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Abstract: Existing text truth discovery methods fail to
address two challenges: the inherent long-distance
dependencies and thematic diversity of long texts; the
inherent subjective sentiment that obscures objective
evaluation of source reliability. To address these challenges,
a novel truth discovery method named large language model
(LLM) -enhanced text truth discovery with dual attention
(LTDDA) is proposed. First, LLMs generate embedded
representations of text claims, and enhance the feature
space to tackle long-distance dependencies and thematic
diversity. Then, the complex relationship between source
reliability and claim credibility is captured by integrating
semantic and sentiment features. Finally, dual-layer
attention is applied to extract key semantic information and
assign consistent weights to similar sources, resulting in
accurate truth outputs. Extensive experiments on three real-
world datasets demonstrate that the effectiveness of LTDDA
outperforms that of state-of-the-art methods, providing new
insights for building more reliable and accurate text truth
discovery systems.
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0 Introduction

Nowadays, there are trillions of online resources on
the Internet, which contain a large amount of valuable
information, and a lot of errors and disinformation.
Information on the same data item of interest can often be
collected from different sources. These sources may have
differences in the data quality, format, language and so
on, resulting in a large number of data conflicts. How to
automatically infer trustworthy information from these
conflicting data is a challenging problem.

To solve this challenge, truth discovery methods
have been proposed''™. These methods identify the truth
of each data while estimating source reliability. Though
different models and scenarios are applied, they all follow
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the same general principle: a source is highly reliable if it
frequently provides many trustworthy claims, and a claim
is more likely to be true if many reliable sources support
it. Noteworthy, most existing truth discovery methods
are designed for structured data™'. It is difficult to apply
them directly to unstructured text data due to the complex
and unique characteristics of natural language.

In recent years, some text truth discovery methods'™*
have emerged. Some researches aim to address challenges
in the field of truth discovery by examining the issues of
semantic diversity and answer factors in text claims ™,
while the convolutional neural network-long short-term
memory ( CNN-LSTM ) employs pattern matching to
extract triples from text data for truth discovery ™.
However, existing text truth discovery methods cannot
well address the following two challenges.

First, the inherent long-distance dependencies and
thematic diversity of long texts present challenges to truth
discovery, resulting in information loss and difficulties in
modeling relationships. As depicted in Fig. 1,
considering the query “Does wearing less in cold weather
make you gain weight?” in Claim 1, information extends
beyond the local vocabulary, where the term “the issue”
reaches far enough to require significant time or space to
ascertain its referent. Additionally, Claim 1 is not
confined to a single theme ; it encompasses various related
thematic, evident in the presence of diverse thematic
keywords such as “ Caloric Expenditure”, “ Behavioral
Changes ” and “ Thermogenesis ”. Existing text truth
discovery methods encounter challenges of information
loss when attempting to learn dependencies from distant
positions in the text. Furthermore, they struggle to
effectively capture relationships between different themes
in multi-theme texts, resulting in suboptimal modeling
performance.

Second, the subjective sentiment of a source
influences its expression of a particular viewpoint,
potentially introducing bias toward the subjectivity, which
affects our interpretation of the information, thus leading
to incorrect reliability assessments. The subjective
sentiment of a source may impact the accurate expression
of claims. Emotional language may render -claims
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ambiguous, obscuring the objective viewpoint and
making it challenging to extract accurately. As shown in
Fig. 1, based on the content of Claim 2, it is evident that
Source 2 initially employs sentiments of sarcasm and is
surprised to emphasize disagreement with the viewpoint,

followed by a gradual shift toward anger and expressing
strong resentment. Current truth discovery methods may
misinterpret messages due to their inability to accurately
capture dynamic sentiment in texts, thereby reducing the
reliability of Source 2.

Does wearing less in cold weather make you gain weight ?

The relationship between cold weather and the tendency to gain weight involves multiple factors,

including physiological and behavioral aspects. Currently, scientific research presents various

perspectives on this issue, but there is no direct and unanimous conclusion. Here are some factors that

may influence the connection......
1. Caloric Expenditure ......

2. Behavioral Changes ......

Source 1

3. Thermogenesis ......

Claim 1

Geez, are you being blown silly by the cold wind? Wearing less and getting fatter can be a really pie-

in-the-sky theory! Is this going to turn biology on its head? Cold weather just makes you feel more

appetizing and then you may eat more, but it doesn't make you somehow fatter just because you’re

wearing less. Stop believing this nonsense!

Source 2

Claim 2

Fig.1 An example response to “Does wearing less in cold weather make you gain weight?”

To address the above challenges, this paper proposes
the large language model ( LLM )-enhanced text truth
discovery with dual attention ( LTDDA ). The method
leverages recent advancements in LLMs, and could
exhibit strong language comprehension and the ability to
handle longer contexts through zero-shot learning, in-
context learning, fine-tuning and instruction tuning.
Specifically, LTDDA leverages the transformer decoder
architecture, commonly used in LLMs, to better capture
and generate coherent and contextually relevant texts.
During the pre-training stage, the model is exposed to a
vast amount of text data, enabling it to learn richer
language features and diverse topics, which enhances its
ability to wunderstand long-distance dependencies.
Additionally, LTDDA incorporates factors such as
subjective sentiment that could influence the reliability of
sources. These factors, along with the embedded
representations of text claims, are fed into a dual
attention layer. This dual attention mechanism allows
LTDDA to effectively evaluate the credibility of claims.

Experiments are done on three real-world datasets to
compare LTDDA and the state-of-the-art truth discovery
methods. Two ablation experiments are conducted to
verify the hypothesis on the impact of source subjective
sentiment on source reliability modeling, as well as to
verify the effectiveness of LTDDA in alleviating long-
distance dependencies and thematic diversity issues. The
major contributions of this paper are as follows.

1) We propose a novel text truth discovery model
that utilizes robust contextual capabilities of LLMs and a
dual attention mechanism. This model effectively
addresses challenges posed by the inherent long-distance
dependencies and the thematic diversity of long texts.

2)We leverage the influence of the subjective
sentiment on source reliability. By integrating semantic
and sentiment features, we capture the intricate
relationship between source reliability and claim
credibility.

3) Extensive experiments on three real-world datasets
show that LTDDA outperforms the state-of-the-art truth
discovery methods.

1 Related Work

1.1 Truth discovery

Veracity is one of the features of big data, which is
of great significance in the field of the big data analysis.
In the past decade, truth discovery has become a hot topic
in the database community''>“'. To resolve conflicts in
multi-source data and reveal the underlying truth,
extensive research efforts have been conducted to develop
multiple truth discovery methods across different
application scenarios *" """

Truth discovery methods can be broadly categorized
into the following four types: iterative methods "’ that
involve repetitive truth calculation and source reliability
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assessment until  convergence;  optimization-based
methods' "™ "' that define a distance function to measure
the difference between the claims provided by sources and
the ground truth; probabilistic graphical model-based
methods' "' in which the observed values are generated
based on two parameters, namely truth and source
reliability ; neural network-based methods' "™ that utilize
neural networks to model the complex dependencies
between sources and claims.

Among these, only a few methods are relevant to
unstructured text data and can be classified into two
groups. The first group extracts structured triples from the
raw text and then performs truth discovery on structured
data. Dong et al.'"" proposed a confidence-aware source
reliability estimation approach which performed truth
discovery based on the subject-verb-object (SVO) triples
extracted from webpages in the process of knowledge base
construction. Ye et al."” utilized a hybrid model of CNN
and LSTM for extracting triple information from text data
by using the pattern-based fact extraction method. This
method not only emphasizes the credibility of the triples
but also takes into account the reliability of the patterns.
However, these methods overlook the natural language
features of text data, resulting in suboptimal truth
discovery results. Additionally, the use of extractors and
patterns inevitably introduces additional noise.

The second group conducts truth discovery directly
on raw texts. Zhang et al. ' incorporated semantic
meanings into the truth discovery procedure and proposed
a method to identify trustworthy medical diagnoses from
crowdsourcing users. Li et al.""®’ combined the keywords
extracted from the answers to specific questions into
multiple interpretable factors and used the method based
on the probabilistic graphical model to perform truth
discovery to find trustworthy answers. Unfortunately,
these methods can only handle short texts and cannot
capture the long-distance dependencies and multi-theme
features of long text sequences, so they are not suitable
for long texts.

1.2 LLMs

LLMs have made significant progress in the field of
natural language processing ( NLP) in recent years.
These models, such as GPT-3'"' and LLaMA'™’,
demonstrate  powerful  language  generation  and
understanding capabilities through large-scale pre-training
and fine-tuning. The current mainstream LLM uses the
task of predicting the next token during pre-training,
which helps to make better use of contextual information.

Currently, LLMs are mainly built upon the
transformer architecture where multi-head attention layers
are stacked in a very deep neural network. Existing LLMs
adopt similar transformer architectures and pre-training
objectives (e. g., language modeling) as small language
models. The emergent ability of LLMs is one of the most
significant features and distinguishes them from previous
natural language models. In Ref. [ 21 ], emergent
abilities are defined as abilities that are not present in

small models but are present in large models. When the
parameter scale of a language model reaches a certain
level, its  performance improves  significantly.
Furthermore, through instruction tuning, LLMs can
follow task instructions'™ for new tasks without using
explicit examples, thereby exhibiting better generalization
capabilities. By fine-tuning on a multi-task dataset
described in natural language ( called instruction tuning) ,
LLMs perform well on unseen tasks that are also
described in the form of instructions.

1.3 Parameter-efficient fine-tuning

Fine-tuning pre-trained LLMs on downstream
datasets can bring huge performance gains when they are
compared to pre-trained LLMs out-of-the-box. However,
as LLMs get larger and larger, full fine-tuning becomes
very expensive in terms of computational cost and
memory requirements. In addition, massive models
might not be data efficient, and overfitting issues might
be observed, yielding suboptimal generalization. To
address these issues, parameter-efficient fine-tuning
( PEFT ) approaches have been proposed. PEFT
approaches only fine-tune a small number of ( extra)
model parameters and freeze most parameters of the pre-
trained LLMs, thereby greatly decreasing the
computational and storage costs. PEFT approaches are
better than fine-tuning in the low-data regimes and
generalize better to out-of-domain scenarios. Existing
PEFT approaches include LoRA'® | Prefix Tuning™',
Soft Prompt Tuning'*’ and P-Tuning'®’. In this work,
we use LoRA to improve the performance of LLMs in
truth discovery.

As shown in Fig. 2, the basic concept of LoRA
involves adding an auxiliary branch to the original pre-
trained language model. Here, x denotes the input vector,
and h represents the intermediate hidden state of the
model. During fine-tuning, the weight matrix W e R**
of the original pre-trained model remains unchanged,
while the dimension expansion matrix A € R”" and the
dimension reduction matrix B € R™ in the auxiliary
branch are fine-tuned. The matrix product BA is then
added to the original pre-trained model W to obtain a new
pre-trained model. Since the magnitude order r is much
smaller than d, the number of trainable parameters is
greatly reduced.

3

J TR

Pretrained
weights

Fig.2 Visualizing essence of LoRA
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2 Methodology

2.1 Overview

Figure 3 illustrates the LTDDA framework, which
consists of four key layers: an input layer, a language
encoder layer, a dual attention layer and an output
layer.

For each question ¢ € (, the following process is
carried out for truth reasoning. In the input layer, we use

the LLM with a linear layer on the top as a regression
head to embed representations of text claims and employ
methods such as term frequency-inverse document
frequency ( TF-IDF) to generate semantic and sentiment
features for sources. In the language encoder layer, we
further extract features and concatenate the source features
with the embedded representations of text claims.
Subsequently, in the dual attention layer, we focus on
capturing the reliability of similar sources and key
information from text claims.

ce C

Text claim

Source features

i

Sentiment feature A

Semantic feature
se §

Mapping

Truth

N

—\
; AttentionT
—_ ra—

Softmax

Input layer

Language encoder layer

Dual attention layer Output layer

MLP—multilayer perceptron; s— data source item; S— data source set; s— source vector; ¢—claim item; C—claim set; ¢c— claim vector;

F,— claim’ s embedding representation; F,— source’ s embedding representation; F—ground truth discovery feature space; F,— overall

vector that determines whether the text claim is true; w—text claim reliability weight matrix; P ,— probability of claim being true.
Fig.3 Architecture of LTDDA framework

2.2 Input layer

When processing text claims, to capture the
relationship between questions and text claims, each
claim ¢ € C is first spliced with its corresponding
question ¢ to provide a more complete representation of
the claim input. Then, to correctly allocate attention
weights and not be affected by differences in the
sequence length, we use dynamic padding and
truncation to unify the length of the text claim, which
is set to the maximum length that the LLM can handle.
Finally, the claim input is segmented into words, a
word embedding vector with a dimension of d_,, is
created for each word, and a multi-dimensional vector
¢ of the claim is constructed.

When dealing with data sources, simple one-hot
encoding cannot incorporate the reliability of the data
source into the vector representation. To accurately assess
the reliability of data sources, we consider both semantic
features and sentiment features when encoding data
sources into vector representations. For each data source

s € S, we use the TF-IDF method to extract semantic
features. Specifically, we first calculate the TF-IDF value
for each word across all claims and treat these values as
the semantic features of the words. Then, we concatenate
the semantic features of all words to obtain the semantic
feature vector s, for the data source. For sentiment
features, we leverage an LLM and a sentiment analysis
head. The data source text is input into the LLM, and the
sentiment analysis head predicts the sentiment polarity of
the text (e. g., positive, negative, or neutral). Finally,
the predicted sentiment polarity is used as the sentiment
feature vector s, of the data source. We concatenate s, and
s, to form s of the data source.

2.3 Language encoder layer

We first describe the generation process of the pre-
trained models. Suppose that we have a pre-trained model
f for the text truth discovery. The output can be
represented as a sequence of tokens from the vocabulary
V. Let V" be the space of sequences of tokens. Suppose

the logits of fonwv € Varef (v | x). The likelihood of the
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next token following x being v is defined as

exp(f (v |2))
S| x) = —P :
> exp(f(vx))

v'eV

(1)

The likelihood of generatingy € V" given « is defined as
. A .
f(y‘x)znf(y[‘x’ y\ifl\)’ (2)
i=1
wherey = (3,, y,, -+, &m ) and |y |is the length of y.
The likelihood can be very small when |y | is very large.
To address this issue, we define the normalized likelihood

S 3 | x) a5

Fum @ [2) =fG [x) 171, (3)

We use f to generate the output sequence y * for the given
input x by solving the following objective

y* =arg max log f(y | x) . (4)

We first input ¢ into a pre-trained model, using the
LLM architecture to generate F,. Specifically, the pre-
trained model breaks the text claim into a sequence of
tokens and generates an embedding vector for each token.
These vectors are concatenated into a long vector,
representing the features of the entire text claim. After
applying regularization and normalization, s is fed into a
multi-layer perceptron to extract F:

F, =MLP(w_-s +b) , (5)

where MLP ( - ) represents the multi-layer perceptron; w,
represents the weight matrix in the trained model; b
represents the bias term. Assuming that the embedding
vector dimension of each word is d,,,, the dimension of
F_ of the text statement isd_,, X/, where [ is the length of
the text claim. We use the TF-IDF method and sentiment
analysis to extract the semantic and sentiment features of
the data source. Assuming that the embedding vector
dimension of each word is d the dimension of F_ is
d x 2.

MLP( -+ ) can not only capture the implicit
relationships between features but also map the data
source features into the same dimensions as the declared
features. Next, we concatenate and fuse F, and F| to
obtain F.

2.4 Dual attention layer

Our model incorporates a sophisticated dual-layer
attention mechanism, designed to tackle the intricacies of
truth discovery tasks effectively.

Our focus is on fostering robust embeddings among
sources that exhibit similarity. By allocating similar
weights to these embeddings, we aim to improve
reliability and proximity within clusters of similar
sources. This approach serves as a foundational step

model »

model

toward enhancing the model’ s ability to discern truth
amidst a myriad of conflicting information.

Moving beyond the first attention layer, we
introduce the second attention layer to delve deeper into
the nuances of semantic information embedded within
each text claim. This layer is pivotal in capturing the
varying contributions of different words to the truth
discovery task. Through the meticulous attention to the
semantic detail, we strive to extract the essence of each
claim, thus enriching the model’ s understanding of
complex textual contexts.

2.4.1 First attention layer

In the first attention layer, when different data
sources s have similar semantic features and sentiment
features and the text claims ¢ are also similar, their
reliability matrices w also should be similar. This
assumption helps to strengthen the model’ s focus on
similar information, thereby improving the representation
of relevant embeddings in the feature space.

Assuming n is the number of data sources, takings,,
s,,c,,ande, (p, g=1,2, -, n) as examples, inF,
we utilize the first attention layer to aggregate source
embeddings with similarity and assign similar weights to
these embeddings :

s,°S
Score,, = sim(sp, sq) =—t 1 (6)
s, I+ s, |
. . ¢ "¢
Score,, =sim(c,, ¢,) =7 7, (7)
b e, Il lle,
Scorelm = | (Score;1 + Score;l) ,(Score‘;2 + Score;z) ),
(Score[\m + SCOF@;,,) by (8)
w = Softmax( Score ), (9)

pn

where sim( - ) is the cosine similarity function.
2.4.2 Second attention layer

In the second attention layer, we are committed to
deeply mining the key semantic information in the text to
better understand the context and internal logical
relationships of the text.

By accurately capturing important semantic features
in each textual statement, we can better grasp the gist
and key points of the text, thereby improving the
efficiency and accuracy of the model in processing long
texts. This nuanced focus on semantic information not
only helps reduce the information loss but also
effectively addresses the challenges posed by long texts,
including long-distance dependencies and topic diversity
complexity.

Therefore, the second attention layer plays a crucial
role in enhancing the model’ s understanding of long
texts:

u =tanh(W - F +b) , (10)

where W is the F-weight matrix; u is the intermediate
hidden layer vector of F. We specifically use the final
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hidden layer because it captures the most abstract and
high-level features of the input, which are crucial for
making accurate predictions. u, is a randomly initialized
vector that is optimized as a model parameter during the
training process. This ensures that the model learns to
align the final hidden layer representation with the target
task.

We can calculate the probability distribution of # and
u , through the Softmax function to determine the weight o
of the output F_:

a = Softmax(uTuw) s (11)
F =a-F. (12)

o

Pass F, to the Softmax function to obtain the
probability of the claim being true, resulting in the final
truth discovery result:

P, = Softmax(F,) . (13)

3 Experiments

In this section, we conduct experiments to evaluate
the LTDDA performance for truth discovery. Our
experimental evaluation is focused on the following
questions.

Question 1: how does our proposed LTDDA method
perform compared to existing truth discovery methods?

Answer 1: compared to existing truth discovery
methods, LTDDA has superior performance by
combining the excellent contextual capabilities of LLMs
and source text features.

Question 2; what LLMs can be used with LTDDA
for text truth discovery?

Answer 2; in our experiments, we focus on small
models such as Qwen2-0. 5B to demonstrate that efficient
parameter fine-tuning can achieve better accuracy than
larger models, and the experimental results verify our
hypothesis.

Question 3: can the truth discovery method using a
dual attention mechanism enhanced by LLMs capture
long-distance dependencies and thematic diversity?

Answer 3: by leveraging the powerful contextual
capabilities of LLMs, we can significantly improve the
ability of LTDDA to handle long-distance dependencies
and thematic diversity.

3.1 Experimental setup
3.1.1 Datasets

We focus on the free-from question answering task
on the datasets SQuAD'*', ARC-Easy'® and
CommonsenseQA .

1) SQuAD. SQuAD is a reading comprehension
dataset and consists of questions posed by crowd-workers
on a set of Wikipedia articles, where the answer to every
question is a segment of a text or span, from the
corresponding reading passage. We use the SQuAD 1.1

version that contains more than 100 000 question-answer
pairs on more than 500 articles. The training set contains
86 821 question queries, while the test set contains 5 928
question queries. We use the following template to
construct prompt queries

[ Please help me answer the Question based on the
Context content. \ n Context: | The provided Context
paragraph| \n Question: {Provided Question| ].

In addition, in order to make the dataset suitable for
the truth discovery scenario, we also sample answers for
each piece of data and ultimately generate more than
60 000 sampled data.

2) ARC-Easy. ARC-Easy is a new dataset of 7 787
genuine grade-school levels, contains multiple-choice
science questions, and is assembled to encourage research
in advanced question-answering. The dataset is
partitioned into a challenge set and an easy set, where the
former contains only questions answered incorrectly by
both a retrieval-based algorithm and a word co-occurrence
algorithm. We use the following template to construct
prompt queries

[ Please answer the Question by choosing the most
appropriate answer from the four Options below. \ n
Question: | Provided Question| \ n Choices;: { The
provided Choices} ].

3) CommonsenseQA. CommonsenseQA is a new
multiple-choice question answering dataset that requires
different types of commonsense knowledge to predict the
correct answers. It contains 12 102 questions with one
correct answer and four distractor answers. We use the
following template to construct prompt queries:

[ Please answer the Question by choosing the most
appropriate answer from the six Options below. \ n
Question: { Provided Question | \ n Choices: | The
provided Choices| ].

3.1.2 LLMs

We use Mistral ™', LLaMA3 and Qwen2 models of
various sizes. The specific details are shown in Table 1.

1) Mistral. Mistral is known for its efficiency and
versatility across both general-purpose and specialized
tasks. Mistral 7B, one of its standout models, offers
strong performance despite its relatively small size. It
excels in multilingual tasks, supporting numerous
languages such as English, French, German and Chinese.

2) LLaMA3. Meta’ s LLaMAS3 is the successor to
LLaMA2 and offers significant improvements in
multilingual support and natural language understanding.
It is available in sizes ranging from 8 billion to 70 billion
parameters, making it versatile for different applications.
LLaMA3-8B represents the model with 8 billion
parameters.

3) Qwen2. Developed by Alibaba, Qwen2 focuses
heavily on multilingual capabilities and large-scale
applications. Qwen models perform competitively in
natural language generation and understanding tasks.



LTDDA. Large Language Model-Enhanced Text Truth Discovery with Dual Attention

705

Table 1 Specific details of LLMs

Model

Number of parameters

model

Context length

Vocabulary size

Mistral-v0. 2
Mistral-v0. 3
LLaMA3-8B
Qwen2-0. 5B

Qwen2-7B

7x10°
7x10°
8x10°
5x10°

7x10°

4 096 3.2x10* 32 000
4 096 4x10° 32 768
4 096 8x10° 128 256

896 3.2x10* 151 936
3584 1.28x10° 152 064

3.1.3 Baseline methods

We compare LTDDA with state-of-the-art truth
discovery methods. For those methods designed for
structured data, we revise them to be suitable for text data.

1) MV. This approach chooses a claim as the
identified truth when it has the highest support among all
sources.

2)CRH + Topic Dist. CRH adopts an optimization-
based truth discovery framework to handle heterogeneous
data, which aims to minimize the weighted loss of the
aggregation results'"”’. We employ the latent Dirichlet
distribution to extract a 100-dimensional topic
representation for each question and its corresponding
answer. Answers are ordered based on the cosine
similarity with the question. In experiments, we use the
topic distribution as a representation for each claim,
which is then input into CRH.

3)CRH + Word2Vec. This baseline approach shares
similarities with CRH + Topic Dist, with the only
difference being a modification in the inputs to the
average word vectors of answers.

4)CATD + Topic Dist. CATD is an optimization-
based truth discovery framework that addresses the long-
tail phenomenon in data by employing a confidence
interval-based approach for assessing source
reliability *"’. Similar to CRH + Topic Dist, we use the
topic distributions as the representations of the whole
answers to be fed to CATD.

5) CATD + Word2Vec. This baseline approach is
similar to CATD + Topic Dist, with the difference being
the change in inputs to the average word vectors of
answers. The word vector representation is the same as
that used in CRH + Word2Vec.

6) CNN-LSTM'®'. The pattern-based extraction
method using CNN-LSTM employs a hybrid model of
CNN and LSTM to capture complex patterns and
dependencies between facts that are challenging for
traditional learning approaches to uncover.

7)UTD'™ . UTD formulates the truth discovery task
as a joint maximum likelihood estimation problem of
unknown true claims and source reliability. It follows and
applies the profile likelihood procedure to derive the joint

maximum likelihood estimators.
3.1.4 Evaluation metrics

For the SQuAD dataset, we use expectation-
maximization (EM) and F1 scores as evaluation metrics;
for the other two datasets ( ARC-Easy and
CommonsenseQA ), we use accuracy as the evaluation
metric. The larger the value of all these evaluation
metrics, the better the task performance.

3.1.5 Training hyperparameters

We use the LoORA"*’ method to fine-tune the LLMs,
setting the parameters as follows: lora_target is all, lora_
rank is 64, lora_alpha is 128, and lora_dropout is 0. 05.
We train the LoRA for three epochs by using the AdamW
optimizer with a batch size of 32, a learning rate of
0.001, a weight decay of 0.01, and a cosine learning
rate scheduling with 10% warmup steps. Gradient
clipping is set to 1. 0. The maximum sequence length is
set to 1 024. Figure 4 shows the convergence of some
LLMs on different datasets during fine-tuning. We run all
experiments using Python 3. 10 and the HuggingFace API
on 80 GB NVIDIA Al00 GPUs in the Debian GNU/
Linux 10 system. We use the Mistral, Qwen2, LLaMA2
and LLaMA3 models via the HuggingFace transformers
library which can be easily adapted for reproducibility.
We modify the trainer class provided by the HuggingFace
API for LoRA tuning. We use the generate ( ) function
of the HuggingFace API to generate answers. Unless
specified, we use default parameters of the generate ( - )
function.

We analyze the complexity of the LTDDA method,
focusing on the number of forward passes required by the
LLM. Since the LLM produced the output sequence in an
auto-regressive way, the number of forward passes is
proportional to the length of the generated output
sequence. Assume that the maximum length of the output
sequence is denoted as / For each input sequence, one
forward pass is needed to encode the input, and up to [

forward passes are required to generate the output
sequence. Consequently, the upper bound for the number
of forward passes is 1 + [ giving the complexity as

0(l,,.)-

max ?
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Fig.4 Convergence of LLaMA3-8B and Qwen2-0. 5B during fine-tuning; (a) LLaMA3-8B on ARC-Easy dataset; (b) LLaMA3-8B on
CommonsenseQA dataset; (¢) LLaMA3-8B on SQuAD dataset; (d) Qwen2-0. 5B on ARC-Easy dataset; (e) Qwen2-0.5B on

CommonsenseQA dataset; (f) Qwen2-0. 5B on SQuAD dataset

3.2 Experimental results
We first evaluate the accuracy of different LLMs.

The results in Table 2 show that after LoORA tuning, the
accuracy of LLMs is improved significantly.

Table 2 Performance of different LLMs

Method SQuAD ARC-Easy CommonsenseQA

EM Fl accuracy accuracy
Pre-trained Qwen2-0. 5B 0.117 4 0.327 4 0.388 9 0.3514
Adapted Qwen2-0. 5B with LoRA 0.664 3 0.803 9 0.704 8 0.637 5
Pre-trained Qwen2-7B 0.4953 0.699 7 0.907 8 0.774 0
Adapted Qwen2-7B with LoRA 0.7370 0.873 0 0.9453 0.846 0
Pre-trained Mistral-v0. 2 0.118 9 0.385 4 0.810 6 0. 662 6
Adapted Mistral-v0. 2 with LoRA 0.739 8 0. 8737 0.898 6 0.822 3
Pre-trained Mistral-v0. 3-7B 0.273 2 0.5353 0.849 3 0.701 9
Adapted Mistral-v0. 3-7B with LoRA 0.738 5 0.873 3 0.894 8 0.805 1
Pre-trained LLaMA3-8B 0. 666 5 0.8303 0.824 5 0.674 0
Adapted LLaMA3-8B with LoRA 0.7379 0.873 0 0.9313 0.818 2

On the SQuAD dataset, the adapted Qwen2-0.5B
can even outperform the pre-trained Qwen2-7B and
Mistral-v0. 2, which demonstrates that it is possible to
adapt a smaller LLM to achieve higher accuracy than a
much larger LLM. We then report the results of LTDDA
as well as baselines on the real-world datasets. As shown
in Table 3, LTDDA consistently outperforms almost all

the baselines on the three real-world datasets. LTDDA
surpasses state-of-the-art methods in text veracity
detection.

The reasons for the superior performance of
LTDDA compared to the retrieval-based approaches
and state-of-the-art truth discovery methods are
analyzed as follows.
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Table 3 Performance of different truth discovery methods

Method SQuAD ARC-Easy CommonsenseQA

EM F1 accuracy accuracy
LTDDA-Qwen2-0. 5B 0.7322 0.8153 0.902 4 0.753 8
LTDDA-Qwen2-7B 0.7853 0.905 4 0.978 9 0.867 6
LTDDA-LLaMA3-8B 0.782 2 0.898 7 0.962 2 0.844 2
LTDDA-Mistral-v0. 2 0.756 2 0.8823 0.928 6 0.846 0
LTDDA-Mistral-v0. 3 0.763 2 0.901 2 0.944 5 0.858 2
MV 0.3251 0.348 1 0.401 3 0.3411
CRH + Topic Dist 0.4312 0.440 2 0.587 2 0.541 2
CRH + Word2Vec 0.443 2 0.449 8 0.595 2 0.5523
CATD + Word2Vec 0.523 1 0.671 2 0.614 3 0.6327
CATD + Topic Dist 0.510 1 0.668 0 0. 605 4 0.625 6
CNN-LSTM 0.678 2 0.778 3 0.895 6 0.783 2
UTD 0. 665 4 0.757 6 0.842 1 0.654 3

First, compared to the existing truth discovery
method, although CRH aims to capture source reliability ,
its performance is not ideal. On the one hand, CRH
assumes that a priori assumed functions can represent the
relationship between the source reliability and the
credibility of claims. This assumption leads to suboptimal
results in text truth discovery, as the actual dependencies
between sources and claims are often complex and a priori
unknown. On the other hand, CRH does not take into
account unique features of the natural language, including
the impact of the source’ s subjective sentiment on its
reliability, as well as challenges posed by long-distance
dependencies and thematic diversity in long text
sequences. Additionally, while CATD considers the
difficulties introduced by the long-tail phenomenon in
assessing the source reliability, it also fails to account for
the unique features of natural language fully.

Second, compared to our method, the CNN-LSTM,
which also utilizes neural networks, does not perform
well. On the one hand, the pattern-based fact extraction
method employed by CNN-LSTM does not directly apply
to raw text data, introducing additional noise when the
patterns used are not suitable for the respective dataset.
On the other hand, the architecture of CNN and LSTM,
where information is transmitted through a state vector, is
limited in capacity and struggles to capture long-distance
dependencies. This limitation may lead to issues such as
gradient explosions, resulting in poorer performance on
the disaster tweets dataset with larger average lengths.
UTD treats the truth discovery problem as a joint
maximum likelihood estimation problem, aiming to
estimate the reliability and truth value of unknown
sources. Numerical solutions are provided by iteratively
calculating joint maximum likelihood estimates of the true
value and source reliability. However, UTD does not
directly process original text data, but processes

preprocessed text classification data, which limits its
application scenarios.  Furthermore, modeling the
problem as a joint maximum likelihood estimation
problem may not resolve complex relationships in the text
well.

3.3 Ablation study

3.3.1 Alleviating long-distance dependencies and
thematic diversity

To evaluate the effectiveness of LTDDA in capturing
long-distance dependencies and thematic diversity,
experiments are done by comparing two groups of popular
pre-trained word embedding methods used in NLP:.
contextual embeddings including Transformer and BERT,
and non-contextual embeddings including Word2Vec. In
the experiment, we utilized BERT, RoBERTa and
Word2Vec as word embeddings for the LTDDA model
while keeping the rest of the structure unchanged.

Table 4 presents the performance comparison results
of different word embedding methods across three
datasets. As  expected, contextual embeddings
significantly outperform non-contextual ones in our
model. This is largely due to models like BERT and
RoBERTa that leverage the Transformer architecture. The
key advantage of the Transformer lies in its attention
mechanism, which excels at capturing long-distance
dependencies and extracting richer semantic features. In
contrast, non-contextual embeddings assign the same
representation to all meanings of a word, limiting their
capacity to handle semantic nuances. Furthermore, in
LTDDA, the LLM outperforms BERT and RoBERTa
overall. This is primarily because modern LLMs are
trained on much larger datasets and have substantially
more parameters, enhancing their generalization ability
and making them particularly effective when processing
longer texts, where the attention mechanism further
proves advantageous in modeling long texts.
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Table 4 Performance comparison for different word embedding methods

Word embedding method Dimension SQuAD ARC-Easy CommonsenseQA
EM F1 accuracy accuracy
BERT 768 0.692 3 0.7321 0.753 4 0.751 4
RoBERTa 768 0.743 3 0.795 6 0.863 2 0.756 1
LTDDA-Qwen2-0. 5B 896 0.7322 0.8153 0.902 4 0.753 8
Word2Vec 100 0.533 1 0. 698 4 0.608 9 0.651 4

3.3.2 Source feature ablation experiment

To evaluate the contributions of two types of source
features (i. e., source subjective sentiment features and
semantic features) to LTDDA, we conduct source feature
ablation experiments by using the complete set of
statistical features and two subsets of statistical features.

The results of the source feature ablation experiments
are depicted in Fig. 5. It can be observed that the
complete set of statistical features performs the best in the
truth discovery process, indicating the crucial role of
these two features in distinguishing between credible and
non-credible claims. Furthermore, LTDDA Qwen2-0. 5B
performs better when using semantic features compared to
using sentiment features, highlighting the essential role of
semantic information in the complex task of truth
discovery from text data. Lastly, the accuracy is higher
when using sentiment features compared to not using
sentiment features, confirming our hypothesis that source
subjective sentiment significantly influences people ’ s
perception of source reliability.

1LOF = CommonsenseQA = ARC-Easy
0.9
0.8
0.7
0.6
z
05
2
<04
0.3
02
0.1
Sentiment Semantic Sentiment None
+
Semantic
Source feature
Fig. 5 Accuracy of source feature ablation experiments on
CommonsenseQA and ARC-Easy by using LTDDA-
Qwen2-0. 5B

4 Conclusions

In this paper, we propose a text truth discovery
model called LTDDA. Experimental results on three real
datasets demonstrate the effectiveness of the proposed
LTDDA model. In the future, we plan to enhance the
performance of truth discovery by introducing additional
features about the source and adopting more powerful pre-

trained models to model the complex relationship between
sources and claims more comprehensively.
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