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Abstract

Recent advances in Relation Extraction (RE)
emphasize Zero-Shot methodologies, aiming
to recognize unseen relations between entities
with no annotated data. Although Large Lan-
guage Models (LLMs) have demonstrated out-
standing performance in many NLP tasks, their
performance in Zero-Shot RE (ZSRE) without
entity type constraints still lags behind Small
Language Models (SLMs). LLM-based ZSRE
often involves manual interventions and signifi-
cant computational overhead, especially when
scaling to large-scale multi-choice data.

To this end, we introduce RE-GAR-AD, which
not only leverages the generative capabil-
ity of LLMs but also utilizes their represen-
tational power without tuning LLMs. We
redefine LLM-based ZSRE as a retrieval
challenge, utilizing a Generation-Augmented
Retrieval framework coupled with a retrieval
ADjuster. Specifically, our approach guides
LLMs through crafted prompts to distill sen-
tence semantics and enrich relation labels. We
encode sentences and relation labels using
LLMs and match their embeddings in a triplet
fashion. This retrieval technique significantly
reduces token input requirements. Additionally,
to further optimize embeddings, we propose a
plug-in retrieval adjuster with only 2M param-
eters, which allows rapid fine-tuning without
accessing LLMs’ parameters. Our LLM-based
model demonstrates comparable performance
on multiple benchmarks.'

1 Introduction

Relation Extraction (RE) aims to select the relation
from a predefined set for two target entities in a
given sentence. Traditional supervised RE methods
(Wu and He, 2019; Zheng et al., 2021) demand
significant annotated data and struggle to handle

!Code is available at https:/github.com/lizehan1999/RE-
GAR-AD.
* Corresponding author.
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Figure 1: Comparison between (a) QA4RE (Zhang et al.,
2023), (b) SUMASK (Li et al., 2023), and (c) our approach.

unseen relations effectively. Recently, there has
been a growing interest in Few-Shot RE (FSRE)
(Yang et al., 2020) and Zero-Shot RE (ZSRE) (Levy
et al., 2017; Gong and Eldardiry, 2021), which have
limited or no labeled data for novel relations.

Existing research on ZSRE typically involves
fine-tuning Small Language Models (SLMs) 2 on
predicting unseen relations (Zhao et al., 2023a; Li
et al., 2024c). Large Language Models (LLMs)
have demonstrated impressive performance in vari-
ous downstream natural language processing (NLP)
tasks (Zhao et al., 2023b), leveraging techniques
such as In-Context Learning (ICL) (Ma et al.,
2023c) and Chain of Thought (CoT) (Ma et al.,
2023a) to address FSRE. Recently, LLM-based
ZSRE studies have also made significant progress.
QA4RE (Zhang et al., 2023) redefines ZSRE as
a Question Answering (QA) task and manually
construct templates for relation labels. It requires
token inputs at the n x r level for n input sentences
and r candidate relations (Figure 1 (a)). However,
the inherent selection bias of LLMs may result in
poor robustness (Zheng et al., 2024). SUMASK
(Li et al., 2023) determines relations by calculating

2We define SLMs as language models with less than 1B
parameters that can be easily fine-tuned (Ma et al., 2023c).
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uncertainty across k responses of LLMs. The re-
cursive input leads to a significant n x k x 7 token
input overhead (Figure 1 (b)), restricting its scala-
bility on large-scale data. Therefore, making ZSRE
more efficient and accurate while benefiting from
LLMs is a key concern for the current system.

In this work, we explore new possibilities for
LLM-based ZSRE and propose the RE-GAR-AD
framework, which is based on the Generation-
Augmented Retrieval (GAR) paradigm and incor-
porates a retrieval ADjuster. Considering the poten-
tial of LLMs as encoders for obtaining embeddings
(BehnamGhader et al., 2024), we rethink and re-
define LLM-based ZSRE as an embedding-based
retrieval problem. We input generation-augmented
sentences and relation labels separately to LLMs
to obtain their embeddings and conduct sentence
and relation retrieval through matching scores. All
candidate relation labels only need to be input once
and kept fixed, requiring only token inputs at n 4 r
level as shown in Figure 1 (c). This not only re-
duces the inference cost of large-scale multi-choice
ZSRE data for LLMs but also demonstrates perfor-
mance comparable to that of existing methods.

Specifically, we leverage the generation capabil-
ity of LLMs to improve retrieval efficiency. Con-
sidering that a sentence may contain more than
one relation pattern, we distill valuable information
for RE from sentences using Sentence Distillation
Prompt, which includes the types of two target
entities and their possible semantic relation. Ad-
ditionally, we guide LLMs to utilize their internal
general knowledge to generate deep information
about relation labels through the Relation Enrich-
ment Prompt, which explores possible entity types
relevant to the relation. We then use LLMs to en-
code and obtain embeddings of sentences and re-
lation labels, and achieve more accurate relation
retrieval through Triplet-based Retrieval. Further-
more, SLMs-based ZSRE fine-tuning typically in-
volves learning prior knowledge from seen data,
which may be computationally expensive for LLMs
and impractical for API-based LLMs (Yoon et al.,
2023; Li et al., 2024b). Therefore, we carefully
design a plug-in Retrieval Adjuster for the frame-
work. It aims to learn the ability to align sentence
and relation label representations from seen data,
and further adjust and optimize the embeddings of
unseen data without accessing the full parameters
of LLMs, thereby improving retrieval efficiency.
Our contributions are summarized as follows:

* We redefine LLM-based ZSRE as a re-
trieval task and propose a novel Generation-
Augmented Retrieval (GAR) framework, sig-
nificantly reducing the token inputs while en-
suring accuracy.

* We carefully design two prompts further to
process the semantics of sentences and re-
lation labels using the generative ability of
LLMs, improving retrieval efficiency.

* We introduce a retrieval adjuster plugin for
the GAR framework, with only 2M parame-
ters, which can enhance retrieval performance
without accessing the parameters of LLMs.

* Experimental results show that RE-GAR-AD
achieves competitive performance across five
ZSRE benchmark datasets. Without involv-
ing fine-tuning, our approach outperforms the
state-of-the-art LLM-based method by 6.93.

2 Related Work

2.1 LLMs for Language Representation

Large Language Models (LLMs) are typically
trained on large corpora and have demonstrated
advanced performance across many downstream
NLP tasks (Zhao et al., 2023b). For tasks such
as retrieval and clustering that require sentence
embeddings, a common approach involves lever-
aging the representation of the end-of-sequence
token of LLMs as sentence embeddings (Ma et al.,
2023b). Considering that causal attention might
limit the representation capability of decoder-only
LLMs, recent works introduce bidirectional atten-
tion (Muennighoff et al., 2024) and echo mech-
anisms (Springer et al., 2024) to overcome limi-
tations. These works demonstrate that generative
LLMs are also proficient at language representation
(Wang et al., 2023), and any robust decoder-only
LLMs can produce universal text embeddings with
minor adaptation (BehnamGhader et al., 2024).

2.2 LLMs for Relation Extraction

The existing work on LLM-based RE can be cate-
gorized into three paradigms: Tuning-based meth-
ods involve fine-tuning LLLMs with accessible pa-
rameters (Kim et al., 2023; Sun et al., 2024). Re-
cent works adapt LLMs to RE tasks through an-
notation guidelines (Sainz et al., 2024) or tab-
ular prompting (Li et al., 2024a). ICL-based
methods facilitate In-Context Learning (ICL) (Min
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Sentence Distillation Prompt

Provide a summary of the relation between head entity "Julian Bond" and tail
entity "Atlanta" in one sentence. Make sure that these are the only two entities
in this sentence, and the head entity is in front of the tail entity. Give the entity
types of the head entity and tail entity, and finally present them in JSON.
Desired format:

{"relation_sentence":"","head_type":"","tail_type":""}

Text: """ By December 1963 King was back at SNCC headquarters in
Atlanta, running its communications program under Julian Bond. """

Dataset

Please provide all possible types of head entity and tail entity for relation, and
finally present them in JSON. Desired format:

{“relation": "", "head_types":[], "tail_types":[]}
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Figure 2: An overview of the proposed RE-GAR-AD framework. It consists of three key components: (1) Generation-
Augmented Embeddings, where Generative LLMs distill semantic information from sentences and relation descriptions using
two prompts; (2) Retrieval Adjuster, which calibrates embeddings using relation patterns learned from seen data; and (3)
Triplet-based Retrieval, where embedding triplets are matched to infer the final relation label.

et al., 2022) by observing demonstrations within
prompts without updating the LLMs parameters,
which is applied in FSRE. They use the Retrieval-
Augmented Generation (RAG) paradigm (Rubin
et al., 2022) to retrieve suitable demonstrations,
which may include quality analysis (Wan et al.,
2023) or logical reasoning (Ma et al., 2023c).
Instruction-based methods execute tasks through
explicit instructions such as multiple-choice QA
(Zhang et al., 2023) or uncertainty estimation (Li
et al., 2023) without demonstrations, making them
applicable to ZSRE.

A common limitation of the above methods is
the increase in candidate relations along with a
large number of token inputs, which consumes time
and resources in large-scale ZSRE. Additionally,
post-processing may be required to address out-
put format issues. To address these challenges,
we propose a novel LLLM-based paradigm called
Generative-Augmented Retrieval (GAR). Unlike
RAG, GAR directly identifies relations through re-
trieval, fundamentally avoiding format issues and
reducing computational costs by separately mod-
eling sentences and relations. Furthermore, we
devise a retrieval adjuster that can be plugged into
LLMs to further improve ZSRE performance.

3 Methodology

3.1 Problem Formulation

Given a predefined set of seen relations R and
unseen relations R,, with no overlap between
them. Given seen data D, and unseen data D,,.
The ZSRE’s objective is to predict r, € R,

between the head entity e' and the tail entity
e? in the input sentence x, for unseen instance
I, = (wy,el,e?) € D, Before prediction,
learning can be conducted from seen instances
Iy = (zs,el,e2rs) € Ds,rs € R, and the
knowledge can be transferred to predict.

3.2 Overview of RE-GAR-AD

The proposed RE-GAR-AD framework, which re-
defines LLM-based ZSRE as an embedding-based
retrieval problem, consists of three modules as
shown in Figure 2:

(1) Generation-Augmented Embeddings in-
volves the use of Generative LLMs to distill and en-
rich sentences and relation labels through two care-
fully designed prompts. These are then encoded
by Embedding LLMs to obtain fixed-dimensional
embedding triplets. (2) Retrieval Adjuster learns
from the relation patterns of the seen dataset Dy
and is used to adjust the embedding triplets corre-
sponding to the unseen sentences and relations,
thereby improving retrieval performance. It is
worth noting that we use the same data process-
ing method in the testing phase as in the training
phase, applying both Generation Augmentation and
Retrieval Adjustment. (3) Through Triplet-based
Retrieval, the adjusted sentence embedding triplets
are matched with the adjusted relation embedding
triplets, and the highest scoring relation is chosen
as the final relation.

3.3 Generation-Augmented Embeddings

Sentence Distillation Prompt. To distill crucial
content for RE from sentences with redundant infor-
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mation, we propose a Sentence Distillation Prompt
comprising three carefully crafted instructions. For
a given input sentence x,, with two target entities
el e?, the Relation Summarization instruction re-
quires LLMs to encapsulate the semantic relation
between the annotated entities within one sentence,
denoted as z};. This requires LLMs to utilize their
summarization abilities. The Type Identification
instruction aims to infer the types of the head and
tail entities that are crucial for RE (Lyu and Chen,
2021), represented as 7.} and T'2, respectively. The
final triplet output is organized into a JSON ob-
ject using the Triplet Combination instruction, de-
scribed as {x}, T}, T2}.

Relation Enrichment Prompt. To leverage the
general knowledge of LLLMs for mining deep in-
formation from relation labels and descriptions,
we introduce a Relation Enrichment Prompt. It
aims to instruct LLMs to freely generate all possi-
ble entity types T,, associated with relation labels.
This automated process effectively alleviates the
manual labor involved in annotating head entity
types and tail entity types for relations. Subse-
quently, we organize them into triplets in JSON
format: {ru, {TT}Z 2 {Tij T }

Embedding with LLMs. To match sentence
triplets and relation triplets, we embed them into
the same embedding space. We obtain an embed-
ding h € R? for each element of the sentence
triplets and relation triplets by calling the open API
of the latest GPT series model "text-embedding-
3-small", which is trained via matryoshka repre-
sentation learning (Kusupati et al., 2022). It is
noteworthy that for T.,, we conduct average pool-
ing for each set to obtain /. of entity types. Each
sentence embedding triplet and relation embedding
triplet can be represented respectively as Tri, =
{has, hpy, hy2 } and Trip = {hy,, hTA&, h:ﬁg}'

3.4 Retrieval Adjuster

Embeddings from LLMs have a potential
anisotropy problem due to common-word biases
(Li and Li, 2024), causing the embeddings to
occupy a narrow cone. Therefore, contrastive
learning-based fine-tuning is required to distribute
the embeddings uniformly (Gao et al., 2021).
However, fine-tuning LL.Ms for specific tasks
is resource-intensive and necessitates full access
to the parameters of the LLLMs, posing challenges
with API-based LLMs. Therefore, we propose an
independent retrieval adjuster (AD) for adapting

ZSRE, aimed at learning the ability to align sen-
tence and relation label representations from seen
data and further adjust the unseen embeddings. AD
does not require access to LLMs’ parameters and
can easily plug into LLMs.

To adapt to the task while retaining the LLM-
based embedding semantics, AD integrates residual
features learned by network F(-) with the original
embeddings through skip connections to produce
the final embedding h:

h = h+FE(h). (1)

We employ a straightforward fully connected net-
work as F(-), with detailed operations as follows:

F(h) = Wa(ReLU(W1(h) +b1)) + b2, (2)

where W; € R¥>*" W, € R™ 9 are parameter
matrices, and by, by are bias. Notably, inspired
by Yoon et al. (2023), we employ a shared F(-)
for all embeddings, thereby maintaining a unified
embedding space to achieve better retrieval.

3.5 Triplet-based Retrieval

To enable Tri, to retrieve the corresponding Tri,,
we introduce triplet score c to compute the similar-
ity coefficient:

c(Trig, Triy) = a(hg=, hy)+

(1 —a) ((hp1, ) + (hp2, o)),
where « is hyperparameter, and (,) denotes the
cosine similarity. We train AD on seen data D to

align the embeddings of Tri,_ and Tri,,. The train-
ing objective of F(-) is to maximize the triplet score

3)

gy .. gy ) . e e e
between Tri,, and positive Tri, , while minimizing
S S

. . . s.J
its score with negative Tri,. :

N
1 v g

L=— g max {0, max (c(Tri,_, Tri,_))
NS N

— o(Triy, , Tri, ) + A}, i # j,

where IV denotes the batch size, and A represents
a predefined threshold. Negative samples are ran-
domly selected within the same batch, maintain-
ing a 1:3 ratio of positive to negative samples.
This approach can promote the uniform distribution
of sentence embeddings and relation embeddings,
thereby alleviating the anisotropy problem.

The trained AD is utilized to adjust the embed-
dings of unseen Tri;, and Tri,, during the testing
phase. The highest computed ¢(Tri,, , Tri,, ) is cho-
sen as the final relation.
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4 Experiments Setup

4.1 Datasets

We conduct experiments on five benchmarks. Fol-
lowing established setups (Zhao et al., 2023a), we
conduct our primary experiments on two widely
used datasets: Wiki-ZSL (Chen and Li, 2021) and
FewRel (Han et al., 2018). Wiki-ZSL contains
94,383 instances and 113 relations, and is acquired
through distant supervision from Wiki-KB, char-
acterized by imbalanced samples and heightened
noise. FewRel contains 56,000 instances and 80
relations, and is meticulously annotated, ensuring
equal samples per relation. Consistent with prior
works, we divide the datasets into a training set
containing seen relations and a validation set con-
taining unseen relations, focusing on evaluating
under unseen relations m = 5,10, 15. To ensure
the reliability of results, we perform 10-fold cross-
validation and report the average results. Notably,
the entity types are not provided in Wiki-ZSL and
FewRel, posing challenges to ZSRE as candidate
relations cannot be filtered based on entity types.

Moreover, following the setups of other LLM-
based methods (Li et al., 2023), we also select
three datasets where entity types are given: (1) TA-
CRED (Zhang et al., 2017) contains 42 relations
and 17 entity types, (2) TACREYV (Alt et al., 2020)
contains 42 relations and 17 entity types, and (3)
Re-TACRED (Stoica et al., 2021) contains 40 re-
lations and 17 entity types. We further evaluate on
their test sets with the none-of-the-above (NoTA)
relation excluded.

4.2 Implementation Details

We set temperature = 0 for GPT series mod-
els to improve the reproducibility. We apply the
same prompt for Wiki-ZSL and FewRel. Since the
entity types are seen in TACRED, TACREY, and
Re-TACRED, we remove instructions for generat-
ing entity types from prompt. Following previous
work, we filter a subset of candidate relations based
on the entity types. For retrieval adjuster AD, we
set the same hyperparameters for all experiments.
We use AdamW with a learning rate of le — 5,
10 epochs, and a batch size of 64. We set the di-
mension of the hidden layer n to d/2, resulting in
approximately 2.36M parameters for AD, which
is much smaller than BERT-based SLMs. We con-
ducted a grid search on FewRel and determined
hyperparameters « = 0.75,A = 0.1, negative
ratio= 1 : 3 when the model performed the best.

4.3 Baseline Models

SLMs-based methods. We compare: embedding-
based methods R-BERT (Wu and He, 2019), ZS-
BERT (Chen and Li, 2021), and RE-Matching
(Zhao et al., 2023a); text entailment-based meth-
ods ESIM (Chen et al., 2017), LaVeEntail (Sainz
et al., 2021); and generation-based methods RE-
Prompt (Chia et al., 2022), SuRE (Lu et al., 2022).
LLM-based methods. We compare previous
competitive baselines, including VanillaPrompt,
QA4RE, SUMASK, and MICRE. VanillaPrompt
and QA4RE are from Zhang et al. (2023), respec-
tively guide LLMs to generate relation labels or
multiple-choice options, where QA4RE involves
manually building relation templates. As they did
not evaluate on Wiki-ZSL and FewRel, we rerun
the results based on the original paper and available
code. SUMASK (Li et al., 2023) classifies relations
by generating multiple responses for all candidate
relations and estimating uncertainty from LLMs.
MICRE (Li et al., 2024a) uses 12 public datasets to
fine-tune LLaMA (Touvron et al., 2023a) through
tabular prompting, achieving performance compet-
itive with SLMs. Following the previous approach,
we randomly sample 1,000 examples as test data
from each dataset to control the cost of comparison
with the LLM-based baselines. Since using seen
data for training the AD incurs additional costs and
may not be available in some datasets, we provide
two sets of results indicating whether seen data
are used to train AD, denoted as RE-GAR and
RE-GAR-AD, respectively.

5 Analysis and Discussion

5.1 Main Result

We report the main results on Wiki-ZSL and
FewRel in Table 1. Overall, our approach demon-
strates competitive performance across all settings
on both datasets.

(1) Compared to LLM-based methods, our ap-
proach ensures strong performance even without
considering seen data (RE-GAR’s average F1 is
6.93 higher than QA4RE across six settings). We
attribute this to the novel GAR framework, which
effectively utilizes both the generative and repre-
sentational capabilities of LLMs, allowing LLMs
to unleash more potential on ZSRE tasks. Addition-
ally, we observe that when considering seen data,
RE-GAR-AD achieves even stronger performance
with fewer training samples (with an F1 advantage
of 3.71 over MICRE).
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Wiki-ZSL FewRel
Methods m=5 m=10 m=15 m= m=10 m=15
P R FL P R F P R Fl P R F P R Fl P R Fl
— SLMs-based
R-BERT* 39.22 43.27 41.15 26.18 29.69 27.82 17.31 18.82 18.03 42.19 48.61 45.17 25.52 33.02 25.52 16.95 19.37 18.08

ESIM*
ZS-BERT™
LaVeEntail*
REPrompt*

48.58 47.74 48.16 44.12 45.46 44.78 27.31 29.62 28.42 56.27 58.44 57.33 42.89 44.17 43.52 29.15 31.59 30.32
71.54 72.39 71.96 60.51 60.98 60.74 34.12 34.38 34.25 76.96 78.86 77.90 56.92 57.59 57.25 35.54 38.19 36.82
77.39 75.90 76.63 71.86 71.14 71.50 62.13 61.76 61.95 91.14 90.86 91.00 83.05 82.55 82.80 72.83 72.10 72.46
70.66 83.75 76.63 68.51 74.76 71.50 63.69 67.93 65.74 90.15 88.50 89.30 80.33 79.62 79.96 74.33 72.51 73.40

RE-Matching™ 78.19 78.41 78.30 74.39 73.54 73.96 67.31 67.33 67.32 92.82 92.34 92.58 83.21 82.64 82.93 73.80 73.52 73.66

— LLM-based

VanillaPrompt 79.83 56.56 66.21 62.98 58.05 60.41 58.54 51.26 54.66 74.87 51.15 60.77 65.28 46.46 54.29 59.70 50.56 54.76

QA4RE 87.20 74.97 80.62 65.80 58.25 61.80 62.17 57.80 59.90 88.00 75.66 81.37 79.00 73.26 76.02 65.33 67.45 66.37
SUMASK 75.64 70.96 73.23 62.31 61.08 61.69 43.55 40.27 41.85 78.27 72.55 75.30 64.77 60.94 62.80 44.76 41.13 42.87
MICRE' 76.46 78.53 77.48 72.36 74.88 73.60 67.14 68.87 67.99 89.34 91.88 90.59 80.67 82.31 81.48 73.74 75.83 74.77
— Ours (LLM-based)

RE-GAR 85.13 83.85 84.44 74.98 73.32 74.12 68.45 66.35 67.37 90.75 89.40 90.07 80.89 78.76 79.81 73.48 70.26 71.82

RE-GAR-AD 88.96 88.42 88.63 77.63 77.85 77.70 70.80 69.26 70.02 93.03 92.16 92.59 83.48 82.10 82.78 77.69 75.31 76.47

Table 1: Experimental results on Wiki-ZSL and FewRel. We mark the best results in bold and the second-best underlined. All
generation based on API are run on GP7T-3.5-turbo. RE-GAR and RE-GAR-AD respectively represent the results without
using seen data, and the results of fine-tuning our retrieval adapter with only seen data. The results indicated by { and * are
reported in MICRE (Li et al., 2024a) and RE-Matching (Zhao et al., 2023a). P., R., and F1 denote Precision, Recall, and F1

score, respectively.

(2) Compared to SLMs-based methods trained
on seen data, RE-GAR-AD achieves up to 5.59
higher F1 on Wiki-ZSL than the existing SOTA
model, RE-Matching. Interestingly, our method
outperforms other baselines by a large margin at
m = 5 on Wiki-ZSL, and we attribute this improve-
ment partly to the effective noise reduction in the
distant supervision dataset through Sentence Distil-
lation. It is worth noting that the parameter of the
fine-tuned retrieval adjuster is much smaller than
BERT, which is adopted as the backbone for most
SLM-based methods.

(3) Additionally, in Table 2, we report the
micro-averaged F1 on TACRED, TACREY, and
Re-TACRED. Since entity types are provided, we
follow the previous works (Zhang et al., 2023; Li
et al., 2023) by discarding irrelevant relations. The
results indicate that RE-GAR achieves comparable
performance on three datasets.

5.2 Ablation Experiment

We report the impact of different components on
RE-GAR-AD, as shown in Table 3.

1. We use Embedding LLMs to encode the raw
sentences when we remove the Sentence Distil-
lation. The average performance drops by 7.74.
This indicates that the summarization capability of
LLMs can effectively reduce irrelevant information
in sentences, allowing them to focus more on the
semantic association between entities, thus gaining
an advantage in relation matching.

2. We manually annotate possible entity types
for relations when we remove the Relation Enrich-
ment. We observe a slight decrease in average
performance by 1.67, indicating that LLMs have
the potential to generate data of comparable quality
to manually annotated data, and that richer infor-
mation may yield greater benefits.

3. We solely match sentences and relation labels

Methods TACRED TACREV Re-TACRED
LaVeEntail garrt 514 55.3 44.0
LaVeEntail pegprrat  55.1 57.2 64.3
SuRE gartt 20.4 222 23.6
SuRE pegasus? 21.8 21.6 22.4
VanillaPrompt* 48.1 51.0 55.3
QA4RE? 59.4 59.4 61.2
SUMASKT 57.7 - -
RE-GAR 64.8 63.4 53.8

Table 2: Experimental results on TACRED, TACREY, and
Re-TACRED. The results indicated by T and I are reported in
SUMASK (Li et al., 2023) and QA4RE (Zhang et al., 2023).

Methods m=5 m=10 m=15
RE-GAR-AD 92.59 82.78 76.47
w/o. Sentence Distillation 88.45 73.06 67.12
w/o. Relation Enrichment 92.06 80.13 74.64
w/o. Triplet-based Retrieval 82.18 68.44 60.32
w/o. Retrieval Adjuster 90.07 79.81 71.82

Table 3: Ablation study of RE-GAR-AD. We report the F1
performance on FewRel under m = 5, 10, 15.
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Figure 3: Effect of data scale, data quality, and residual con-
nections on retrieval adjuster AD.
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Figure 4: Comparison of API overhead (Bar) and F1 score
(Line) for 8,000 instances. To control the cost, we randomly
sample 100 samples for each relation.

when we remove the Triplet-based Retrieval (i.e.,
without considering entity type information in the
retrieval), there is a dramatic decline in average
performance (-13.63), which proves the crucial role
of entity information in relation retrieval.

4. When Retrieval Adjuster AD is removed, it
means that we do not benefit from fine-tuning, lead-
ing to an average performance drop of 3.42.

5.3 Analysis on Retrieval Adjuster

Retrieval adjuster AD needs to be trained on seen
data, which may introduce additional generation
costs and training overhead. Therefore, we fur-
ther investigate the impact of training data of
varying scales and qualities on the performance
of AD under the setting of m = 15 on the
FewRel dataset. Specifically, we randomly extract
{1%, 10%, 50%} of the samples from the seen data
to construct subsets, maintaining an even balance
of samples per relation.

Data scale. As shown in Figure 3, more training
samples can bring greater benefits to AD, which
is consistent with intuition. Notably, only 10% of
the distilled seen data can lead to a 2.48 F1 score
increase, while increasing the data scale tenfold
only further improves the F1 score by 2.17.

Data quality. Even if the data is not distilled
(raw data), AD can still enhance performance with-
out negatively impacting the model. Since this
strategy does not require LLMs to generate, it can

be more cost-effective in some scenarios.
Residual connection. We observe that removing
residual connection when the training data scale is
small leads to a performance decrease, indicating
that residual connection can effectively improve
information flow and reduce overfitting. However,
with sufficient data scale, the additional benefits of
residual connection may not be as apparent.

5.4 Model Efficiency

To evaluate our approach from both performance
and cost perspectives, we compare it with LLM-
based baselines on FewRel with settings of m =
5,10, 15,20, 30,40 and report the results in Fig-
ure 4. For a fair comparison, we only report the
performance of RE-GAR, which does not benefit
from fine-tuning on seen data. Moreover, as de-
scribed in Section 1, SUMASK requires an input
overhead of n x k x r tokens. Therefore, we choose
QAA4RE as the baseline, which has a more efficient
input overhead n x r. The results are derived from
GPT-3.5-turbo and text-embedding-3-small. The
estimation of API costs is sourced from OpenAl *

The results indicate that RE-GAR consistently
demonstrates advantages in both F1 score and
cost compared to QA4RE across all settings of
m. Moreover, as m increases, RE-GAR’s perfor-
mance is only mildly affected. Additionally, since
relation labels serving as retrieval targets are only
pre-embedded once and fixed, the average cost of
RE-GAR in large-scale ZSRE scenarios only un-
dergoes slight changes as m increases.

5.5 Scalability Analysis

We conduct scalability research on SLMs, open-
source LLMs, and API-based LLMs, and report
F1 score on FewRel with m = 15. We select 100
samples for each relation to build subsets to control
costs. Note that the generation-augmentation and
retrieval are executed in a pipelined manner, and
their combination is not fixed.

In Figure 5, we compare different embed-
ding models. For SLMs, we choose SRoBERTa
(Reimers and Gurevych, 2019), PromptRoBERTa
(Jiang et al., 2022), SimCSE-Roberta (Gao et al.,
2021), and BGE-en (Xiao et al., 2023). For
open-source LLMs, we introduce LLM2Vec
(BehnamGhader et al., 2024), which converts
LLaMA?2 (Touvron et al., 2023b) and Mistral (Jiang
et al., 2023) into general text encoders. In addition,

3https://openai.com/api/pricing/
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we explore different API-based LLMs (OpenAl
text-embedding (Neelakantan et al., 2022)). We
observe that the performance of SLMs generally
does not exceed 61, which may indicate a signif-
icant gap in representation capabilities between
SLMs and LLMs on ZSRE, revealing the potential
of LLMs in representation. RE-GAR-AD demon-
strates excellent performance on all LLMs, proving
its robustness.

In Figure 6, we compare different generative
models, including LLaMA3, Mistral, GPT-3.5-
turbo, and GPT-4-turbo, which achieve remarkable
performance with their strong generation capabil-
ities. We observe that more powerful LLMs such
as text-embedding-3-large and GPT-4-turbo can
provide sustained benefits in RE-GAR-AD.

Furthermore, we notice that our proposed plug-
in retrieval adjuster consistently shows improve-
ment, indicating that it is model-agnostic.

5.6 Error Analysis and Case Study

To investigate the effectiveness of our RE-GAR
framework, we provide a typical example as shown
in Case 1 of Figure 7. For QA4RE, we construct
relation-entailed templates as label verbalization:
"P27: country of citizenship" is processed into
"[Andrew Goldberg] is a citizen of [ United States]",
and "P361: part of" is processed into "[Andrew
Goldberg] is part of [United States]". Due to the
semantic similarity between the two options, gener-
ative LLMs might confuse them and output the in-
correct option. RE-GAR refines the semantic rela-
tionship between Andrew Goldberg and the United

After leaving Island Records due to a disagreement over the
band's artistic direction, Fightstar signed with the
independent label Institute Records for their second album.

Sentence

Head Entity: Fightstar Tail Entity: Island Records
Distilled Fightstar left Island Records due to a disagreement over
Sentence artistic direction. Band. Record Label.
felll;it'i:::l:])ﬂs) Actor, Musician, Band Musical work

Enriched Music recordings, Record label, Brand,
relation (P264) Music videos Trademark

Ground Truth  P264: record label v

QA4RE P175: performer )¢

RE-GAR P175: performer X

RE-GAR-AD  P264: record label v

Figure 7: Case study on FewRel with m = 15. Sentence,
Head Entity, and Tail Entity are derived from the raw data.
Distilled Sentence represents the data distilled through the
RE-GAR-AD framework.

States, yielding the accurate information: "Andrew
Goldberg is a writer from the United States." Addi-
tionally, it pays extra attention to the type informa-
tion of the two entities (Person and Country).

As shown in Case 2 of Figure 7, when LLMs
fail to capture meaningful semantic connections
between Fightstar and Island records, it can lead
to ineffective retrieval. Our proposed plug-in re-
trieval adjuster addresses this by learning relation
patterns from seen data and subsequently adjusting
when retrieving unseen relation labels, successfully
categorizing the relation as "record label".

Additionally, we report the performance of our
framework on 80 relation categories in Appendix
C. We observe that although RE-GAR-AD can dis-
tinguish similar relations better with the retrieval
adjuster, challenges still exist when co-occurring
relations are present in sentences. This will be one
of our future optimization directions.

6 Conclusion

We present RE-GAR-AD, a simple and effective
ZSRE framework based on LLMs. We introduce a
novel LLM-based ZSRE paradigm of Generation-
Augmented Retrieval, leveraging LLMs’ genera-
tive and representational capabilities. Addition-
ally, we train a plug-in retrieval adjuster to further
optimize embeddings. Extensively evaluated on
common ZSRE benchmarks, RE-GAR-AD demon-
strates comparable performance across various set-
tings, especially in cases where entity types are
excluded. Furthermore, our method significantly
improves the efficiency of LLMs in multi-choice
relation extraction, which is advantageous for real-
world ZSRE and opens up interesting avenues for
future zero-shot classification efforts.
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Limitations

Although the proposed framework demonstrates
advanced performance and cost-effectiveness on
large-scale ZSRE, its cost-effectiveness is not evi-
dent when the number of input sentences n is small.
Additionally, due to API limitations, we are un-
able to obtain complete results from more powerful
models such as GPT-4 and others. Furthermore, we
employ only a straightforward structure for the re-
trieval adjuster, and we believe that further research
on LLM-embedding-based adjusters would be an
interesting direction. Finally, since our method
encounters difficulties in handling the none-of-the-
above (NoTA) relation, it may not be suitable for
cases where the dataset contains the NoTA relation.
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A Details of Generation Augmentation

We provide several examples of running Sentence
Distillation and Relation Enrichment on WikiZSL
in Tables 4 and 5, respectively. These examples all
run on GPT-3.5-turbo-0125. It is noteworthy that
for all LLMs, the JSON parsing rate can reach over
99.2%. For responses that could not be parsed, we
directly use the sentences and entities from the raw
data as the "relation_sentence" and "entity_type."

B Details of VanillaPrompt and QA4RE

To investigate the performance of VanillaPrompt
and QA4RE on Wiki-ZSL and FewRel, we fol-
low the approach of Zhang et al. (2023), manually
crafting templates for all relations. Examples of

VanillaPrompt and QA4RE running on GPT-3.5-
turbo-0125 are provided in Table 6. It is worth
noting that the quality of manually constructed tem-
plates may affect performance, thus the results we
report may contain slight errors.

C Error Analysis

In Figure 8, we report the accuracy of our frame-
work across 80 categories of relations in FewRel.
We observe that, after plugging the retrieval ad-
juster, the retrieval performance for most relation
categories improved (indicated in green). For in-
stance, similar relations such as "PI131: located in
the administrative territorial entity," "P276: loca-
tion," "P740: location of formation," and "P937:
work location" can often be confused during re-
trieval. The retrieval adjuster can learn the relation
patterns from seen data and effectively distinguish
between similar relations. However, the retrieval
adjuster might decrease the performance for a few
relations (indicated in red). For example, for the
relation "P400: platform," some instances might be
predicted as "P710: participant" after adjustment.
Optimizing the retrieval adjuster to address these
challenges will be part of our future work.

Additionally, we observe that our framework per-
forms poorly on the relation "P750: distributor"
because these instances are often misclassified as
other relations such as "P123: publisher" or "P57:
director." We suspect this happens because they
are frequently mentioned in similar contexts. (e.g.,
in discussions about the commercialization of films
or TV shows, these relation patterns might coex-
ist). Therefore, due to this co-occurrence pattern,
LLMs may easily focus on incorrect information
during sentence distillation or semantic represen-
tation, leading to failures. Therefore, we believe
that further enriching the semantics of relation la-
bels and improving their distinctiveness will be the
direction for future optimization.

17938



Accuracy (%)

Figure 8: We conduct 10 runs on the FewRel dataset with the setting of m = 15. Each relation is covered at least once in
the unseen relations set R,,. We obtain the average accuracy across all 80 relations. Green and red represent the performance

Retrieval Adjuster Improvement

75 4 Retrieval Adjuster Decline

increase or decrease on each relation after adding the retrieval adjuster, respectively.

Examples of Sentence Distillation

Prompt:

Provide a summary of the relation between head entity "{Head Entity}" and tail entity "{Tail Entity}" in one sentence. Make
sure that these are the only two entities in this sentence, and the head entity is in front of the tail entity. Give the entity types
of the head entity and tail entity, and finally present them in JSON format.

o on

Desired format:{ "relation_sentence":"","head_type":"","tail_type":""} Text:

nn nn

{Sentence}

Input:

{Sentence}: Robin Rand (born c. 1956) is a United States Air Force general and commander of Air Force Global Strike
Command. {Head Entity}: Air Force Global Strike Command. {Tail Entity}: United States Air Force.

QOutput: {"relation_sentence":"Air Force Global Strike Command is commanded by a general from the United States Air

Force.", "head_type":"Military Unit", "tail_type":"Armed Forces"}.

Input:

{Sentence}: Eye to Ear Il is a studio album by English guitarist , composer and improvisor Fred Frith. {Head Entity}: Fred
Frith. {Tail Entity}: composer.

Output: {"relation_sentence":"Fred Frith is a composer.", "head_type":"Person", "tail_type":"Occupation"}.

Input:

{Sentence}: Guy Rodgers from Temple University was selected before the draft as Philadelphia Warriors territorial pick.
{Head Entity}: Guy Rodgers. {Tail Entity}: Philadelphia Warriors.

Output: {"relation_sentence":"Guy Rodgers was selected as a territorial pick by the Philadelphia Warriors.",

non

"head_type":"Person", "tail_type":"Sports Team"}.

Input:

{Sentence}: His grandfather Uma Shankar Dikshit was a part of the freedom struggle for thirty years who was closely
associated with Pandit Jawahar Lal Nehru , Indira Gandhi and Rajiv Gandhi. {Head Entity}: Rajiv Gandhi. {Tail Entity}:
Indira Gandhi.

Output: {"relation_sentence":"Rajiv Gandhi is the son of Indira Gandhi.", "head_type":"Person", "tail_type":"Person"}.

Input:

{Sentence}: Developed by SanDisk, the Cruzer Enterprise is an encrypted USB flash drive. {Head Entity}: SanDisk. {Tail
Entity}: USB flash drive.

Output: {"relation_sentence":"SanDisk developed the Cruzer Enterprise.", "head_type":"Company", "tail_type":"Product"}.

Table 4: Examples of Sentence Distillation on WikiZSL.
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Examples of Relation Enrichment

Prompt:
Please provide all possible types of head entity and tail entity for the given relation, and finally present them in JSON format.
Desired format: {"relation":"", "head_types":[], "tail_types":[]} Relation:"""{Label}: {Description}"""

Input:
{Label}: country of citizenship. {Description}: the object is a country that recognizes the subject as its citizen

QOutput: {"relation": "country of citizenship", "head_types":["Person"], "tail_types":["Country"]}

Input:
{Label}: director. {Description}: director(s) of film, TV-series, stageplay, video game or similar

non

Output: {"relation": "director", "head_types":["Film", "TV-series", "Stageplay", "Video game"], "tail_types":["Person"]}

Input:
{Label}: voice type. {Description}: person’s voice type. expected values: soprano, mezzo-soprano, contralto, countertenor,
tenor, baritone, bass (and derivatives)

Output: {"relation": "voice type", "head_types":["person"], "tail_types":["soprano", "mezzo-soprano", "contralto", "coun-

tertenor”, "tenor”, "baritone", "bass"]}

Input:
{Label}: conflict. {Description}: battles, wars or other military engagements in which the person or item participated

QOutput: {"relation": "conflict", "head_types":["person",
ment"]}

organization"], "tail_types":["battle", "war", "military engage-

Input:
{Label}: said to be the same as. {Description}: this item is said to be the same as that item, but the statement is disputed

QOutput: {"relation": "said to be the same as", "head_types":["Concept", "Object"], "tail_types":["Concept", "Object"]}

Table 5: Examples of Relation Enrichment on WikiZSL.
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Example of VanillaPrompt

Input:

Given a sentence and two entities within the sentence, classify the relationship between the two entities based on the provided
sentence. Please give the relationship only. All possible relationships are listed below:
- architect

- main subject

- winner

- said to be the same as

- participant

- nominated for

- field of work

- place served by transport hub

- tributary

- military rank

- league

- heritage designation

- member of political party

- location of formation

- follows

Sentence: California longhorn cattle were given as a gift to Hawaiian King Kamehameha I by British Captain George
Vancouver in 1793.

Entity 1: george vancouver

Entity 2: captain

Relationship:

Output:

Entity 1: George Vancouver
Entity 2: Captain
Relationship: Military rank

Example of QA4RE

Input:

Determine which option can be inferred from the given Sentence. You can only choose one of the following options.
Sentence: California longhorn cattle were given as a gift to Hawaiian King Kamehameha I by British Captain George
Vancouver in 1793 .

Options:

A. [george vancouver] is the architect of [captain]

B. [george vancouver] is the main subject of [captain]

C. [george vancouver] is the winner of [captain]

D. [george vancouver] is said to be the same as [captain]

E. [george vancouver] is a participant in [captain]

F. [george vancouver] was nominated for [captain]

G. [george vancouver]| works in the field of [captain]

H. [george vancouver] serves as the place served by [captain] transport hub
I. [george vancouver] is a tributary of [captain]

J. [george vancouver] holds the military rank of [captain]

K. [george vancouver] is a member of the league [captain]

L. [george vancouver] has the heritage designation [captain]

M. [george vancouver] is a member of the political party [captain]

N. [george vancouver] is the location where [captain] was formed

O. [george vancouver] follows [captain]

Which option can be inferred from the given sentence?

Option:

Output:
J

Table 6: Several running examples of VanillaPrompt and QA4RE based on the descriptions in the original paper (Zhang et al.,
2023).
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