraduates
who were not involved in data annotation to evaluate the truth
scores. They compared the standard answers and the incor-
rect answers generated by LLMs and gave yes/no responses.
The table 2 below shows the results of the human evalua-
tion. The results show that the performance of PGFES is
better than that of the other methods. We evaluated the in-
ference efficiency of PGFES and prior sampling optimiza-
tion methods. The results, as shown in the table 2, indicate
that the time consumption of PGFES and USC is comparable
and significantly lower than that of other methods. Although
the proposed method introduces a certain degree of additional
time consumption compared to the base model, this increase
is considered acceptable in exchange for an improvement in
the quality of inference results.

Furthermore, we conducted ablation studies, as evident
from the table, where the removal of the weight list and the
AA-MLP module respectively led to a decline in overall met-
rics, underscoring the efficacy of the integrated approach.
Additionally, we have separately listed an experimental result
that balances the scores of info and truth metrics. Although
this result does not achieve the highest I*T score, it demon-
strates outcomes under conditions of lower editing intensity
and fewer layers.

Generalizability across more Benchmarks

To validate the out-of-distribution generalization capability
of our proposed method for large language models, we con-
ducted experiments on two out-of-distribution datasets: the
FACTOR dataset and the Natural Questions dataset. In Ta-
ble 3, the experimental results demonstrate that, compared to
the baseline and ITI, PGFES achieves performance improve-
ments on both datasets. Notably, on the Natural Questions
dataset, PGFES shows a significant improvement of 5.88
points, which strongly supports the generalization ability of
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Figure 4: Trend graphs of info and truth scores for different editing strengths and layers

Table 2: Human evaluation and latency on Trutuful QA

Strength 10

15
Method Human evaluation truth ~ Latency(ms/token) 1
llama2-7b-chat 0.5390 0.10 05
uUSC 0.5938 0.93 0
SR 0.6406 1.97 I 12 24 I 48
ID 0.6562 1.13 05
PGFES 0.6755 0.96 1

Table 3: Generalizability across more benchmarks

Method News  Wiki NQ

llama2-7b-chat 64.67 56.95 54.90
ITI 5326 43.82 57.83
PGFES 65.88 57.14 60.78

our method in out-of-distribution scenarios.

Effect of Editing Layers and Strength

We conducted a series of experiments to analyze the impact
of editing intensity and editing depth on the performance
of LLMs in the PGFES. The experimental results indicate
that, under the same editing depth, as the editing intensity
increases from negative values to 20, the comprehensive I*T
score of the model’s output initially rises and then declines,
reaching its peak at an editing intensity of 10. Further anal-
ysis of the info and truth scores reveals that, except for neg-
ative fine-tuning edits, the info score decreases as the editing
intensity increases, while the truth score exhibits the opposite
trend. This suggests that excessively high editing intensity
may impair the diversity of information in the responses gen-
erated by the LLM.

Additionally, using the case of an editing intensity of 10
and an editing depth of 4 as a baseline, we recorded the info
and truth scores as the editing depth increased. As can be
seen from the figure 5, the overall trend shows a lower info
score and a moderate increase in the truth score.

ndiff info mdiff truth  mdiff [+T

Figure 5: Trend graph of score changes with editing strength
10 and layers 4 as Baseline

Conclusion

This paper proposes a two-stage fine-grained optimization
method (PGFES) to address hallucination issues in LLMs, in-
tegrating psychological theories and knowledge editing tech-
niques to optimize the performance of LLMs. We intro-
duce AA-MLPs for fine-grained direction extraction and em-
ploy a dynamic weight adjustment sampling strategy, signif-
icantly enhancing the authenticity of the output. The PGFES
method has demonstrated significant efficacy on the open-
source Llama 2 model. However, due to its reliance on editing
during the inference process, its application to closed-source
LLMs such as GPT-4 is currently not feasible. Future work
will focus on optimizing this framework by incorporating
more nuanced and in-depth concepts from cognitive science.
A current limitation of the PGFES method is its dependence
on manual data annotation, which may impede the scalability
of the solution. Therefore, subsequent research will concen-
trate on developing an automated psychological hallucination
classification model to replace manual intervention while en-
suring data quality.
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