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Extracting Semantic Entity Triplets by Leveraging LLMs

Abstract

As Large Language Models (LLMs) become increasingly powerful and accessible, there is a rise in concerns
regarding the automatic generation of academic papers. Several instances of undeniable usage of LLMs
in reputable journals have been reported. Probably significantly more articles were partially or entirely
written by LLMs but have not yet been detected, posing a threat to the veracity of academic journals. The
current consensus among researchers is that detecting LLM-generated text is ineffective or easy to evade in
a general setting. Therefore, we explore an alternative approach, targeting the stochastic nature of LLMs by
extracting semantic entity triplets. Such triplets can be used to assess a text’s factual accuracy and filter
the publication corpus accordingly. However, such extraction is all but trivial, and prior approaches have
reported poor suitability of both LLMs and embedding-based methods. Here, we show that these issues can
be alleviated by few-shot prompting on recent LLMs, notably the Meta-Llama-3-8B-Instruct. We show
that extracted triplets are more specific, and hallucinations are undetectable in our setting.

1 Introduction

In 2023, Generative Large Language Models (LLMs) took the world by storm with their capability of
generating complex, consistent natural language text from a short prompt. Their wide availability has led
to the emergence of LLM-generated text in many disciplines, including the scientific community. When
searching Google Scholar for the phrases "As of my last knowledge update" and "As an AI language
model", one can retrieve hundreds of papers with AI-generated content (Maiberg, 2024).

This problem will likely only become more severe due to the increasing power and accessibility of
LLMs. Unfortunately, this problem cannot be trivially mitigated by detecting LLM-generated texts.
The current research consensus is that LLM detectors do not achieve a satisfying performance and are
susceptible to widespread evasion techniques (Henrique et al., 2023; Chen and Shu, 2023). Therefore, we
focus instead on using semantic entity triplets to assess factual consistency between and within papers.
As LLMs are stochastic text generators, hallucinations in long texts are a persistent problem, and the
generated output regularly contains counterfactual components (Li et al., 2024).

Sternfeld et al. (2024) took a first step in this direction by extracting triplets through spaCy, building on
the work of Würsch et al. (2023). The limitation of this method is that the extracted triplets are too general,
to the point of being domain-agnostic. We improve upon this method by leveraging recently released
LLMs for triplet extraction and successfully extracting more specific triplets. The code, annotated data,
few-shot examples, and parameter settings are available in a public repository 1.

2 Data and methodology

To fine-tune the LLMs for triplet entity extraction, we compose a training dataset based on the paper A
Survey of Large Language Models (Zhao et al., 2023). In total, we manually annotated 547 triplets in
100 paragraphs. To evaluate the performance of the fine-tuned LLMs, we use a holdout set of 20% of the
annotated paragraphs. Furthermore, we consider the performance of the best-performing LLM on a larger
dataset: the arXiv papers from the categories cs.AI, cs.CL and cs.LG in December 2023. We choose
these categories as we have in-house expertise in this domain.

We fine-tune pre-trained LLMs with a small domain-specific dataset using parameter-efficient
fine-tuning (PEFT). Specifically, we use Low-Rank Adaptation of Large Language Models (LoRA)
(Hu et al., 2021). We consider three state-of-the-art LLMs: Mistral-7B-Instruct-v0.2,
Meta-Llama-3-8B-Instruct and Starling-LM-7B-beta (Jiang et al., 2023; Zhu et al., 2023). We
do not consider larger LLMs, as we require a scalable triplet extraction method with limited resources.

3 Results

Table 1 shows that the spaCy-based extraction method retrieves, on average, 3.9 triplets per paragraph
of the reference text. In contrast, on average, the LLMs extract up to 10 triplets per paragraph. When

1https://github.com/fully-anonymized-submission/triplet-extraction-llms/tree/main

https://github.com/fully-anonymized-submission/triplet-extraction-llms/tree/main


Table 1: Results from the test set of the manually annotated paragraphs.

Avg. number
of triplets

Percentage with
correct format

Percentage inconsistent
with Levenshtein 2

Percentage inconsistent
with Levenshtein 3

Avg. time / line
(s)

Annotated triplets 8.1 100% 7.2% 2.6% -
spaCy extraction 3.9 100% 0% 0% 0.013
Starling - base - 0% - - 0.206
Mistral - base - 0% - - 0.221
Llama - base 4.0 10% 0% 0% 0.097
Starling - base + few-shot 7.6 100% 13.2% 4.6% 0.217
Mistral - base + few-shot 3.1 60% 28% 16% 0.243
Llama - base + few-shot 8.9 100% 7.9% 0.6% 0.104
Starling - fine-tuned + few-shot 6.3 100% 40.8% 24.8% 0.220
Mistral - fine-tuned + few-shot 9.9 75% 50.4% 41.1% 0.244
Llama - fine-tuned + few-shot 7.8 30% 29.8% 21.3% 0.102

Figure 1: Entropy of the subjects and objects for CS papers December 2023.

considering the format of the extracted triplets, the results show that few-shot prompting is essential to
obtain correctly formatted results. Furthermore, fine-tuning the LLM degrades the percentage of correctly
formatted generations for Mistral and Llama. We hypothesize this is due to them being extensively
fine-tuned and being on a Pareto frontier, right before degeneration kicks in (Bai et al., 2022).

To assess whether the LLMs hallucinate, we investigate whether the subjects and objects from the
triplets are present in the original text. We consider the Levenshtein distance, which is defined as the
number of single-character edits to change one word into the other. Table 1 shows that even in the
human-annotated triplets there are inconsistencies, manual inspection shows that these instances are
caused by the stemming of verbs or nouns. Among the LLMs with 100% correct formatting, we find that
Llama-3-8B has the least instances of inconsistencies, at the same level as human annotations. Therefore,
we choose Llama-3-8B for the extraction of triplets.

We conclude by assessing the specificity of the extracted nouns through the inter-categorical word
entropy based on all arXiv papers from October, November, and December 2023. Figure 1 shows that
the triplets extracted by Llama-3 have a lower entropy, indicating that the subject and object are more
category-specific and thus carry more information.

4 Conclusion

This study considers using fine-tuned LLMs to extract semantic entity triplets. We are able to extract
a relatively large number of high-quality triplets by leveraging Meta-Llama-3-8B-Instruct. We find
that the entropy of the words in the triplets is lower compared to the triplets extracted through spaCy.
Moreover, we extract more than twice as many triplets using Llama.

Given that informative semantic triplets extraction has until now been the limiting step in logical
consistency analysis for scientific texts, our findings open the direct path toward systematic assessment of
factual consistency within and between scientific papers.
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