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Abstract—Relation Extraction (RE) is a core task in infor-
mation extraction. Although existing approaches have achieved
substantial progress in modeling explicit relations, their perfor-
mance remains limited when confronted with implicit relations
that require contextual reasoning or commonsense knowledge,
particularly in complex scenarios involving multiple entities and
multiple relations. To address this challenge, this paper pro-
poses Implicit Relation Extraction with Large Language Mod-
els (IMP-RELLM). The proposed approach explicitly intro-
duces implicit information generated by Large Language Mod-
els (LLMs) to enhance the model’s ability to capture deep se-
mantic representations and latent relational patterns in text.
Specifically, IMP-RELLM adopts an instruction fine-tuning
paradigm that organizes task descriptions, predefined relation
sets, implicit information, and the original context into a unified
structured prompt, guiding the model to attend to semantically
valid entity relations that are not explicitly expressed in the text
during generation. To reduce training costs and improve scala-
bility, parameter-efficient fine-tuning is employed to adapt mul-
tiple mainstream LLMs. Extensive experiments demonstrate
that the proposed method substantially outperforms baseline
models without implicit information on implicit relation extrac-
tion tasks, achieving consistent improvements in both F1 score
and recall. The advantages are particularly pronounced in high
relational complexity settings and pure implicit relation scenar-
ios, highlighting the critical role of implicit information aug-
mentation in enhancing the reasoning capability and relational
coverage of LLMs. Our code is available at
https://github.com/I1P408/IMP-RELLM.

Index Terms—implicit relation extraction, large language
model, prompt augmentation

I. INTRODUCTION

Entity—relation extraction aims to identify entities and
their semantic relations from unstructured text and serves as a
fundamental component for constructing structured
knowledge representations. It plays a critical role in a wide
range of applications, including knowledge graph (KG) con-
struction, information retrieval, and question answering sys-
tems. With the advancement of deep learning (DL) techniques,
substantial progress has been achieved in modeling explicit
semantic relations. However, accurately identifying implicit
relations in complex contexts remains a significant chal-
lenge[1].

In natural language corpora, relations between entities are
not always explicitly expressed through surface linguistic pat-
terns. A large proportion of semantic associations can only be
correctly identified through contextual reasoning, com-
monsense completion, or cross-sentence understanding. Such
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Fig. 1. LLM-Enhanced Implicit Relation Extraction Example.

implicit relations are often characterized by dispersed ex-
presss weak semantic explicitness, and obscured reasoning
paths, which makes them difficult to capture using traditional
methods that rely on explicit features or localized contextual
modeling.

Existing relation extraction methods primarily focus on
structural modeling and representation learning, aiming to
capture dependencies between entities and relations through
various encoding and interaction mechanisms. However,
these approaches typically rely on the implicit assumption that
relational cues can be directly learned from the surface repre-
sentations of the original text. As a result, semantic infor-
mation that is not explicitly expressed in the text is often in-
sufficiently modeled. This assumption becomes particularly
problematic in scenarios involving multiple entities and mul-
tiple relations, leading to systematic omissions of implicit re-
lations.

In recent years, LLMs have shown strong capabilities in
language understanding and reasoning, offering new opportu-
nities for relation extraction. Compared with traditional mod-
els, LLMs can leverage broader contextual information and
commonsense knowledge for inference[2]. However, directly
applying LLMs to relation extraction still faces challenges, in-
cluding sensitivity to prompt design and the lack of explicit
modeling of intermediate reasoning for implicit relations. As
illustrated in Fig. 1, traditional methods can only extract the
explicit relation (A, Founder Of, B) from the sentence “The
founder B of Company A works in City C,” while failing to
infer the implicit relation (A, Headquartered In, C). In contrast,
by incorporating LLM-based context augmentation, the pro-
posed approach effectively recovers the missing relation and
constructs a more complete knowledge graph.

To address the aforementioned challenges, this paper in-
vestigates implicit relation extraction from the perspective of
explicit reasoning information modeling and proposes an
LLM-based framework for implicit relation extraction. The
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Fig. 2. The overall architecture of IMP-RELLM for relation extraction.

proposed framework explicitly generates latent semantic in-
formation relevant to relational reasoning and incorporates
it as auxiliary context into the extraction process. In this way,
the model is guided to perform relation prediction within a
structured generation space constrained by a predefined re-
lation schema.

The main contributions of this work are summarized as
follows:

o The key challenges of implicit relation extraction are
analyzed from a reasoning modeling perspective, re-
formulating implicit relation identification as a prob-
lem of reasoning context augmentation.

e An explicit implicit information generation and in-
jection mechanism is proposed to provide LLMs
with richer contextual support for relation reasoning.

e A unified generative relation extraction framework
is developed to handle multi-entity and multi-rela-
tion scenarios, and its effectiveness on implicit rela-
tion extraction tasks is empirically validated.

II. RELATED WORK

A. Relation Extraction Under Explicit and Generative
Modeling Paradigms

Relation extraction has long focused on identifying se-
mantic associations between entities in text. Early ap-
proaches primarily relied on handcrafted features combined
with conventional classification models to determine rela-
tions between entity pairs [3]. With the advancement of
deep learning, neural network—based methods have
achieved substantial progress by automatically learning
contextual representations for relation extraction
[51,[6],[71,[8],[9]. These approaches typically adopt se-
quence modeling or attention mechanisms to predict rela-
tions from explicit textual representations and demonstrate
stable performance in explicit relation identification scenar-
ios.

To further enhance the modeling of complex semantic
structures, some studies incorporate syntactic dependency
information or graph-structured representations, using
graph neural networks to aggregate contextual features
across entities [10],[11],[12]. In addition, to mitigate error
propagation between entity recognition and relation predic-
tion, joint extraction strategies have been proposed, which
simultaneously model entities and relations within a unified
framework [4],[13],[14]. Although these methods exhibit
advantages in multi-relation settings, their inference pro-
cesses largely rely on observable textual cues, resulting in
limited capability for modeling implicit relations.

In recent years, generative relation extraction ap-
proaches have attracted increasing attention. These methods
reformulate relation extraction as a text generation problem,
thereby improving flexibility in scenarios involving multi-
ple triplet outputs [15],[19]. Despite their advantages in
structural modeling, generative paradigms are often sensi-
tive to input formulations and lack explicit modeling of la-
tent reasoning information. Consequently, they still suffer
from instability and insufficient coverage in implicit relation
extraction scenarios.

B. Large Language Model-Driven Relation Extraction
and Reasoning Augmentation

With the significant advances of LLMs in language un-
derstanding and reasoning, recent studies have begun to ex-
plore their application to relation extraction. Existing ap-
proaches typically employ prompt-based learning, in-con-
text examples, or parameter-efficient fine-tuning to guide
LLMs toward generating structured relation outputs
[16],[17],[18],[19]. Compared to conventional models,
LLMs exhibit stronger generalization capabilities in com-
plex contexts and low-resource settings.

To further enhance reasoning performance, some studies
introduce chain-of-thought reasoning, external knowledge
augmentation, or retrieval-augmented mechanisms to guide
models toward more coherent predictions
[20],[21],[22],[23],[24]. However, in most of these ap-



proaches, the reasoning process remains implicitly embed-
ded within the model and is not explicitly integrated into the
relation extraction pipeline. As a result, generating stable
and accurate multi-relation predictions within a constrained
relation space remains challenging.

III. CONCEPTUAL FRAMEWORK

A. Overview

Implicit relation extraction focuses on identifying se-
mantic relations between entity pairs that are not explicitly
stated in the surface text but can be inferred through contex-
tual evidence or commonsense reasoning. Given an input
text segment C containing multiple entities, the objective is
to predict the complete set of entity—relation—entity triplets,
which is formally defined as:

T= {(Sin Tis Oi)}]{\,{zl} (1)

where s; and o; denote the subject and object entities, re-
spectively, r;ER represents a relation type selected from a
predefined relation set R, and N indicates the total number
of extracted triplets.

The IMP-RELLM is shown in Fig. 2 and consists of:(1)
an Implicit Information Generation Module, which derives
latent semantic cues relevant to relation reasoning from the
original text. (2) a Prompt-Augmented Relation Extraction
Module, which explicitly injects the generated implicit in-
formation together with task-level instructions into the LLM
input. and (3) a Generative Relation Prediction Module,
which produces structured entity—relation—entity triplets un-
der the enhanced contextual conditions.

B. Implicit Information Generation

The GPT-3.5-turbo-0301 model, endowed with exten-
sive commonsense knowledge acquired from large-scale
text corpora, demonstrates strong capability in semantic
parsing and understanding. Therefore, the GPT-3.5-turbo-
0301 model is utilized via the OpenAl API, and task-spe-
cific prompt templates are designed to guide the LLM to un-
cover implicit knowledge that is not explicitly expressed in
the input text. The generated implicit information is denoted
asp,, - This information is dynamically integrated into the

prompts for implicit relation extraction, thereby providing
more precise contextual support for entity—relation extrac-

tion.
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In this section, a dedicated instruction schema is de-
signed for implicit information generation, denoted as
E = {D, O, C}, where D represents the task description, O
denotes the option tokens consisting of a predefined list of
entity types, and C corresponds to the input text tokens. The

prompt template for implicit information generation is illus-
trated in Fig. 3.

C. Prompt-Augmented Relation Extraction

After generating implicit information, IMP-RELLM ex-
plicitly integrates it into the relation extraction process via a
prompt enhancement mechanism. To further improve task
adaptability while maintaining parameter efficiency,
LoRA[25] is employed to fine-tune the backbone LLM,
such as LLaMA or Vicuna. The model input consists of
three components: the task-level instruction prompt, the
generated implicit information, and the original text.

The task-level instruction prompt specifies the descrip-
tion of the relation extraction task, provides a predefined set
of relation classes R, and enforces output format constraints.
These components are concatenated to form the complete
model input, which can be expressed as:

P= [pins;pimp (2)
Input = [P; C] 3)

where p. denotes the task-level instruction prompt, P de-
notes the prompt text, and [; ] indicates the concatenation
operation.

Under this formulation, the Large Language Model is
constrained to perform structured generation within the pre-
defined relation space and explicitly leverages the injected
implicit information during semantic reasoning. This design
effectively reduces the risk of missing implicit relations.

D. Generative Relation Prediction

In the generative relation prediction layer, the model
produces a sequence of relation triplets Y conditioned on the
input context C and prompt P. The generated output se-
quence is defined as

Y=[yl,y2, ...,yT] 4)

where T denotes the sequence length in tokens and y, de-
notes the token generated at time step ¢. The conditional
probability of the output sequence is factorized in an auto-
regressive manner as

T
P nput) = | | PO, 1y It (%)
=1

where y_, represents the previously generated tokens before
position ¢. This generative formulation naturally supports
predicting a variable number of relation triplets, making it
suitable for texts containing multiple entities and complex
relational structures. The generated sequence is subse-
quently parsed into a set of structured entity—relation—entity
triplets, which constitutes the final prediction.

To reduce computational and storage overhead while
maintaining strong performance, LoRA is employed for pa-
rameter-efficient fine-tuning of the backbone Large Lan-
guage Model. For a linear transformation with a pretrained
weight matrix W,, LoRA introduces a trainable low-rank
update AW such that

W=Wy+ AW (6)
AW = BA @)



where W € R¥* denotes the adapted weight matrix,
W,eR?* denotes the frozen pretrained weight matrix, and
AW € R¥* denotes the parameter update. BER™" and

A€ER"¥ are trainable low-rank parameter matrices, and r is
the rank hyperparameter satisfying »<<d. This decomposi-
tion factorizes the original high-dimensional update into
two low-dimensional matrices, Specifically, matrix 4 is in-
itialized with a Gaussian distribution, while matrix B is ini-
tialized as a zero matrix. This design substantially reduces
the number of trainable parameters while preserving the ex-
pressive capacity of the model.

To enable text-to-text generation by updating only spe-
cific model parameters, the LoORA method is employed to
fine-tune the LLM on the target dataset. During fine-tuning,
the LLM is trained using its built-in loss func-
tion:

L=-XL,log P(y, | y.,, Input) 8

IV. EXPERIMENT

A. Experimental Setup

To evaluate the effectiveness of IMP-RELLM, experi-
ments are conducted on two widely used benchmark da-
tasets, NYT [26] and WebNLG [27]. Since this work fo-
cuses on implicit relation extraction, only samples in which
implicit triplets account for more than 60% of all annotated
relations are selected for evaluation. This filtering strategy
enables a more accurate assessment of model performance
under implicit relation scenarios.

Parameter-efficient fine-tuning is adopted to train mul-
tiple mainstream LLMs, including LLaMA2-7B [28],
LLaMA2-13B [28], LLaMA3-8B [29], Vicuna-7B [30],
and Vicuna-13B [30]. During fine-tuning, LoRA is em-
ployed to reduce the number of trainable parameters. The
corresponding hyperparameter settings are reported in
TABLE 1.

All experiments are conducted on a CentOS Linux 8.2
environment using Python 3.9 and PyTorch 2.3.1. Training
and evaluation are performed on eight NVIDIA A40 GPUs,
each equipped with 48 GB of memory.

TABLE L.
LLM PARAMETERS
Hyperparameters Settings
Learning Rate 3e-5
Batch size 6
LLMs
Epoch 30
Weight Decay 0.001
LoRA Alpha 32
LoRA LoRA Dropout 0.05
r 8

B. Performance Comparison Across Different LLM Back-
bones

TABLE II reports the performance of IMP-RELLM on
the NYT and WebNLG datasets when different LLMs are
used as backbone models. Precision, Recall, and F1 score
are adopted as evaluation metrics.

As shown in TABLE II, several observations can be
made: (1) Models with larger parameter scales consistently

achieve superior performance on both datasets, confirming
a positive correlation between model size and performance.
(2) Vicuna-13B attains the highest F1 scores on both NYT
and WebNLG, demonstrating a more balanced trade-off be-
tween precision and recall. In contrast, LLaMA2-13B yields
slightly inferior results under the same parameter scale, in-
dicating that pre-training strategies and data distributions
also play a crucial role in implicit RE performance. (3)
LLaMA3-8B exhibits relatively high recall but lower preci-
sion on the NYT dataset. Its performance degradation is
more pronounced on WebNLG, suggesting limited general-
ization capability in more complex relational settings.

TABLE II.
EXPERIMENT ON COMPARING THE PERFORMANCE OF DIFFERENT LLMS
IN EXTRACTING IMPLICIT RELATIONS

NYT WebNLG
Prec(%) Rec(%) F1(%) Prec(%) Rec(%) F1(%)
IMP-RELLM(LIama2-7B)  79.16 92.77 85.42 68.96 80.67 74.36
IMP-RELLM(LIama2-13B)  80.87 93.19 86.60 68.25 83.09 74.94
IMP-RELLM(LIama3-8B)  72.01 92.81 81.09 68.89 74.74 71.7
IMP-RELLM(Vicuna-7B) 80.3 92.89 86.13 63.41 78.4 70.11
IMP-RELLM(Vicuna-13B)  81.43 94.37 87.43 69.61 81.33 75.01

Model

C. Ablation Study

To examine the contribution of the implicit information
module in IMP-RELLM, TABLE III presents an ablation
study comparing three settings: the full model configuration,
a variant without implicit information (w/o II), and a variant
without any fine-tuning (w/o all).

TABLE IIL
RESULTS OF ABLATION EXPERIMENT

NYT WebNLG
Prec(%) Rec(%) F1(%) Prec(%) Rec(%) F1(%)
IMP-RELLM(Llama2-7B)  79.16 92.77 85.42 68.96 80.67 74.36

Model

w/o Il 72.29 86.34 78.69 61.03 76.94 68.07
w/o all 64.12 49.97 56.16 56.05 57.90 56.96
IMP-RELLM(Llama2-13B)  80.87 93.19 86.60 68.25 83.09 74.94
w/o Il 74.13 88.89 80.84 58.46 77.59 66.68
w/o all 64.82 46.58 54.21 55.09 62.88 58.73
IMP-RELLM(LIama3-8B) ~ 72.01 92.81 81.09 68.89 74.74 71.70
w/o Il 67.97 86.10 75.97 61.06 71.96 66.06
w/o all 46.29 29.70 36.18 48.85 40.48 44.27
IMP-RELLM(Vicuna-7B) ~ 80.30 92.89 86.13 63.41 78.40 70.11
w/o Il 69.29 88.97 77.91 55.28 73.21 62.99
w/o all 61.22 53.46 57.08 46.91 49.48 48.16
IMP-RELLM(Vicuna-13B)  81.43 94.37 87.43 69.61 81.33 75.01
w/o ll 65.52 87.26 74.84 59.41 79.06 67.84
w/o all 44.57 32.24 37.41 54.87 61.86 58.15

The results show that incorporating implicit information
consistently leads to substantial improvements in F1 score
across all models and datasets. Compared to models fine-
tuned with only basic prompts, the inclusion of implicit in-
formation yields particularly notable gains in recall, indicat-
ing that implicit information effectively assists the model in
identifying latent relations that are not explicitly expressed
in the text.



Moreover, when the fine-tuning process is completely
removed (w/o all), performance drops significantly, demon-
strating that parameter-efficient fine-tuning remains essen-
tial for implicit relation extraction. These ablation results
validate the effectiveness and complementarity of the indi-
vidual components within the IMP-RELLM framework.

D. Performance Under Different Relation Complexities

To further analyze the impact of implicit information un-
der varying relational complexities, the NYT dataset is par-
titioned according to the number of triplets contained in
each text instance. Vicuna-13B is selected as the representa-
tive backbone model for this analysis. The results are re-
ported in TABLE IV and illustrated in Fig. 4.

datasets using different LLM backbones. In this study, all
entity—relation triplets in the text that are identified by the
LLM as implicitly expressed are collectively referred to as
purely implicit triplets.

TABLE V.
EXPERIMENT ON COMPARING THE PERFORMANCE OF DIFFERENT LLMS
IN RECOGNIZING PURELY IMPLICIT TRIPLES

TABLE IV.
COMPARISON EXPERIMENTS UNDER DIFFERENT RELATION
COMPLEXITIES
Model Number of Triples Prec(%) Recall(%) F1(%)
Triple 1~2 45.24 38.59 41.65
vicuna-13B w/o Il Triple 3~4 47.04 20.27 28.33
Triple 25 50.00 15.22 23.33
Triple 1~2 91.00 89.70 90.34
vicuna-13B w/IlI Triple 3~4 93.82 71.41 81.09
Triple 25 90.54 48.55 63.21

NYT WebNLG

Model Prec(%) Rec(%) F1(%) Prec(%) Rec(%) F1(%)
llama2-7Bw/o Il 54.58 60.55 57.41 5469 61.05 57.70
llama2-7Bw/ 1l 82.40 90.59 86.30 65.53 64.97 65.25
llama2-13Bw/o Il 41.24 45.65 43.33 53.69 66.24 59.31
llama2-13Bw/ Il 7872 86.37 8237 68.70 72.70 70.64
llama3-8Bw/oll 36.01 35.66 35.84 46.71 4138 43.88
llama3-8Bw/Il  79.58 8298 81.25 60.29 48.04 53.47
vicuna-7Bw/o Il 36.85 49.10 42.13 4542 5249 48.70
vicuna-7B w/ Il 70.52 7495 72.67 58.00 61.38 59.64
vicuna-13Bw/o Il 46.10 41.56 43.71 52,65 64.23 57.86
vicuna-13Bw/I1l  83.93 79.56 81.69 69.95 71.21 70.57

The results indicate that, for purely implicit triplets, the
incorporation of implicit information significantly improves

The results show that as relational complexity increases,
models without implicit information exhibit a clear perfor-
mance bottleneck in F1 score when the number of triplets is
greater than or equal to five. In contrast, models augmented
with implicit information maintain relatively high recall in
high-complexity scenarios, suggesting that implicit infor-
mation enables the model to more effectively capture latent
relations and patterns, thereby improving recall.
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Fig. 4. Comparison of LLM utilizing implicit information under different
relationship complexity conditions

The visualization in Fig. 4 further demonstrates that,
across different levels of relational complexity, models in-
corporating implicit information consistently outperform
those using only basic prompts in terms of F1 score, and this
advantage becomes more pronounced as relational com-
plexity increases.

E. Analysis of Pure Implicit Triplet Recognition

To further evaluate model performance in purely im-
plicit relation scenarios, TABLE V reports the recognition
results of pure implicit triplets on the NYT and WebNLG

model performance. Across multiple LLMs, introducing
implicit information yields a minimum F1 improvement of
28.89% on NYT and 7.55% on WebNLG. Models aug-
mented with implicit information generally achieve higher
recall, indicating more comprehensive identification of la-
tent relations.
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Fig. 5. Effects of different LLMs on the extraction of pure implicit con-
dition

Fig. 5 provides a visualization in the precision—recall
space that further corroborates these observations. Models
with implicit information augmentation are consistently dis-
tributed in regions with higher F1 iso-contours, demonstrat-
ing stronger coverage capability in pure implicit relation ex-
traction tasks.

V. CONCLUSION

This paper addresses the limitations of existing entity re-
lation extraction approaches in modeling implicit relations
and proposes IMP-RELLM, a LLM—-based method for im-
plicit relation extraction. By explicitly incorporating im-
plicit information generated by LLMs, the proposed ap-
proach effectively compensates for the insufficiency of con-
textual and commonsense information in the original text,



thereby enhancing the model’s ability to understand and rea-
son about latent entity relations in complex contexts.
Through parameter-efficient fine-tuning, IMP-RELLM
achieves substantial performance gains while significantly
reducing training and deployment costs, demonstrating
strong scalability and practical applicability. Experimental
results on the NYT and WebNLG datasets show that IMP-
RELLM consistently outperforms baseline methods that do
not incorporate implicit information on implicit relation ex-
traction tasks, with particularly robust performance in sce-
narios involving multiple entities, multiple relations, and
purely implicit relations.
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