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Abstract

Large Language Models (LLMs) have shown
impressive capabilities but still suffer from the
issue of hallucinations. A significant type of
this issue is the false premise hallucination,
which we define as the phenomenon when
LLMs generate hallucinated text when con-
fronted with false premise questions. In this
paper, we perform a comprehensive analysis
of the false premise hallucination and eluci-
date its internal working mechanism: a small
subset of attention heads (which we designate
as false premise heads) disturb the knowledge
extraction process, leading to the occurrence
of false premise hallucination. Based on our
analysis, we propose FAITH (False premise
Attention head constralining for miTigating
Hallucinations), a novel and effective method
to mitigate false premise hallucinations. It con-
strains the false premise attention heads during
the model inference process. Impressively, ex-
tensive experiments demonstrate that constrain-
ing only approximately 1% of the attention
heads in the model yields a notable increase
of nearly 20% of model performance.

1 Introduction

Large language models (LLMs) have shown im-
pressive capabilities (Wei et al., 2022; Xu et al.,
2023; Li et al., 2023¢) and achieved remarkable
success in many tasks (Bubeck et al., 2023; Bang
et al., 2023; Jiao et al., 2023; Sun et al., 2024).
However, they often generate texts that are seem-
ingly plausible but deviate from factual knowledge
sources (Zhang et al., 2023), which is a severe prob-
lem known as hallucination.

To address this, many studies focus on detect-
ing (Manakul et al., 2023; Min et al., 2023) and
mitigating hallucinations (Trivedi et al., 2023; Gou
et al., 2023; Yuan et al., 2024a). However, few of
them pay attention to a particular type of halluci-
nation: False Premise Hallucination. We define
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Figure 1: Illustration of the false premise hallucination.
The question contains the false premise that “Albert Ein-
stein was awarded The Nobel Prize of Physics in 1920”
whereas in fact he was awarded the prize in 1921. We
find that the presence of false premise attention heads
contributes to the hallucinated response. Our method
can effectively mitigate the false premise hallucination.

it as the phenomenon in which LLMs generate
hallucinated texts in response to the false premise
question. False premise questions are questions
that contain falsely assumed facts that are not di-
rectly stated but are likely to be believed by the
asker (Yu et al., 2023b; Kim et al., 2023). For these
questions, LLMs tend to respond directly without
explicitly verifying their plausibility despite the
corresponding factual knowledge can be recalled
straightforwardly. For example, as shown in Fig-
ure 1, the user query on the top contains a false
premise: (Albert Einstein, was awarded, The No-
bel Prize of Physics in 1920), denoted as (subject,
relation, false object). LLMs are able to gener-
ate the correct time “/927” when directly queried
about the award time but produce hallucinated time
“1920” in response to the false premise question.
The exploration of false premise hallucination is
exceptionally significant and valuable. While false
premise questions are pervasive on the Internet and
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users are highly likely to pose these questions when
interacting with the LLMs, LLMs are prone to gen-
erate hallucinated texts when confronted with such
questions. For example, about 25% of the ques-
tions on the discussion website Reddit contain false
premises (Yu et al., 2023b; Fan et al., 2019). Ac-
cording to our statistics, Llama-2-13b achieves an
accuracy of 100% on our collected 4004 direct-
asking questions but drops to only 24.3% on the
corresponding false premise questions. However,
the analysis of false premise hallucination is non-
trivial. Intuitively, LLMs generate hallucinated
texts due to a lack of pertinent factual knowledge
(Zhang et al., 2023; Huang et al., 2023a). But false
premise hallucination introduces a more intricate
scenario, wherein LLMs still generate hallucinated
texts even when the corresponding factual knowl-
edge is already stored in their parameters.

In this paper, we conduct a comprehensive anal-
ysis of false premise hallucination and elucidate its
internal working mechanism. Firstly, prior to the
analysis, we propose an automatic dataset construc-
tion pipeline for the evaluation of false premise hal-
lucination and create two representative and easy-
to-evaluate datasets based on it. Then, we inves-
tigate the external manifestation of false premise
hallucination and observe that LLMs exhibit more
inherent uncertainty when generating hallucinated
answers. Subsequently, to reveal the source of
the uncertainty, we delve into the internal informa-
tion flow during the hallucination occurrences. We
discover that knowledge about the subject stored
in model parameters is disturbed in the shallow
layers of the model, particularly around the false
object mentioned in the question. Furthermore,
as many studies (Meng et al., 2022; Yuksekgonul
et al., 2023) indicate that self-attention layers trans-
fer the factual knowledge stored in the Multi-Layer
Perception (MLP) layers, we explore the internals
of the self-attention layers and investigate the in-
fluence of each individual attention head on spe-
cific pieces of factual knowledge. We find out that
a small set of attention heads consistently exert
great influence on the factual knowledge across al-
most all the samples and we name them as False
Premise Heads. As depicted in Figure 1, the false
premise heads predominantly reside in the shallow
layers, functioning around the false object men-
tioned in the question. Experimental results demon-
strate that the presence of false premise heads dis-
turb the extraction of the factual knowledge about
the subject, leading to false premise hallucinations.

Based on our analysis, we propose a novel
method termed FAITH (False premise Attention
head constralning for miTigating Hallucinations)
to mitigate hallucinations. It localizes the false
premise attention heads for a group of false premise
questions and subsequently constrains the function
of these attention heads during the model inference
process. Extensive experiments demonstrate the
effectiveness of our method comparing with the
baseline methods.

Our primary contributions can be summarized
as follows:

* We propose an automatic dataset construction
pipeline for the evaluation of false premise hal-
lucination and create two representative and
easy-to-evaluate datasets to facilitate analysis.

* We conduct an in-depth analysis of the false
premise hallucination from the surface to the
internals of LL.Ms and elucidate its internal
working mechanism by revealing the presence
of false premise attention heads.

* We propose FAITH, a novel method to miti-
gate false premise hallucinations based on our
in-depth analysis. Impressively, extensive ex-
periments demonstrate that constraining only
approximately 1% of all the attention heads in
the model yields a notable increase of nearly
20% in accuracy, which is highly effective. !

2 Background

In this section, we briefly describe the transformer
architecture (Vaswani et al., 2017) in autoregres-
sive, decoder-only language models from the per-
spective of residual stream (Elhage et al., 2021).

Given the context {t¢1, to, ..., tx } consisting of
N tokens, the transformer architecture starts with
a combination of token embeddings and position
embeddings o € RY*?, where d is the model
dimension. It marks the start of the residual stream,
with a series of residual layers that read from the
stream and write back their processed results. Each
residual layer is comprised of a self-attention layer
and a MLP layer. The information update of each
residual layer can be expressed as:

X; = T—1 +a; +my

where x; is the hidden state after the [-th layer, a;
is the output of the self-attention layer and m; is

LOur code and datasets is available at https://github.
com/HongbangYuan/FAITH.
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the output of the MLP layer. More specifically, the
calculation of the MLP layer is:

my = fa KV

where K,V € R%*d and f is a non-linear func-
tion. The self-attention contribution is

H
a; = Z Az WHYWE
h=1
(21 W) (w1 Wi)T

an/H

where Wi, Wh, Wi € R4 W € R4 are
the parameter matrices, H is the number of atten-
tion heads, dj, = d/H is the hidden dimension of
each head and A € RY*V is a lower triangular
attention pattern matrix, showing the interaction
between tokens in different layers. After L residual
layers, a layer norm is applied and then an unem-
bedding matrix Wiy € R¥V projects the hidden
state z, to logits, where V' is the length of the
vocabulary.

Al = softmazx(

)

3 Dataset Construction

In this section, we describe our proposed automatic
dataset construction pipeline for the evaluation of
false premise hallucination and provide the details
of our constructed dataset.

To prevent the memorization of the question
(Carlini et al., 2023; Ramakrishna et al., 2023)
and facilitate the incorporation of the evolving new
knowledge, we propose an automatic dataset con-
struction pipeline, which can be divided into the
following three stages:

(1) Triple Selection We select a set of factual
triples using WikiData 2. We assess whether the
factual triple (s, , 0) is stored in the model param-
eters by asking a question with only subject s and
relation 7. We retain the triple only if the object
o is present in the answer. (2) Triple Corrup-
tion We replace the object o in the original triple
(s, 7, 0) with an incorrect entity o’ to obtain the cor-
rupted triple (s, 7, 0’). For example, we transform
the original triple “(Albert Einstein, was awarded,
the Nobel Prize of Physics in 1921)” into the cor-
rupted triple “(Albert Einstein, was awarded, the
Nobel Prize of Physics in 1920)”. (3) Question
Construction We construct a false premise ques-
tion by filling a predefined question template with

Zhttps://query.wikidata.org/

Dataset Knowledge Selected Questions
. 7B 237 948
Prize g 950 457 1828
7B 1001 4004
Movie g 3309 1001 4004

Table 1: Details of our datasets. The columns denote
the dataset name, number of knowledge triples, number
of selected knowledge triples for each model, number
of constructed questions for each model, respectively.
As we curate factual knowledge from specific models,
two versions of each dataset are given.

the previous corrupted triple (s, r, o'). For example,
we define one of the question templates as “<per-
son> was awarded <false prize> for what specific
reason?” and insert the corrupted triple “<person>,
was awarded, <false prize>" into the template.

Following this automatic construction pipeline,
we construct two datasets, namely Prize and Movie.
We choose the variants of Llama-2-Chat (Touvron
et al., 2023) with 7B and 13B parameters as the
triple selector. For each model within the dataset,
different versions are constructed as varying num-
bers of knowledge triples are selected. Table 1
provides the details of our datasets, while concrete
question templates are presented in Appendix A.
If the datasets were to be used with other mod-
els, researchers could readily follow our proposed
pipeline and construct their own versions of the
datasets tailored to their specific models.

4 Hallucination Analyze

In this section, we conduct a comprehensive analy-
sis of false premise hallucinations from the surface
and delves deeper into the model step by step.

4.1 Analysis of Model Uncertainty

In this part, we quantitatively investigate model
uncertainty, which is a significant external feature
of false premise hallucination and can be utilized
to detect the hallucination occurrence. We hypoth-
esize that model exhibits more inherent uncertainty
when generating hallucinated answers. We design a
model uncertainty measurement metric that allows
the various linguistic forms of the true answer and
experimental results validate our hypothesis.

Uncertainty Measurement We utilize three met-
rics to measure the uncertainty of the model when
confronted with a question. The former two out of
the three metrics are straightforward while the third
one is specifically designed for our task. Suppose
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Figure 2: The Receiver Operating Characteristic Curve
on the Movie dataset. The perfect AUC score is 1 while
the random AUC score is 0.5.

that we have a question ¢ and a sequence of model
answer 1" = (to,t1,...,tn), the three metrics are
described below:

(1) PPL-Based We simply calculate the nega-
tive log likelihood of the model answer: U;(q) =
(7)) = —‘—]{q Zf\il logpe(zilr<;), where
logpg(x;|x<;) is the log likelihood of the i-th token
based on the previous tokens = ;.

(2) Sampling-Based To fully leverage the un-
certainty in model parameters (Huang et al.,
2023b), we generate multiple answer sequences
11,15, ..., Ty, for one question and calculate the av-
erage log likelihood across all sequences: Uz (q) =
% Zf:l Ui(T5).

(3) Semantic-Based Inspired by the incorpora-
tion of linguistic invariances in model uncertainty
estimation (Kuhn et al., 2023), we separately treat
the correct and incorrect answers among the mul-
tiple generated answer sequences. We consider
all the correct answers as a unified semantic set
and each incorrect answer as a discrete semantic
set. Then we calculate the uncertainty over these
semantic sets. Concretely, suppose that there are
K7 incorrect answers and K9 correct answers in
the K generated answers, we calculate the uncer-
tainty as follows: Us(q) = —ﬁ[zm U (Tx) +
log >, expUi(Ty)].

Experiment We conduct experiments on the
Movie dataset using Llama-2-7b-chat (denoted as
7B) and Llama-2-13b-chat (denoted as 13B). To
evaluate the model uncertainty during hallucina-
tion occurrences, the calculated uncertainty scores
are used for the binary classification task, aimed
at determining the occurrence of hallucinations for
each false premise question. We use the Area Un-
der the Receiver Operating Characteristic (AUC)
to assess the effectiveness of the uncertainty score.
The higher the scores, the greater the correlation
between the uncertainty metric and the occurrence
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Figure 3: Information flow from various parts of the
question to the final logit across distinct layers on hallu-
cinated and non-hallucinated samples.

of hallucinations.

Results and Analysis The Receiver Operating
Characteristic Curve (ROC Curve) curves and the
AUC scores are shown in Figure 2. From the re-
sults, we draw the following observations: (1) Our
semantic-based uncertainty metric score is far more
effective than the other two methods. It can be fur-
ther employed in the prediction of the occurrence of
false premise hallucinations without relying on an
external knowledge base. (2) We observe a strong
correlation (over 0.9 for the 13B model) between
the occurrence of hallucinations and model uncer-
tainty. This verifies our hypothesis that models
exhibit more inherent uncertainty when generating
hallucinated answers.

4.2 Analysis of Internal Information Flow

To explore the source of the uncertainty, in this
section, we delve into the internal information flow
of LLMs when generating hallucinated answers.
We study how the information flow from different
parts of the false premise question in the fill-in-the-
blank task. Experimental results demonstrate that
the knowledge about the subject is disturbed in the
shallow layers of the model, particularly around
the false object mentioned in the question.

Knowledge Assessment Task The most signif-
icant feature of false premise hallucination is that
the factual knowledge about the subject can be
recalled directly. Therefore, we design a fill-in-the-
blank task to evaluate how the knowledge stored
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in the model parameters is affected by the ques-
tion. Concretely, for a question containing the false
triple (s, 7, 0’), LLMs are required to complete the
following cloze query: “<Question> According to
my knowledge, the object linking from subject s
via relation r is . We posit that this knowledge
assessment task is correlated with the original ques-
tion answering task. Intuitively, if LLMs generate
hallucinated answers to false premise questions,
they are highly likely to fail in completing this
cloze query correctly.

Attribution Score We aim to discover how the
information flows from the tokens in the question
to the final prediction logit in the knowledge assess-
ment task. Since gradients and the attention itself
can be blended together to acquire a better perfor-
mance (Zhao et al., 2024), we use the element-wise
product version (Wang et al., 2023) to calculate the
attribution score for each token:

H
n . OL

5 =[S are 2L
’ LY gan

h=1

where Af’ is the attention pattern matrix described
in Section 2 and L is the loss on the token predic-
tion task. The attribution score matrix .S; on layer [
isa N x N matrix (N is the length of the prompt).
We partition the question into three parts: subject
part (denote as .5), false object part (denote as F'O)
and other part (denoted as other). The information
flow from these parts is consequently defined as:

1 Nsub
Ss, = Vo) § SN

sub —

1 Nyobj

Sro, = 7‘]\] ] E SN.i,

fobjl 4=y

1 Nother

Sotherl = ‘N | SN,it

other —1

where N, is the number of tokens of subject,
Nopj is the number of tokens of the false object
and N 1s the number of other tokens.

Results and Analysis. We illustrate the informa-
tion flow from various parts of the question to the
final logit across distinct layers on hallucinated and
non-hallucinated samples in the Prize dataset, as
shown in Figure 3. By observing the figures, it’s
evident that the information flow across the lay-
ers can be roughly divided into three pieces. (1)

Physics in 1922 Step 3
Freeze
Step 1 Physics in 1922
Clean
v
E | ]
Physics in XX -
P'(0)
Step 2
Masked ;tepﬁ
eplace
«
N

P(0) Epeaa = P'(0) — P(0)

Figure 4: Calculation of the influence of a single atten-
tion head.

In shallow layers, models primarily focus on the
false object part of the question, leading to more
perturbation on the hallucinated samples than the
non-hallucinated samples. (2) In middle layers, to
counteract the perturbation caused by the false ob-
ject part, models shift their emphasis towards the
subject to validate the knowledge. The resistance
observed in the hallucinated examples is greater
than in the non-hallucinated samples. (3) In deep
layers, the models continue to focus on the false
object component of the question.

Therefore, we conclude that the knowledge
about the subject is disturbed in the shallow layers
of the model in the false object part of the question.

4.3 Analysis of Individual Attention Heads

As many studies (Meng et al., 2022; Yuksekgonul
et al., 2023) indicate that the self-attention layers
transfer the factual knowledge stored in the MLP
layers during the inference process, we further in-
vestigate the influence of each individual attention
head within the self-attention layers to identify the
source of the disturbance. We calculate the influ-
ence of each individual head on the final prediction
logit in the knowledge assessment task and find out
the presence of false premise attention heads.

Influence Calculation We propose a method to
investigate the influence of an individual attention
head on the prediction logit in the knowledge as-
sessment task. The computation of the influence of
a specific individual attention head can be divided
into three steps, as shown in Figure 4.

(1) Clean Run. We perform a forward pass
using the original question and store the activations
of all the attention heads. The token prediction
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Figure 5: Illustration of the false premise attention heads.

logit of this run is denoted as P(O).

(2) Masked Run. We create a masked question
by substituting the false object tokens with nonsen-
sical placeholders. As illustrated in the bottom-left
of Figure 4, the false year is substituted with ‘XX”.
Subsequently, we perform a forward pass using the
masked question to store the activations of all the
attention heads.

(3) Replace and Freeze Run. We run another
forward pass using the original question, replacing
the selected attention head with the values stored in
the masked run while simultaneously freezing other
attention heads using the values stored in the clean
run. The token prediction logit is denoted as P'(Q).
Therefore, the influence of a specific attention head
can be defined as Epeqq = P/(0) — P(0).

Results and Analysis We visualize the influence
of the attention heads in Llama-2-7b-chat averaged
across all samples in the Movie dataset, as depicted
in Figure 5a. From the figure, we draw the fol-
lowing key observations: (1) The attention heads
that exert great influence on the final logit primar-
ily reside in the shallow layers of the model (0-15
layers for the 7B model). This is consistent with
the analysis of the internal information flow which
indicates that the disturbance of factual knowledge
originates from the shallow layers, as discussed in
Section 4.2. (2) We observe that a few attention
heads exert significantly greater influence than oth-
ers. We conclude that these attention heads will
have to take the blame for the false premise hallu-
cination and we designate them as False Premise
Attention Heads.

Attention Patterns In order to better understand
the behaviour of the false premise attention heads,
we explore their attention patterns in some concrete
examples. Figure 5b and 5c shows the attention

pattern of the 23-rd attention head in the second
layer (denoted as (1,22)) and the 16th head in the
sixth layer (denoted as (5,15)) in the Movie dataset.
It is evident that they both exhibit a similar pat-
tern, primarily concentrating on the information
around the current tokens while disregarding the
connection with other tokens.

Therefore, the internal working mechanism of
false premise hallucination is revealed: the false
premise heads solely focus on the information sur-
rounding the current tokens, disregarding the con-
nection between the false object and the subject,
which contributes to the occurrence of the false
premise hallucination.

5 Hallucination Mitigation

Based on our previous in-depth analysis, in this sec-
tion, we introduce FAITH, a novel method aimed
at mitigating false premise hallucinations.

5.1 FAITH

Our method FAITH consists of two parts. The first
part involves localizing the false premise attention
heads of a set of false premise questions, while the
second part involves constraining these attention
heads during the model inference process.

Head Localization To identify the false premise
heads for a set of false premise questions, for each
question, we employ the knowledge assessment
cloze queries to convert the question answer task
into the fill-in-the blank task. Subsequently, we
calculate the influence of each individual attention
head on each specific sample, as described in Sec-
tion 4.3. Finally, we select attention heads that
have an influence exceeding a predefined threshold
on individual examples and appear most frequently
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Algorithm 1: Head Localization
input :A set of false premise questions

{Ql, QQ, veey QN}, model M,
threshold 7, question templates

{Th,T>,...,Tn}.
output : A set of attention heads in M

1 S +— 1[I

2 L <— NumberLayersOf(M);
3 H <— NumberHeadsOf(M);
4 fori < 1to N do

s | pi+ (Qi,Th) s

6 for/ < 1to L do

7 for h +— 1to H do

8 Ey, < Influence(l, h, p;);
9 if Elh >T then

10 L S« (I, h);

1 S <— SortedByFrequency(5);

across the samples. The pseudocode of our local-
ization procedure is shown in Algorithm 1.

Head Constraining To eliminate the impact of
these false premise heads and mitigate hallucina-
tions, we constrain these attention heads around
the false object tokens during the model inference
process. The output of the constrained multi-head
attention is defined as:

H
a; = ZAh(SL‘l_l‘/V@)Wg O] f(lNXd)
h=1
Bli:j,]=0, ifhes,
B) =
f(B) {37 else.

where S is the set of false premise heads on layer
I, where Wi, Wi W} € R Wi e R4
are the parameter matrices, A € RV*¥ is the at-
tention pattern matrix, a; is the output of the con-
strained multi-head attention, ¢, j is the range of
the false object tokens in the question and f(B) is
the constraining function, which zeroes out certain
rows of the input matrix if the attention head is to
be constrained. The rows of the matrix 1 5 4 corre-
spond to the tokens in the question thus we choose

the false object part of the question to eliminate.

5.2 Baselines

We compare our method with the following base-
line methods:

(1) Vanilla, which directly prompts the LLMs to
generate the answers without any intervention.

(2) ITI (Li et al., 2023b), which is a technique
that adjusts certain attention heads towards the
‘truthful’ direction during the inference process.

(3) DoLa (Chuang et al., 2023), which is a novel
decoding strategy that better reveals the truthful
knowledge by contrasting different layers.

(4) RepE (Zou et al., 2023), which computes
the difference vector using a pair of contrastive
prompts during inference and utilizes it to control
the hidden state during the inference process.

5.3 Implementation Details

We conduct experiments using open source LLMs,
specifically Llama-2-7b-chat and Llama-2-13b-
chat, on both the Movie and Prize dataset. To
prevent errors in a single decoding step, we em-
ploy beam search decoding and set the beam size
to 5. For 7B model on both the datasets, we con-
strain 5 false premise attention heads (approxi-
mately 0.56% of all the attention heads). For 13B
model, we constrain 15 (0.94%) false premise at-
tention heads on the Movie dataset and 20 (1.25%)
on the Prize dataset.

For the evaluation metrics of the hallucination
mitigation task, we employ a heuristic method. We
consider the answer to a false premise question as
non-hallucinated if the original object o is present
in the final answer. This indicates that LLMs have
successfully identified the false premise in the ques-
tion. Therefore, accuracy can be employed as the
metric to measure the performance of each method.
The higher the accuracy, the lower the occurrence
of hallucination.

5.4 Results and Analysis

From the experimental results shown in Table 2,
we derive the following key observations. (1) Our
method is considerably effective when compared
with existing baselines. For example, our method
consistently outperforms other baselines across
nearly all the question templates. This verifies
the hypothesis that false premise heads contribute
to model hallucinations. (2) Our method is more
effective on models with smaller number of pa-
rameters. For example, compared with the second
best-performing method on the Prize dataset, our
method achieves 17.72% improvements of accu-
racy with the 7B model yet 0.71% improvements
with the 13B model. We attribute it to that models
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Methods Prize Movie
T1 T2 T3 T4 Avg T1 T2 T3 T4 Avg
Vanilla 14.77 15.19 13.08 14.35 14.35| 7892 4146 41.66 24.08 46.53
ITI 36.71 1477 18.99 2236 23.21 | 74.63 43.16 30.87 10.69 39.84
7B Dol A 17.30 19.41 1899 27.00 20.68 | 72.53 59.24 38.86 3546 51.52
Repe 2321 2574 8.86 2574 20.89 | 47.15 49.15 40.56 42.06 44.73
FAITH (Ours) | 62.03 38.40 18.14 3586 38.61 9431 81.02 65.10 70.53 77.74
Vanilla 832 438 241 394 476 | 52.05 42,06 230 080 24.30
ITI 9.19 6.78 241 481 580 | 7493 67.83 430 280 3747
13B DoLA 21.44 18.16 197 460 11.54 | 56.84 5874 240 2.80 30.20
Repe 19.47 39.17 744 2845 23.63 | 5135 4416 17.48 21.58 33.64
FAITH (Ours) | 30.63 18.16 8.97 39.61 24.34 82.02 80.52 49.65 23.78 58.99

Table 2: Experimental results (accuracy, %) using Llama-2-7b-chat and Llama-2-13b-chat. The best results are
highlighted in boldface. “T1” denotes the model performance on question template 1. “Avg" denotes the model
performance averaged across all four question templates. A higher presented accuracy indicates a lower occurrence

of hallucination.

with larger scales tend to exhibit greater resistance
to changes in their results.

5.5 Generalization

We further explore the generalizability of the iden-
tified false premise attention heads from one ques-
tion template to others. We design the following
two experiments: (1) Within Knowledge, which
uses the false premise heads identified on various
question templates in Movie dataset to mitigate hal-
Iucinations on each specific template. (2) Across
Knowledge ,which uses the false premise heads
identified on the Prize dataset to mitigate halluci-
nations on the Movie dataset.

We also choose random selected attention heads
for comparison and the experimental results are
shown in Table 3. From the table, we can observe
that our identified false premise attention heads
exhibit strong generalizabilities. For example, the
model achieves comparable performance within
and across datasets and significantly outperforms
the random baseline. This demonstrates that our
revealed mechanism of the false premise attention
heads is relatively general.

6 Related Work

Hallucination Many work focus on evaluating
(Vu et al., 2023; Li et al., 2023a), detecting (Chen
et al., 2024; Yang et al., 2023) and mitigating (Gao
et al., 2023; Miindler et al., 2023; Zhou et al., 2023;
Jin et al., 2024a; Yuan et al., 2024b) hallucina-
tions. However, they ignore the analysis of the
false premise hallucination.

Methods T1 T2 T3 T4 Avg
FAITH 9431 81.02 65.10 70.53 77.74
w/T1l | 9431 83.02 61.54 68.73 76.90
w/T2 | 9451 81.02 66.83 70.93 78.32

w/T3 | 8891 61.74 65.1 4326 64.75

w/T4 | 9431 81.02 60.64 70.53 76.63

w/PT1 | 94.11 80.22 65.53 69.53 77.35
w/PT2 | 94.11 80.22 6553 69.53 77.35
w/PT3 | 9471 81.82 63.64 68.63 77.20
w/PT4 | 9431 81.02 60.64 70.53 76.63
Random 7832 4146 41.06 23.88 46.18

Within

Across

Table 3: Generalizability of the attention heads on the
7B model. “w/T1” denotes using the false premise heads
identified on the question template 1 in the same Movie
dataset. “w/PT1"" denotes using the false premise heads
identified on the question template 1 in the Prize dataset.
Results of the 13B model can be found in Appendix B.

Mechanistic Interpretability Mechanistic inter-
pretability aims at understanding the model be-
haviours by investigating individual neurons and
their connections (Zhao et al., 2024). Various inter-
pretable representations are found, such as in model
alignment (Lee et al., 2024), reasoning (Stolfo et al.,
2023; Men et al., 2024), knowledge recall (Geva
et al., 2023; Yu et al., 2023a; Jin et al., 2024b) and
in-context-learning (Hendel et al., 2023; Todd et al.,
2023). We are the first to explore the internal work-
ing mechanism of false premise hallucinations.

7 Conclusion

In this paper, we conduct a comprehensive anal-
ysis of an important type of hallucination: False
Premise Hallucination. Our analysis begins at the
surface of the model and gradually delves deeper
into it, ultimately revealing the presence of false
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premise attention heads. Based on our analysis, we
propose a novel false premise hallucination miti-
gation method, FAITH (False premise Attention
head constralning for miTigating Hallucinations).
Extensive experiments demonstrate the effective-
ness of our method comparing with the baselines
and the promising nature of our revealed internal
working mechanism of false premise hallucination.

Limitations

Our study, while providing valuable insights into
the false premise hallucination, is subject to sev-
eral limitations, as outlined below. (1) Due to con-
straints in computing resources, our research is
restricted to models up to a scale of 13B parame-
ters. Future research could investigate more models
with larger scales. (2) The calculation of the influ-
ence of multiple attention heads is time-consuming
due to the vast number of combinations. Conse-
quently, considering the computational complexity
involved, we limit our investigation to the influence
of each individual attention head on the final pre-
diction logit. Future research could further explore
how to effectively select the the most influential
joint contribution of multiple attention heads.
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A Question Templates

Details of the concrete question templates we em-
ployed are provided in Table 4.

B Results of Generalization Experiments
using model Llama-2-13b-chat

Table 5 shows the experimental results of the gen-
eralization experiments using model Llama-2-13b-
chat.

C Model Outputs after Employing
FAITH

In this section, we present some concrete examples
in Table 6. From the table, we can see that the qual-
ity of the generated answers remains unaffected.

Methods T1 T2 T3 T4 Avg
FAITH 82.02 80.52 49.65 23.78 58.99
w/T1 82.02 84.52 20.28 13.19 50.00

Within w/T2 7792 80.52 11.69 10.19 45.08
w/T3 80.72 73.33 49.65 4645 62.54

w/T4 81.52 81.92 28.77 23.78 54.00

w/PT1 ‘ 68.33 63.94 12.09 859 38.24

Across w/PT2 ‘ 7942 77.12 270 2.10 40.34
w/PT3 ‘ 81.72 80.82 5.00 370 4281

w/PT4 ‘ 80.52 7792 5125 4236 63.01
Random 50.55 41.86 240 0.70 23.88

Table 5: Generalizability of the attention heads on the
13B model. “w/T1” denotes using the false premise
heads identified on the question template 1 in the
same Movie dataset. “w/PT1"" denotes using the false
premise heads identified on the question template 1 in
the Prize dataset.

Datasets | Corrupted Triple Question Templates
T1 For what specific contribution was <person> awarded <false prize>?
(person, . .
. T2 <person> was awarded <false prize> for what specific reason?
Prize was awarded, . .
. T3 <false prize> was awarded to <person> for what specific reason?
false prize) .
T4 Why was <person> awarded the <false prize>?
(movie T1 Why was the film <movie> released in <false time>?
. o T2 What was the film <movie> released in <false time> describing about?
Movie | was released in, . .
false time) T3 What was the <false time> film <movie> about?
T4 Who are the main characters in the <false time> film <movie>?

Table 4: Details of the question templates in our datasets.
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Question

Why was the film
Dazed and Con-
fused released in
1992?

Who are the main
characters in the
1975 film Family
Plot?

Who are the main
characters in the
1949 film All About
Eve?

Max Planck was
awarded The Nobel
Prize in Physics in
1919 for what spe-
cific reason?

Original Model

Thank you for asking! The film "Dazed
and Confused" was released in 1992
because it was written and directed by
Richard Linklater and filmed in 1991.
The movie is set in 1976, and it follows
a group of high school students in Texas
on the last day of school. The film was
released in theaters in 1992, and it has
since become a cult classic.

Thank you for your question! I'm happy
to help. The main characters in the 1975
film "Family Plot" are: * Karen (played
by Katharine Ross) * George (played
by William Devane) * Fran (played by
Julie Harris) * Mike (played by Bruce
Dern) I hope this information is help-
ful! Let me know if you have any other
questions.

Thank you for your question! I’'m happy
to help. The main characters in the 1949
film "All About Eve" are: * Bette Davis
as Margo Channing * Anne Baxter as
Eve Harrington * Gary Merrill as Lloyd
Richards * George Sanders as Addi-
son DeWitt * Celeste Holm as Karen
Richards I hope this information is help-
ful! Let me know

Hello! I"'m here to help answer your
question. Max Planck was awarded the
Nobel Prize in Physics in 1919 for his
groundbreaking work on the theory of
black-body radiation. His work intro-
duced the concept of quantized energy,
which revolutionized our understanding
of the behavior of matter and energy at
the atomic and subatomic level. Specifi-
cally, Planck’s work showed that energy
is not continuous, but rather

Constrained Model

Thank you for asking! I'm here to
help you with your question. However,
I must point out that the film "Dazed
and Confused" was actually released in
1993, not 1992. The movie premiered
on September 24, 1993, in the United
States. I understand that you might have
made a mistake, and I'm here to help
you with any other

Hello! I'm here to help you with your
question. However, I noticed that the
film "Family Plot" was released in 1976,
not 1975. The main characters in the
film are: * Karen (played by Katharine
Ross) * George (played by William De-
vane) * Fran (played by Julie Harris)

%

Hello! I’m here to help you with your
question. However, I must inform you
that the film "All About Eve" was re-
leased in 1950, not 1949. The main
characters in the film are: * Bette Davis
as Margo Channing * Anne Baxter as
Eve Harrington * Gary Merrill as Lloyd
Richards * George Sanders as Addison
DeW

Thank you for your question! Max
Planck was awarded the Nobel Prize
in Physics in 1918, not in 1919. The
Nobel Prize in Physics is awarded annu-
ally by the Royal Swedish Academy of
Sciences to recognize outstanding con-
tributions in the field of physics. Max
Planck was awarded the Nobel Prize in
Physics in 1918 for his work on the the-
ory of black-body radiation and

Table 6: The responses of the original model and the constrained model when encounted with false premise

questions.
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