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Abstract

We present a novel agent-based approach
for the automated claim matching task with
instruction-following LLMs. We propose a two-
step pipeline that first generates prompts with
LLMs, to then perform claim matching as a bi-
nary classification task with LLMs. We demon-
strate that LLM-generated prompts can outper-
form SOTA with human-generated prompts,
and that smaller LLMs can do as well as larger
ones in the generation process, allowing to save
computational resources. We also demonstrate
the effectiveness of using different LLMs for
each step of the pipeline, i.e. using an LLM
for prompt generation, and another for claim
matching. Our investigation into the prompt
generation process in turn reveals insights into
the LLMs’ understanding and handling of the
claim matching task.

1 Introduction

As part of an automated fact-checking pipeline, the
claim matching (CM) component determines if two
claims (factual statements) can be verified using
the same piece of evidence or fact-check (Barrón-
Cedeño et al., 2020; Shaar et al., 2020; Zeng
et al., 2021; Guo et al., 2022; Pikuliak et al., 2023;
Panchendrarajan and Zubiaga, 2024). The task
has attracted increasing interest in recent years, as
identifying matching claims can facilitate the sub-
sequent efforts in claim verification by reducing
the number of distinct claims to deal with.

In Pisarevskaya and Zubiaga (2025), we intro-
duced CM as a binary classification task, proposing
state-of-the-art (SOTA) few-shot learning results
with four large language models (LLMs), based on
hand-crafted prompt templates and few-shot exam-
ples, without automated prompt engineering. We
aim to further investigate and develop the proposed
instruction-following LLMs application for CM,
overcoming this limitation. We propose, for the
first time, a novel agent-based approach specifically

for CM, which outperforms these SOTA results for
CM as well as results after SOTA prompt tuning.

The main contributions of our work are:
• We investigate automated prompt engineering

methods for CM, searching for best few-shot
examples and prompt templates;

• To automate the CM task, we propose an
LLM agent-based pipeline to generate spe-
cific CM prompts and then use them for the
task, comparing performance against SOTA
CM approach and the SOTA prompt tuning
method;

• We study the LLMs’ understanding of CM,
revealing which prompts work better and why.

Our experiments reveal that LLMs are effective
in identifying matching claims when the prompt
provided focuses on the identification of claims
describing the same event, topic or idea. We also
find that LLMs of smaller size can be as effective as
larger ones in creating prompts that perform well,
suggesting a way to save computational resources
in the prompt generation process by leveraging
smaller LLMs.

2 Related Work and Motivation

Claim matching is useful for identifying claims
that can be fact-checked together and hence for
avoiding duplication of work during fact-checking.
It is addressed as a ranking task (Shaar et al., 2020;
Kazemi et al., 2021, 2022; Shaar et al., 2022) or,
more recently, as a classification task (3 classes
recognising textual entailment) (Choi and Ferrara,
2024a,b). Pisarevskaya and Zubiaga (2025) inves-
tigated manually generated prompt templates with
a single user instruction by framing the task as a
paraphrase detection, claim matching or natural
language inference task, to assess the applicability
of closely related tasks to CM.

LLM agents are able to interact, complete tasks,
draw conclusions (Zhao et al., 2024; Wang et al.,
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2024; Li, 2025). LLM multi-agent systems use
capabilities of single agents, enhancing their col-
laboration on complex tasks (Guo et al., 2024; Han
et al., 2025; Liang et al., 2024). Inspired by Chan
et al. (2023) and Fang et al. (2025), we apply a
pipeline interaction between two agents: the output
of the first agent becomes the next agent’s input.
But, for CM, we suggest that the final label depends
only on the second agent.

Automated prompt engineering allows opti-
mising prompts by reducing human effort (Liu
et al., 2021; Schulhoff et al., 2025). We investigate
how an automated choice of few-shot examples for
a CM prompt can lead to improved performance.

Generating prompts with LLMs is an emer-
gent approach.Reynolds and McDonell (2021) de-
scribe meta-prompting that seeds a LLM to gener-
ate prompts. In (Zhou et al., 2023), one LLM gener-
ates instruction candidates for various tasks, evalu-
ated with another LLM. Ye et al. (2024) suggest to
initialise the prompt optimisation with LLMs either
with pre-existing human-written prompts or with a
batch of examples, asking to create an instruction
for them. Then, an LLM can continuously propose
new and potentially better prompts. Unlike this,
our agentic system exists in the offline mode, to
better understand the LLMs understanding of CM:
the first agent generates prompts, the second agent
uses them, then we evaluate the results. We are the
first to explore automated prompt generation and
engineering for claim matching.

Prompt-tuning is an automated method to fine-
tune only a small number of model parameters for a
task (Lester et al., 2021; Liu et al., 2022; Xiao et al.,
2023; Yang et al., 2025). This SOTA is compared
to our approach that includes automated prompt
generation and few-shot learning.

3 Dataset and Experimental Setup

3.1 Dataset

We use the ClaimMatch dataset (Pisarevskaya and
Zubiaga, 2025), which is based on Nakov et al.
(2022). It is the only benchmark dataset for CM
as a binary classification task. For consistency
and comparability of our results with the previ-
ous SOTA few-shot results from Pisarevskaya and
Zubiaga (2025), we used the same train/test data
splitting. We took the same explicit test set of
this dataset that comprises 500 matching and 500
not matching claim pairs. We started our exper-
iments using the few-shot train examples listed

in Pisarevskaya and Zubiaga (2025). For prompt
tuning, the remaining 1,682 claim pairs were taken
(with train & validation split 0.8 & 0.2).

3.2 Experimental Setup

We chose two open-access instruction-following
LLMs for our experiments: Mistral and Llama.
To compare the proposed approach with the pre-
vious SOTA in the same settings and to ensure
reproducibility, we implemented the same model
versions: Mistral-7B-Instruct-v0.3 (Mistral) and
Llama-3-8B-Instruct (Llama) (max. new tokens
400). The same models were used for prompt tun-
ing (5 epochs, AdamW optimiser, lr 3e-2) with
PEFT (Mangrulkar et al., 2022). For prompt gen-
eration, we use two bigger models: Mistral-Small-
24B-Instruct-2501 (Mistral-b) and Llama-3.3-70B-
Instruct (Llama-b), both downloaded with 4-bit
quantization to fit the GPU memory 40GB.

4 Methodology

First, we describe experiments on automated choice
of few-shot examples for a prompt, to define which
train examples to use. After that, we propose the
pipeline of LLM agent-based few-shot CM that
consists of two parts: automated prompt generation,
and claim pairs classification if they match.

Choosing few-shot examples for a prompt.
The three best hand-crafted prompt templates
from Pisarevskaya and Zubiaga (2025) were taken
as a basis: CM-t, PD-t, and NLI-t - the best tem-
plate for claim matching, as well as the best tem-
plates for paraphrase detection and natural lan-
guage inference suitable for claim matching task,
respectively (see Table 3 in Appendix A). We kept
the focus on structured prompts with 10 balanced
few-shot examples. We examined three options
of choosing few-shot instances for a prompt and
compared them to the previous SOTA results with
their manual choice: (1) random choice: 10 random
claim pairs (5 positive and 5 negative class exam-
ples); (2) choice based on highest/lowest semantic
similarity scores: developing the negative examples
selection method for the train set in Kazemi et al.
(2022), 5 claim pairs with highest semantic similar-
ity scores were selected as positives, and 5 claim
pairs with lowest semantic similarity scores were
chosen as negatives; (3) choice with borderline se-
mantic similarity scores added: for both positives
and negatives, we took 2 examples with the highest
and with the lowest scores for their class, and 1
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example with the average semantic similarity score
for their class, finally obtaining 5 positives and 5
negatives. We used the All-MiniLM-L6-v2 model
for semantic similarity.

Generating prompts with LLMs. As an initial
step, a user prompt that includes few-shot exam-
ples is given to an LLM. It explicitly mentions that
the examples contain statement pairs that match
or not, without any further details as to how the
claim matching task should be tackled. The spe-
cific system prompt was added too: “You are a
large language model. Create the best prompt for
you for the described task.” Provided with the same
10 few-shot examples used in other experiments,
the models were aimed to generate a new prompt
for a large language model for the task described in
the examples. We aimed to find out what the LLM
chooses as parts of the prompt for CM task.

Firstly, we conducted extensive series of experi-
ments with each of our four models used for prompt
generation: the wide initial range of prompts was
generated and evaluated. Then we dropped, for
each model, similar prompts with similar results.
Prompts created with Mistral, if almost similar
in their wording, were merged into one prompt
(taking only one of them for further experiments).
Prompts generated with Llama were also not al-
ways diverse: the model suggests a definition for
the CM task — whether two statements describe
the same event / topic / situation / idea / issue /
concept. Hence, we also took only one of such
prompts, if they showed similar results. For exam-
ple, we do not report results for the prompt “Do the
two statements describe the same event or topic?”
generated with Llama, as it is similar to the prompt
“Do the two statements describe the same event,
topic, situation, or issue?” by the same model, in-
cluded. In Mistral classification results, with both
prompts, the F1 score was the same. We also gen-
erated prompts with bigger models Llama-b and
Mistral-b, to make use of a more capable LLM
to generate a prompt that will then be used by a
smaller LLM, to save resources. We filtered them
in the same way.

After a careful investigation, we finally selected
the 20 most representative and diverse prompts (5
prompts generated with each model), that illustrate
trends for each model. This allows us to analyse
the diversity of prompts and its correlation with
performance, and helps us delve into understand-
ing the CM task and how LLMs process it. The
resulting prompts are shown in Table 4 and Table 5

in Appendix A.
Claim matching with LLMs. To assess if the

proposed prompts are suitable for CM and can be
generalised to other models, we ran few-shot ex-
periments with the prompts created with the mod-
els (with 10 few-shot examples added), handling
CM as a binary classification task and using four
setups: (1) Mistral with Mistral prompts; (2) Mis-
tral with Llama prompts; (3) Llama with Llama
prompts; (4) Llama with Mistral prompts. We also
investigated if bigger LLMs are better agents to
generate a prompt for a smaller LLM from the
same model family: if prompts generated with a
bigger Mistral-b model are suitable for a smaller
Mistral model, and if prompts generated with a
bigger Llama-b model are suitable for a smaller
Llama model. Results are compared to the results
with the overall best CM-t, PD-t and NLI-t prompt
templates (see Appendix A) from Pisarevskaya and
Zubiaga (2025). To compare the proposed agent-
based method for automated prompts generation
with the SOTA prompt tuning method, we imple-
mented it for Mistral and Llama models, based on
CM-t, PD-t, and NLI-t prompt templates.

5 Experiment Results

Few-shot examples selection. Results in Table
1 demonstrate that, for CM, there is no common
pattern in prompt engineering techniques for dif-
ferent models, demonstrating how train examples
for the few shot should be selected. For Mistral,
original hand-crafted examples in the few shot still
get better results than random, sorted and border-
line examples. Sorted examples yield the highest
scores with CM-t and PD-t templates for Mistral,
but NLI-t template works better with random exam-
ples (almost outperforming SOTA for CM). Option
with borderline examples does not help this model
understand the task. However, for Llama all three
approaches outperform the SOTA results, with ran-
dom examples getting the highest scores for CM-t
and PD-t templates (but not for NLI-t template as
with Mistral). The choice of few-shot examples is
model-specific. Hence, for the next step we con-
tinue using hand-crafted few-shot examples.

Claim matching with LLM-generated
prompts. However, Table 2 shows promising re-
sults for agent-based prompt generation. Although
Mistral continues to demonstrate better scores than
Llama, as in the SOTA few-shot experiments, we
can highlight: for both models, Mistral prompts
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Mistral Llama
Method F1, % Acc., % F1, % Acc., %

CM-t template
rand 85.5 85.5 83.7 84.0
sort 86.0 86.0 79.3 80.0
bord 84.7 84.7 78.3 79.0
SOTA 90.6 90.6 77.6 78.3

PD-t template
rand 93.1 93.1 84.0 84.0
sort 94.1 94.1 79.4 79.8
bord 93.1 93.1 83.3 83.3
SOTA 95.0 95.0 60.0 64.5

NLI-t template
rand 88.2 88.2 67.8 70.3
sort 86.2 86.2 86.4 86.4
bord 85.8 85.8 81.6 81.9
SOTA 88.3 88.3 52.8 59.1

Table 1: Selecting few-shot examples for a prompt:
random, sorted, borderline and SOTA approaches.

do not improve over SOTA. But, similarly, both
models yield better results using Llama prompts,
outperforming their SOTA (especially for Llama).
Mistral gets the best score with L4: f1 & accuracy
96.9 (compared to f1 & accuracy 95.0 for its
SOTA result with PD-t). Llama gets the best score
with L2: f1 & accuracy 94.3, greatly improving
its SOTA few-shot results with various prompt
templates. For Mistral, L2 is the second-best
Llama prompt, but it still outperforms SOTA with
f1 & accuracy 95.3. We can conclude that this
prompt - “Identify whether the two statements
are describing the same event, topic, or idea, to
determine if the statements match or not match.”
– reveals in the most detailed way the essence of
the CM task, which corresponds to the human
understanding in the gold labels of the dataset: the
same event, topic, or idea in two claims would help
detect if they can be verified with the same piece of
evidence, and find out if they match. Although L1
and L5 prompts are rather similar, results for both
Mistral and Llama are better with the L1 prompt.
A possible explanation is that the same event, topic,
situation, or issue (L1) seems to be more important
for CM than the same event, idea, or concept (L5).
This explains why L2 demonstrates good scores
for both models: it incorporates the same event and
topic, as well as the request to match claims. It is
interesting that longer prompts with more detailed
explanations do not get better results, see e.g. L3

and M5 results. Finally, we can conclude that
prompts proposed with different LLMs contain
similar core, essential statements reflecting the
LLMs understanding of CM: matching claims
refer to the same event. It is close to PD-t template,
explaining its high performance.

Bigger models do not understand the task better
than the smaller models: results with their gen-
erated prompts are not better than with prompts
from a smaller model (Llama). As for Mistral, only
two prompt templates (Mb1 and Mb4) yield bet-
ter results than SOTA for CM. Prompts generated
with a bigger Llama-b model do not essentially
differ much in their template pattern and core re-
quirements from the prompts from a smaller Llama
model. But all prompts from a bigger Mistral-b
model have a more specific structured template
pattern compared to Mistral, with clear guidelines
about more details, placed after the core require-
ments about the same or similar information in two
statements. It improved the performance specif-
ically for Mistral model (from the same models
family), but still did not outperform Mistral results
with prompts from the smaller Llama. A smaller
model can be used as an agent to generate a claim
matching prompt, saving computational resources.
Prompts generated with one LLM can work well for
another LLM: Llama is better in creating prompts,
then they should be passed to Mistral which is
better in CM classification. Our approach also out-
performs the SOTA prompt tuning approach with
the best hand-crafted prompt templates (Mistral
with L4 performs better than with PD-t template
after prompt tuning). Using one LLM to generate
CM prompts for another LLM outperforms SOTA
results for the task and saves time and resources.

Claim matching task is specific because it is
simultaneously similar but not the same to mul-
tiple other tasks, i.e. paraphrase detection and
natural language inference, and may incorporate
some of their approaches and hand-crafted prompt
templates (Pisarevskaya and Zubiaga, 2025), but
is more complicated and diverse. We further in-
vestigate this unique CM specifics, revealing that
LLM-generated prompts for CM also overlap with
prompts from close tasks.

Error Analysis. The “same event" requirement
in LLMs prompts is not fully reliable. Both Mistral
and Llama yield worse results with Mistral prompts.
As class labels are mostly followed with explana-
tions, we can conclude that there are two main
types of errors: causing false positives (trying to
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Prompts generated with Llama models SOTA approaches
Llama-generated Llama-b-generated Hand-crafted prompts

Llama Mistral Llama Setup F1, % Acc., %
Prompt F1, % Acc., % F1, % Acc., % Prompt F1, % Acc., % L CM-t 77.6 78.3
L1 89.9 90.0 95.0 95.0 Lb1 59.7 64.7 L PD-t 60.0 64.5
L2 94.3 94.3 95.3 95.3 Lb2 62.6 64.9 L NLI-t 52.8 59.1
L3 79.3 79.4 94.9 94.9 Lb3 79.2 79.5 M CM-t 90.6 90.6
L4 76.6 77.0 96.9 96.9 Lb4 88.6 88.7 M PD-t 95.0 95.0
L5 88.4 88.4 94.6 94.6 Lb5 88.4 88.4 M NLI-t 88.3 88.3

Prompts generated with Mistral models
Mistral-generated Mistral-b-generated Prompt tuning
Llama Mistral Mistral Setup F1, % Acc., %

Prompt F1, % Acc., % F1, % Acc., % Prompt F1, % Acc., % L CM-t 57.4 59.0
M1 76.8 77.5 82.9 83.3 Mb1 95.1 95.1 L PD-t 77.3 77.4
M2 54.3 61.0 92.5 92.5 Mb2 92.6 92.6 L NLI-t 59.0 62.5
M3 68.7 69.1 87.9 88.0 Mb3 91.0 91.0 M CM-t 89.0 89.1
M4 77.6 77.6 89.9 89.9 Mb4 96.2 96.2 M PD-t 96.4 96.4
M5 61.7 63.4 85.8 85.8 Mb5 93.0 93.0 M NLI-t 82.2 82.7

Table 2: Few-shot performance with generated prompts (left and center). SOTA performance (right).

find a logical connection between unrelated claims
in the negative class examples) and false negatives
(if two statements in a claim pair vary in some non-
substantial, or significant details, a model creates
logical connections, leading to wrong conclusions).
Prompt templates M2 and M3 can make a model
yield a negative class label, if two claims vary in
some non-substantial details. Hence, “the same
event” is not a fully reliable and sufficient marker to
detect if two claims in a pair match. Llama prompts,
generally, contain more additional requirements
than Mistral prompts: it is not only the same event,
but can also be the same topic, situation, issue,
idea, or concept. There are examples where such
requirements are too strict: “a similar, but not the
exact same event”. But such broad requirements
can still help reduce the number of false negatives:
“the same but from different perspectives”.

LLMs prompts assume that contradictory claims
cannot match. In the human understanding of CM,
two claims can match if their evidence is the same,
even if they contain some contradictory informa-
tion. Hence, consistency between two claims, pro-
posed as a marker in M3 and, especially, M4 and
L3 prompts, does not fully correspond to CM. Mis-
tral (with M3) and Llama (with M4) explain their
false negative class labels for the same claim pair:
“No, the event or situation described in 1 ([...] grant-
ing a wish that ‘Friends’ would stay on Netflix in
2019) is not consistent with the event or situation
described in 2 (Netflix announcing that ‘Friends’
would no longer be available [...] after the end of
2018)” and “The statements are contradictory. 1
states that ‘Friends’ will still be available on Net-
flix [...] throughout 2019, while 2 states [...] the

show would no longer be available after the end of
2018”. Simple positive class examples with some
variations in details are usually classified correctly,
but major variations can lead to misclassification.

6 Conclusion

We propose a pipeline for agent-based few-shot
CM that incorporates a novel approach to au-
tomated prompt generation with LLMs. LLM-
generated prompts demonstrate that they under-
stand the specifics of the CM task, and with these
prompts two LLMs outperform SOTA, based on
hand-crafted prompts. We find that a prompt that
considers matching claims as those describing the
same event, topic or idea performs best, and we
show that there is still room for improvement by
incorporating additional markers.

Limitations

It should be highlighted that we do not aim to
compare the results of bigger and smaller mod-
els in these experiments. Two bigger models used
for prompt generation are not only of larger size,
they are also from more recent generations than the
smaller models we use, which could explain their
better quality. On the other hand, they are applied
with quantization, which could reduce their quality.
Our aim is to check if prompts, generated with big-
ger models of the same type, would be useful for
smaller models.

We intentionally provided in the initial prompt,
provided to LLMs, that the examples contain state-
ment pairs that match or do not match, without
giving any additional details, or including the def-
inition that matching claims can be verified with
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the same evidence, or fact-check. Firstly, our aim
was to enhance LLMs generated prompts, based
on their understanding of the claim matching task
(instead of providing human-crafted prompts, that
would define claim matching, to them), and evalu-
ate LLMs performance with them. Secondly, claim
matching task is closely connected to other tasks
in the fact-checking pipeline, but it is a specific
task that does not require any fact checking of the
claims provided. In the series of experiments, we
found out that, if manually created prompts are not
carefully curated, LLMs can wrongly address claim
matching as the fact-checking task and predict the
veracity of two claims instead of the output label
if they match / not match. Providing the human
definition of claim matching, that incorporates fact-
checking purposes, could encourage such model’s
behaviour. However, as LLMs understanding of the
task has its own limitations, further experiments
are needed to define better prompts - for example,
using step-by-step-reasoning to let a LLM improve
prompts in multiple iterations. In all Mistral exper-
iments with Llama prompts, recall for the negative
class, and precision for the positive class are sig-
nificantly higher than for another class. An expla-
nation could be that too “strict” “the same event”
requirement in a prompt lead to a significant num-
ber of false negatives, where matching claims are
marked as not matching, as they vary in some de-
tails. On the other hand, a model does not find any
non-existent logical connection between two def-
initely not matching claims (reducing the number
of false positives). Step-by-step-reasoning could
further improve this issue.

While we kept, for the consistency, the same
number of few-shot examples for a prompt, as in
the SOTA experiments, further options to automate
a choice of few-shot examples for a prompt should
be studied, such as their ordering (Lu et al., 2022;
Zhao et al., 2021), rephrasing (Yang et al., 2024),
prompt and hyperparameter selection such as the
number of labeled examples (Perez et al., 2021), or
choice of different examples for different prompts.

Ye et al. (2024) suggest that a LLM can con-
tinuously propose new potentially better prompts.
Unlike this, our agentic system exists in the offline
mode, to better understand the LLMs understand-
ing of CM as this task can be referred to a few
related tasks: the first agent, initialised with a basic
prompt and a batch of examples, generates instruc-
tions for them, the second agent uses them, then
we evaluate the results. Continuos prompt improve-

ment methods, as well as adding classification eval-
uation with LLMs as the third component of the
agent-based CM pipeline, should be investigated in
further research.

We also acknowledge that more research should
be done to improve the generated prompts with
various prompt engineering techniques (such as
chain of thought), as well as test this approach
on various datasets and in the multilingual setups.
Such LLM-proposed markers of matching claims,
as same event and consistency of two claims, can
limit the task understanding, and should be further
investigated.
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A Appendix

CM-t template
A Matches to B. Correct? Answer: [yes/no]
PD-t template
A. B. Question: Do A and B both refer to
the same event? Yes or no? Answer: [yes/no]
NLI-t template
Suppose A. Can we infer that B?
Yes or no? Answer: [yes/no]

Table 3: Hand-crafted prompt templates.

The best performing hand-crafted claim match-
ing (CM-t) prompt template, as well as the best
performing hand-crafted paraphrase detection (PD-
t) and natural language inference (NLI-t) prompt
templates, suitable for the claim matching task,
from Pisarevskaya and Zubiaga (2025), used in the
experiments, are provided in Table 3.

The full prompts generated with the models are
presented in Table 4 and Table 5. The prompts were
generated with smaller models (Mistral, Llama)
and bigger models (Mistral-b, Llama-b). To use
these prompts for claim matching classification
with LLMs, they were processed for each LLM
to adhere to its specific requirements to a prompt
template. 10 few-shot examples were added to each
prompt.
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Prompts generated with Mistral
1. In the next example, do statements 1 and 2 both discuss or mention the same event or phenomenon?
2. Determine if Statement 1 and Statement 2 describe the same event or not. If they describe the same event,
the answer should be "yes," otherwise it should be "no."
3. Is the event or situation described in Statement 1 consistent with the event or situation described in
Statement 2? If yes, then the correct answer should be "yes." If not, then the correct answer should be "no."
4. Given two statements, determine if the information provided in both statements is consistent or contradictory.
State whether the statements Match or Do Not Match.
5. Given two statements, determine if they are logically consistent or contradictory. The answer should be
in the format of "match" or "not match". For example, if two statements are about the same event, person,
or object, and they agree, the answer would be "match". If they disagree, the answer would be "not match".
The statements should be factual and verifiable, and no assumptions should be made about the intention or
interpretation of the statements.
Prompts generated with Mistral-b
1. You will be given two statements and your task is to determine if they match or not. To do this, consider
the following guidelines: 1. **Content**: Check if the main subjects, events, or facts described in both
statements are the same. 2. **Context**: Consider the context and timeframe of the statements. They should
be related to the same event or topic. 3. **Source**: Ignore the source or author of the statements, as they
might be paraphrased or reported differently. 4. **Negation**: Be mindful of negations in the statements. A
statement and its negation cannot match. 5. **Irrelevant Details**: Ignore minor details or differences in
wording that do not affect the core meaning of the statements. Based on these guidelines, determine if the
two statements match or not. Answer with a simple "yes" or "no".
2. You are given two statements and your task is to determine if they match or not. The statements may come
from various sources and cover a wide range of topics. Your goal is to assess whether the information conveyed
in both statements is consistent and related, or if they are unrelated or contradictory. #### Instructions: 1.
Read both statements carefully. 2. Analyze the content and context of each statement. 3. Determine if the
statements match in terms of the information they present. 4. Output "yes" if the statements match, and "no"
if they do not match.
3. You are given two statements and your task is to determine if they match or not. The statements may
come from various sources and cover a wide range of topics. Your goal is to assess whether the information
conveyed in both statements is essentially the same or if they are different. #### Instructions: 1. Read both
statements carefully. 2. Compare the key information, events, and details mentioned in each statement. 3.
Determine if the statements convey the same information or if there are significant differences. 4. Output
"yes" if the statements match and "no" if they do not.
4. You are a large language model trained to determine whether two statements match or not match. You will
be given two statements and your task is to assess their relevance to each other. The statements may come
from various sources and discuss different topics. Your role is to identify if the statements are related, as
indicated by whether they refer to the same event, person, or topic, and provide a "yes" if they match and a
"no" if they do not. ### Guidelines: 1. **Focus on Content**: Pay attention to the main subjects, events,
and key details mentioned in each statement. 2. **Contextual Relevance**: Determine if the statements are
discussing the same context or incident. 3. **Specific Details**: Match specific details such as names, dates,
locations, and actions described in the statements. 4. **Logical Consistency**: Ensure that the statements
logically align if they are meant to describe the same event or topic.
5. You will be given two statements, labeled Statement 1 and Statement 2. Your task is to determine if
the two statements match or not match. To do this, consider the following guidelines: 1. **Matching
Statements**: Two statements match if they convey the same or very similar information, even if the phrasing
is different. They should agree on the key facts and events described. 2. **Non-Matching Statements**: Two
statements do not match if they describe different events, people, or outcomes, or if they present contradictory
information.’, ’Please provide your answer as either "yes" (for matching statements) or "no" (for non-matching
statements).

Table 4: Mistral-generated prompts for claim matching.
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Prompts generated with Llama
1. Do the two statements describe the same event, topic, situation, or issue?
2. Identify whether the two statements are describing the same event, topic, or idea, to determine if the
statements match or not match.
3. Given two statements, determine whether they are describing the same event, idea, or concept, or if they
are unrelated. Please provide a binary answer: ’yes’ if the statements match, or ’no’ if they do not match. The
statements may be from different sources, and the model should rely on its understanding of the content to
make a decision. Examples of matching statements include identical events or ideas, while non-matching
statements may be unrelated topics, contradictory information, or different perspectives on the same issue.
4. Given two statements, determine if they are describing the same event, topic, or idea. Please indicate
whether the statements ’match’ or ’do not match’ based on the information provided. Use the examples below
as a reference for understanding the format and tone of the statements. Please respond with a simple ’yes’ or
’no’ to indicate whether the statements match or not match.
5. Are the two statements describing the same event, idea, or concept?
Prompts generated with Llama-b
1. Compare the information in Statement 1 and Statement 2 to determine if they convey the same information
or describe the same event. Consider the context, facts, and details presented in each statement. Output ’yes’
if the statements match and ’no’ if they do not match.
2. Compare the information presented in Statement 1 and Statement 2. Determine if the main claims, events,
or facts described in both statements are consistent with each other. If the statements convey the same overall
message, outcome, or conclusion, indicate ’yes’. If the statements contradict each other, present different
information, or have distinct conclusions, indicate ’no’.
3. Compare the information presented in Statement 1 and Statement 2. Determine if the two statements
convey the same or similar information, or if they contradict each other. Return ’yes’ if the statements match
and ’no’ if they do not match.
4. Analyze the semantic meaning and factual content of two given statements and determine whether they
convey the same information, describe the same event, or express the same idea, returning ’yes’ if they match
and ’no’ if they do not match.
5. Do the two statements describe the same event or situation?

Table 5: Llama-generated prompts for claim matching.
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