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Abstract

This paper presents several strategies to auto-
matically obtain additional examples for in-
context learning, effectively transforming re-
lation extraction from a 1-shot to a few-shot
setting. Specifically, we introduce a novel strat-
egy for example selection, in which new ex-
amples are selected based on the similarity of
their underlying syntactic-semantic structure to
the provided 1-shot example. We show that
our strategy results in complementary word
choices and sentence structures compared to
LLM-generated examples. When both strate-
gies are combined, the resulting hybrid sys-
tem achieves a more holistic picture of the rela-
tions of interest than either method alone. Our
framework transfers well across datasets (FS-
TACRED and FS-FewRel) and LLM families
(Qwen and Gemma). Overall, our hybrid sys-
tem consistently outperforms alternative strate-
gies achieving state-of-the-art performance on
FS-TACRED and strong gains on a customized
FewRel subset.

1 Introduction

Relation extraction (RE) is a core NLP task that
identifies relations between entity pairs (e.g., the
place of birth or employer of a person). Extracting
relations is often a component of other tasks such
as knowledge graph construction (Schneider et al.,
2022). In turn, knowledge graphs coupled with
retrieval-augmented approaches have been shown
to improve LLM reasoning (Sui et al., 2025) and
reduce hallucinations (Wagner et al., 2025), thus
potentially benefiting any end-user application in-
cluding question answering (Xu et al., 2025).
Traditional relation extraction approaches re-
quire many training examples per relation (Marsh,
1998). More recently, few-shot relation extraction
(FSRE) has received substantial attention (Sabo
et al., 2021; Alam et al., 2024). In this setting,
relations must be extracted given nothing but the
relation name, a brief description, and a handful

of examples. Because of this challenging setting,
previous work obtains relatively low results (e.g.,
~24 F1 on FS-TACRED). Existing approaches to
FSRE include those grounded in prototypes (Meng
et al., 2023; Hu et al., 2025) and typically require
training or fine-tuning (Section 2).

In-context learning (ICL) with LLMs (Brown
et al., 2020) for FSRE is a natural choice yet how
additional examples and diversity affect perfor-
mance remains underexplored. In particular, the
best strategy for example selection in FSRE re-
mains unknown. To address this gap, in this paper
we explore! several strategies to automatically ob-
tain additional examples for the relation of interest.
In particular, we explore two main strategies: us-
ing LLMs to generate new examples and retrieving
examples from unannotated corpora based on their
deeper syntactic-semantic similarity with the pro-
vided 1-shot example.

Figure 1 presents our strategies to obtain addi-
tional examples for 1-shot relation extraction. We
automatically combine the 1-shot gold example
with additional examples that are: (a) generated
with LLMs or (b) retrieved from unannotated cor-
pora using their syntactic-semantic similarity with
the gold example. For LLM-based generation, we
either paraphrase the gold example while preserv-
ing the subject, object, and relation, or generate
new examples conditioned on the relation name
and its natural language definition, encouraging
alternative lexicalizations and sentence structures.
Our key novelty is the use of lexico-syntactic rules
in a semantic space for example retrieval. These
structured rules capture how the subject and object
are connected in a sentence through their core syn-
tactic structure and semantic context (Section 4.2).
Importantly, the semantic representations of these
rules are learned in a self-supervised fashion that

!Code and data are available at https://github.com/
clulab/example-selection-icl-fsre.
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Input:  Relation: per:origin (the nationality or ethnicity of the person)

Query sentence: Former [Finland]®%’

Support sentence (gold, 1-shot): January 15, [...] Switzerland, [Eugenio Vagni]>®” of [Italy]°®? and [...]
international [Pauliina Miettinen

1557 was hired by Sky Blue on Tuesday, the fourth coach [...]

Generated with an LLM

Select
to maximize [%
diversity

 [Buckley]°E7, who is of both Native American and [Scottish]°27 descent , delivered |...].

_Methods to obtain additional examples for in-context learning applied to few-shot relation extraction

[Marie Curie]SB‘] was born in [Poland]oBJ and later [...]

. [Elon Musk]SB” was born in [South Africa]®5’.

On January ... from Switzerland, [Eugenio Vagni]SBJ from [Italy]OBJ, [..]

: January 15 ... from Switzerland, [Eugenio Vagni]S®? of [italy]°®7, [..]

The Guardian ... that Mr. [Justice Gage]>®? of the [British]°® high court ruled [...] for [...]

Additional

1 (gold) example

> ICL Relation Extraction (few-shot)

> Does per:origin hold between Pauliina Miettinen and Finland in the query sentence?

> Output: YES | NO

Figure 1: Our approach to in-context learning for 1-shot relation extraction. Our method complements the (gold)
1-shot ("Support sentence” in the figure) with 4 or 9 additional examples, turning the setup into a few-shot setting (5-
or 10-shot), generated using shallower LLM-based methods (i.e., paraphrasing the gold example, or generating new
examples based on the relation definition) or deeper methods using the underlying syntactic-semantic representations
of candidate examples. When combining these strategies, the resulting few-shot relation extraction system achieves
better results across two corpora (FS-TACRED and FS-FewRel) and two language models (Qwen3 and Gemma3).

is agnostic to the relations of interest, similar to
word embeddings (Mikolov et al., 2013). Further,
we emphasize diversity in the retrieved examples
by: (a) clustering candidates using their semantic
representations and selecting one representative ex-
ample per cluster, and (b) using an LLM to select
the most diverse examples from a pool of example
candidates created with the above strategies.
The main contributions of this paper are:

» Several strategies to obtain additional exam-
ples for FSRE that range from shallower (e.g.,
LLM paraphrasing) to deeper (i.e., using rep-
resentations of the syntactic-semantic struc-
tures of both the 1-shot gold example and the
candidates themselves).

* Methods to emphasize example diversity (i.e.,
diverse word choices and sentence structures)
from a pool of candidate examples constructed
using the above strategies. We investigate two
directions: (a) explicit clustering of examples
and selecting one representative example per
cluster, and (b) prompt engineering.

* Demonstrating that a hybrid approach bal-
ancing similarity and diversity obtains new
state-of-the-art (SOTA) performance for FS-
TACRED, especially with smaller language
models, outperforming prior methods.

2 Related Work

Early approaches and datasets for RE targeted su-
pervised learning (Marsh, 1998; Doddington et al.,
2004). These approaches are effective when trained
on hundreds or thousands of examples per rela-
tion (Miwa and Bansal, 2016; Zhou et al., 2005).
However, they rarely generalize across domains
(i.e., same relation types expressed in documents
from different sources) and can only identify at
inference time the relations they were trained on.
Distant supervision (Mintz et al., 2009) has been
explored to eliminate manual annotations, but other
limitations remain.

Few-Shot Relation Extraction Most modern
FSRE methods bypass the need to know the re-
lations to be extracted at inference time and avoid
manual annotations beyond a handful of exam-
ples per relation. Representative approaches in-
clude prototype-based classification using aggre-
gated relation representations (Meng et al., 2023;
Hu et al., 2025; Zhang et al., 2025; Li and Lyu,
2024; Luo et al., 2024). Embedding-based nearest-
neighbor methods are also widely used (Sabo
et al., 2021; Wan et al., 2023; Fei et al., 2022).
While effective, these methods lack flexibility un-
der relation or domain shifts. In contrast, neuro-
symbolic approaches emphasize explicit relational
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cues (Vacareanu et al., 2024; Singh and Blanco,
2024), which improves their in- and out-of-domain
performance. These properties motivate our ap-
proach to retrieve examples grounded in syntactic-
semantic representations. Moreover, most existing
work on FSRE is evaluated on TACRED (Zhang
et al., 2017), FewRel (Han et al., 2018), and
NYT (Riedel et al., 2010). In this work, we focus
on a more challenging variant introduced by Sabo
et al. (2021), which contains a large proportion of
NOTA (none-of-the-above) instances, making the
task substantially harder (Section 5).

While we are not the first to use in-context learn-
ing and LLMs for FSRE (Ma et al., 2023; Xu et al.,
2023), we are the first to use syntactic-semantic
similarity to retrieve examples for ICL applied to
FSRE. Our strategies for example selection im-
prove both similarity and diversity. Moreover,
we demonstrate that our approach transfers across
benchmarks and LLMs, using the same prompt for
each component across all models.”

Example selection for In-Context Learning
Prior work has studied example selection for ICL
applied to several NLP tasks including FSRE. Ex-
isting approaches mainly rely on embedding-based
similarity (Wan et al., 2023; Mo et al., 2024) or
learning-based selection (Scarlatos and Lan, 2024;
Chen et al., 2024a; Wang et al., 2024) using task
supervision, model feedback (Li and Qiu, 2023;
Wang et al., 2024; Chen et al., 2024a), and diversity-
aware criteria (Li and Qiu, 2023; Qin et al., 2024).
In contrast, we leverage syntactic-semantic repre-
sentations to guide example retrieval, an under-
explored line of research in FSRE. LLM-based
data generation techniques are also explored for
RE to improve training and prediction (Li et al.,
2025; Zheng et al., 2024). We explore LLM-based
example generation as a simple baseline and also
incorporate it into our hybrid method.

Similarity and Diversity in Relation Extraction
Diversity plays a crucial role in in-context learning
(ICL) (Xiao et al., 2025; Li et al., 2025; Wang et al.,
2023a; Kapuriya et al., 2025). However, most prior
work measures diversity using sentence-level em-
beddings, which often capture irrelevant context
and surface variation rather than the differences in
the relation holding between two entities. In con-

2We do not compare our results with Ma et al. (2023)
and Xu et al. (2023) because they work with customized few-
shot versions of TACRED and FewRel for which the exact
few-shot evaluation setups are not publicly available.

trast, we (a) focus on the minimal context needed to
express a relation by embedding the shortest path
between entity pairs in the dependency-tree, and (b)
enforcing diversity directly at the rule level, yield-
ing a more informative similarity-diversity trade-
off for relation extraction.

3 The Few-Shot Relation Extraction Task

Few-shot relation extraction is formulated as an
episodic n-way k-shot classification task. A rela-
tion holds between two entities: the subject and
object. Each episode consists of a k-shot learning
instance defined by (a) a set of candidate relations
R = {r1,...,r,} along with k support sentences
exemplifying each relation and (b) a query sentence
with a subject and object named entities tagged.
The task is to predict which of the n relations hold
between the entities in the query sentence, or output
no_relation if none apply. We target the standard
5-way 1-shot setting as defined in existing corpora
(Section 5). In particular, we explore in-context
learning and strategies to complement the single
gold example per relation with automatically ob-
tained additional examples.

In-Context Learning for Few-Shot Relation Ex-
traction We reformulate the 5-way 1-shot rela-
tion extraction task as five independent 1-shot bi-
nary classifications. Each classification task pre-
dicts whether a relation holds between the sub-
ject and object in the query sentence (see few-shot
prompt in Figure 2). We output no_relation if
none hold, and a random relation out of all that
hold if more than one is predicted.’ Additionally,
prior to in-context learning, we include a filter that
enforces compatibility between the named entity
types in the query sentence and the type constraints
of the target relation. We use in-context learning
(Figure 3) to match these named entity types. This
filter was added because it substantially reduces
compute (86.04% of candidate relations are dis-
carded), and yields empirical benefits (Section 7).

We also experimented with in-context learning
to decide which of the five candidate relations hold
between the entities in the query sentence using
a single LLM call, i.e., where the LLLM functions
as a multi-class classifier. We discarded it after
observing consistently lower results than with the
binary approach outlined above (Figure 4).

3This scenario is very unlikely: 0.26% of query sentences.
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4 From 1-shot Relation Extraction to
Many-Shot Relation Extraction

In this section, we propose strategies for automat-
ically transforming the 1-shot relation extraction
task into a many-shot task, where the additional
examples are automatically obtained. We consider
LLM-based strategies as well as retrieval-based
strategies from unannotated corpora. Table 3 il-
lustrates the additional examples obtained with all
the strategies. As we shall see, a hybrid approach
that balances similarity to the 1-shot example with
contextual diversity is the most effective.

4.1 Obtaining Examples with LLMs

Our first strategies use LLLMs to obtain additional
examples and are arguably the simplest ones.
Paraphrasing with LLMs: We paraphrase the
original (gold) support sentence for a relation with
the prompt in Figure 5. The prompt is designed to
ensure that (a) the same relation holds between the
same named entities and (b) the subject and object
entities remain tagged.

Generating with LLMs: We also explore a 1-shot
example generation strategy with the prompt in
Figure 6. This prompt uses the original (gold) sup-
port sentence as an example, and is designed to en-
courage different wordings and sentence structures
while preserving the target relation. As we’ll see
in Section 7, the LLMs tend to generate examples
using their parametric knowledge (e.g., relations
involving celebrities or politicians).

4.2 Retrieving Examples from Unannotated
Corpora Using Syntactic-Semantic
Representations

Our alternative to obtaining examples with LLMs
is to retrieve them from large unannotated corpora.
This approach has two advantages. First, retrieved
examples reflect natural language usage patterns
and can expose in-context learning to more realistic
examples than LLM-synthesized examples. Sec-
ond, retrieval can leverage precomputed represen-
tations to scale to millions of candidate sentences,
enabling us to search for examples that are both
semantically relevant and structurally diverse.

We retrieve examples from a subset of UMBC
WebBase (Han et al., 2013), a corpus of over 3
billion words collected from a web crawl of 100
million web pages from more than 50,000 web-
sites (Hirai et al., 2000). Specifically, we use the
subset created by Vacareanu et al. (2024). After

removing duplicates and downsampling to ensure
uniform frequency of named entity types, this sub-
set contains 2.3M sentences containing two named
entities belonging to types compatible with the cor-
pora we work with (Section 5). Prior work has used
this UMBC subset as a source of self-supervised
training (Vacareanu et al., 2024). In contrast, we
use this dataset to retrieve examples for ICL. The
retrieval strategies always select examples based
on cosine similarity. The main differences are (a)
the representations for the gold support sentence
and candidate sentences from UMBC (SBERT or
syntactic-semantic rule representations) and (b) the
methods to select candidate examples out of the
closest ones.

Sentence Representations from SBERT We use
SBERT (Reimers and Gurevych, 2019) as a base-
line. Note that these representations are meant to
embed the meaning of a sentence without empha-
sizing the subject and object named entities, the
relation between them, or the context within the
sentence that is most indicative of the relation.

Syntactic-Semantic Rule Representations In
the real-world, it is often the case that a rela-
tion holds between two entities in a sentence, yet
(a) only a portion of a sentence signals the relation
between subject and object entities, and (b) context
other than the tokens between subject and object
entities are indicative of which relation holds (see
examples in Table 3). Our rationale behind using
syntactic-semantic representations is to pinpoint
and leverage the specific context that is most bene-
ficial for FSRE.

In particular, by lexico-syntactic rules we mean
structured representations that encode the shortest
syntactic dependency path between subject and ob-
ject entities, combining lexical items, dependency
relations, their directionality, and the named en-
tity types of the subject and object entities. These
paths are extracted from dependency parses pro-
duced by tools such as Stanford CoreNLP* or Odin-
son (Valenzuela-Escarcega et al., 2020), and are
used in prior work (Vacareanu et al., 2024) to cap-
ture relational structure.

Semantic rule representations are created using
the lexico-syntactic rule extractor and semantic
rule matcher of Vacareanu et al. (2024). The rule
matcher, named SoftMatcher, was trained follow-
ing a self-supervised approach and is used in two

*https://stanfordnlp.github.io/CoreNLP/
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main stages during retrieval. First, semantic rep-
resentations embedding the lexico-syntactic rule—
not the sentence they originate from—are obtained
for the (gold) support sentence and candidate sen-
tences containing the same named entity types. Sec-
ond, candidate sentences are selected based on co-
sine similarity between the rule representation of
the support sentence and candidate sentences. The
second step is facilitated at scale by a FAISS in-
dex (Douze et al., 2025) accounting for the tokens
in a sentence, named entity types, and rule repre-
sentation.

Consider the following support sentence for
the per:origin relation: “Just this week we
have the [European]®®) G6 group, lead by
the UK’s Home Secretary [John Reid]SBJ s
promising to work together to make the
internet a [...].” The lexico-syntactic rule
is as follows: [entity=NATIONALITY]+
<amod group >acl:relcl lead >nmod_by
[entity=PERSON]+, which can be read as “a
nationality named entity modifying (incoming
syntactic dependency ‘amod’) group, which is
modified by an outgoing dependency acl:relcl
headed by lead, which is modified by (outgoing
dependency ‘nmod’ headed by by) a person
named entity.” After obtaining semantic rule
representations, the SoftMatcher finds sentences
with (a) the same named entity types and (b) dif-
ferent contexts expressing the same relation. For
example, “[Buckley]SB!, who is of both Native
American and [Scottish]OBJ descent, delivered the
sermon [...]” is the closest sentence obtained by
rule representations.

Enhancing Diversity Selecting the most similar
examples often yields redundant examples that ex-
press the relation in nearly identical ways (same
entities, very similar word choices indicating the
relation, etc.). To encourage diversity, we explore
strategies to ensure differences among the selected
examples. To this end, we first select the m candi-
date sentences above a similarity threshold 7 tuned
with validation instances. Second, we use k-means
or k-means++ to obtain £ = | y/m | clusters. Third,
we select as many clusters as additional examples
are desired by choosing (a) randomly, (b) the clus-
ters closest to the support sentence, or (c) the clus-
ters that maximize pairwise intra-cluster distances
after initially selecting the furthest cluster to the
support sentence. Fourth, we select the closest sen-
tence to each cluster centroid as a representative ex-

ample. In total, we select examples following four
diversity-oriented strategies (k-means with random
or closest cluster selection, and k-means++ with
farthest or closest cluster selection), which will be
empirically validated (Section 6).

4.3 Hybrid Example Selection

Obtaining examples with LLMs and retrieving
them from unannotated corpora offer complemen-
tary strengths. The former tend to have a very
similar form to the original support sentence, while
the latter represent more natural usage and diversity.
We therefore explore a hybrid strategy that com-
bines examples from both sources. Specifically, we
shuffle the examples from both sources and select
the desired amount of examples using the prompt
in Figure 7. Intuitively, the hybrid approach bal-
ances the presence of (a) similar examples to the
support sentences (obtained with LLMs) and (b)
diverse examples with respect to the support sen-
tence (retrieved from unannotated corpora).

4.4 Summarizing Examples

Prior work (Li et al., 2023) has shown that summa-
rizing examples can improve in-context learning by
reducing spurious content to the minimal content
needed for the task at hand. In relation extraction,
summarization would simplify examples to contain
only the information needed to extract the relation
of interest between the subject and object named
entities. For example, both Native American and
all tokens after descent could be deleted without
altering the signal for the relation between Buckley
and Scottish in “[Buckley]SBJ , who is of both Na-
tive American and [Scottish]OBJ descent, delivered
the sermon during Saturday evening’s workship ser-
vice [...].” We experiment both with the examples
(a) generated and retrieved and (b) their summa-
rized versions with the prompt in Figure 8.

5 Experimental Setup

We experiment primarily with two datasets (FS-
TACRED and FS-FewRel) and four LLMs (two
sizes of two LLM families) as described below.

Datasets Our primary evaluation benchmark is
FS-TACRED (Sabo et al., 2021), a few-shot refor-
mulation of TACRED (Zhang et al., 2017). We
use the five test episode files (all episodes are 5-
way 1-shot) released by FS-TACRED. Each file has
10,000 episodes and 3 queries per episode. We do
not train any model on these episodes. Instead, we

35951



use the development episodes as held-out data to
tune hyperparameters (see Section A.1 for details).

To test whether our strategies transfer across
benchmarks, we also experiment with FS-FewRel,
a few-shot version of FewRel (Han et al., 2018)
we created following the algorithm by Alam et al.
(2024). Because the labels for the test split are not
publicly available, we report results with the devel-
opment split. Specifically, we work with the six
relations whose subject and object entities belong
to named entity types compatible with the relation
types in FS-TACRED. Similar to FS-TACRED, we
construct 5 sets of 10,000 5-way 1-shot episodes,
including a no_relation label, and each episode
has three query sentences.

The majority label in both FS-TACRED and FS-
FewRel is no_relation (97% and 95%). This is
by design, as realistic few-shot relation extraction
requires models to account for the most common
case: none of the five relations hold between the
entities in the query sentence.

We chose not to report results on FS-NYT (Alam
et al., 2024) because it contains primarily relations
between well-known named entities and locations
(e.g., place of birth of famous people), which were
very likely seen during the LLM pretraining. As a
result, the vast parametric knowledge in pre-trained
LLMs is sufficient to obtain much better results
than with FS-TACRED and FS-FewRel with a
prompt that provides the subject and object entities
and no additional context from the query sentence.
We refer the reader to Table 4 for the results to
check for parametric knowledge within the three
datasets.

LLMs and Implementation Details We design
the pipeline to rely on a single LLM across all com-
ponents (i.e., NER filtering, LLM-based genera-
tion and paraphrasing of examples, hybrid example
selection, etc.), ensuring consistency, and simpli-
fying deployment and transferability across differ-
ent model families. Specifically, we evaluate the
full system with four LLMs available in Hugging-
Face (Wolf et al., 2020): two sizes of two LLM
families (Qwen3-4B, Qwen3-14B, Gemma3-4B,
and Gemma3-12B). Further details on decoding
and inference are provided in Section A.2, while
hyperparameter tuning and retrieval efficiency are
described in Section A.1.

Baselines and Evaluation Metric In addition
to previous work on FS-TACRED (5-way, 1-shot
setting), we consider a 1-shot ICL baseline that

considers the original support sentence as the only
example. We compare this baseline against 1+4-
and 1+9- shot ICL approach, where one example
is the original support sentence and the other four
or nine are obtained with the strategies described
in Section 4. Following previous work, we report
the average Precision, Recall, and F1 scores, along
with their standard deviations and statistical sig-
nificance results. Following previous work, we
calculate metrics excluding no_relation .

6 Results

Tables 1 and 5 present the main results on FS-
TACRED and FS-FewRel with Qwen3-4B and
Qwen3-14B. The appendices present results with
additional strategies to obtain additional examples
(other clusterings, summarizing, etc.) on the same
LLMs and datasets (Tables 6 and 7) as well as
Gemma3-4B and Gemma3-12B (Tables 8 and 9).
We draw several observations from these results.

Structured semantic information helps select
better examples for ICL In three out of the four
scenarios investigated using hybrid systems (i.e.,
two LLMs evaluated on two datasets) using ex-
amples retrieved with our semantic rule represen-
tations yield better overall results than all alter-
natives (1-shot baseline, using LL.Ms to generate
or paraphrase, retrieving with SBERT representa-
tions). We conjecture that this is due to the fact
that the examples retrieved with our rules (a) are
realistic, as they are retrieved from a collection of
real texts; (b) preserve the relation faithfulness bet-
ter due to the underlying rules; and (c) are more
diverse (see Section 7) than LLM-generated and
LLM-paraphrased examples, which tend to stay
closer to the original support sentence. An excep-
tion occurs with Qwen3-14B on FS-FewRel, where
the LL.M-generated examples slightly outperform
our approach. This suggests that larger models
sometimes incorporate more diversity in their gen-
erated examples than smaller ones. However, over-
all, structured semantic information yields better
example selection for ICL in most settings.

Retrieved examples complement LLM-
generated examples The hybrid strategy
consistently ranks at or near the top (F1) with the
smaller models on both datasets and one large
model (Qwen3-14B) on FS-TACRED (Tables 1,
5, 8 and 9). This suggests that the two sources
provide complementary benefits.
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#ex. Qwen3-4B Qwen3-14B
G+A P F1 P R F1
Few-shot baseline 140 287 +099 17.8+121 2207 £119 31.6+096 403 +£147 3547 £1.02
Including Additional examples
Paraphrased with LLM 144 308 +153 08.6+096 1357 +128 425+117 247 +073 31.27 + 068
149 3144217 0914083 1417 +1.16 41.0+127 23.0+066 29.57 +082
Generated with LLM 144 2684050 2424134 2547 +092 373 +102 402+173 38.7* + 111
149 2784108 247 +114 2617 +084 38.6+142 3644155 37.57 +1.10
Retrieved (closest) using
SBERT representations 144 2454147 154+167 1897 £156 31.1+114 36.0+141 3347 +105
149 2494110 1594088 1947 +08 304 +1.00 31.1+087 30.7" +076
+ hybrid 1+4 2594058 2344131 246" £081 393 4+070 39.4 +148 39.3 +070
149 26.6+091 2544079 26.07 +057 393 +08 357 +140 37.47 +0386
Semantic rule representations  1+4  23.9 £048 233 £056 23.67 £043 333115 38.6+149 358" +121
149 2294056 2514068 2397 +050 33.0+166 33.9+208 3347 +176
+ hybrid 1+4  26.6 £087 26.7+061 26.6" £054 394 +104 394 +127 394 +089
149 2624060 2894091 27.5 +048 400+111 362+112 38.07 +082
and k-means clustering 1+4 228 +080 285+121 2537 £096 29.5+081 463118 36.07 os3
149 2214075 30.6+098 2577 £070 29.7 089 45.1+150 358" +096
+ hybrid 1+4 257 +105 26.6+068 2617 £070 37.9+094 405+164 391 +115
149 264 +069 289 +18 27.6 +120 387 +1.19 37.0+136 37.8" +084

Table 1: Results obtained with FS-TACRED using in-context learning in the 1-shot setting (i.e., one Gold example).
Including Additional examples is always beneficial. Our hybrid approach to obtain additional examples (i.e.,
coupling LLM-generated examples with our semantic rule-based retrieval) yields the best results. Only the 4B
model benefits from nine instead of four additional examples, and the hybrid approach is always beneficial. *
and T indicate the best method in the whole column is statistically significantly better at p < 0.05 and p < 0.01,
respectively, based on one-sided paired bootstrap test with replacement on F1 scores.

Table 10 provides insights into the selection pro-
cess among LLM-generated and retrieved exam-
ples. On average, one example from the retrieved
ones is picked to form the additional four-shot
pool; and one to three examples from the retrieved
ones are picked to form the nine-shot pool. This
suggests the two approaches provide complemen-
tary strengths: retrieved examples bring realistic,
relation-faithful contexts, while LLM-generated
ones are simpler with strong semantic coverage
around the support sentence. Combining these
methods with hybrid strategy results in larger gains
than using either source alone, underlining that hy-
brid selection is the most reliable way to boost ICL
performance for few-shot relation extraction.

Semantic rule representations yield better re-
sults than SBERT and paraphrasing with LLMs
Our semantic rule-based retrieval is consistently
stronger than LLM paraphrasing and SBERT-
based retrieval. In both FS-TACRED and FS-
FewRel, paraphrased examples and SBERT-based
retrieved examples lead to lower Fls, particularly
for smaller models. On the other hand, semantic
rule representation-based retrieved examples main-
tain better overall F1 (Tables 1, 5, 9, and 8). We ob-

serve that paraphrasing tends to result in additional
examples that remain too close to the original sup-
port sentence, limiting diversity and reducing their
effectiveness. In contrast, SBERT-based retrieval
often selects examples that are topically similar but
do not accurately preserve the target relation. Over-
all, semantic rule representations allow us to re-
trieve more diverse and relation-faithful instances,
leading to better generalization in ICL.

Semantic rule representations work better with
smaller LLMs The gains from including exam-
ples retrieved with our semantic rule represen-
tations are clear for the smaller Qwen3-4B and
Gemma3-4B models, and modest for Qwen3-14B
(Tables 1, 5, 9, and 8). The larger Gemma3-12B
model shows no improvement with examples re-
trieved with any retrieval strategy. This suggests
that structured example selection is most helpful
when model capacity is limited, whereas the larger
models exhibit more inconsistent behavior. Some
models benefit more from internal example gener-
ation than retrieval, whereas others fail to benefit
from either approach.
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#ex. FS-TACRED

G+A P R F1
MNAV (Sabo et al., 2021) 1+0 - - 12.4 £1.01
OdinSynth (Vacareanu et al., 2022a) 140 235+146 1154102 154 +1.21
CKPT (Lv et al., 2022) 1+0 - - 15.1 £1.12
Anchor+gen. rules (Singh and Blanco, 2024) 140  19.6 £063 319 +1.04 2424072
SoftRules (Vacareanu et al., 2024) 140 3354147 19.7+114 248 +1.22
Qwen3-4B, hybrid (ours) 149 264 4+069 289 +18 27.6+120

Table 2: Comparison of our best approach with Qwen3-4B on FS-TACRED (Table 1) and previous work. All
methods only use one Gold support example. Even with the smaller (4B) Qwen, in-context learning with the gold
example and nine Additional examples retrieved via our hybrid approach yields the new state of the art. The same
approach using Qwen3-14B yields stronger results (F1: 37.8, Table 1).

ICL with additional examples retrieved with
semantic rule representations outperforms pre-
vious work Table 2 compares previous work and
our results with Qwen3-4B on FS-TACRED (hy-
brid approach, bottom row in Table 1). These prior
methods are dedicated few-shot relation extraction
approaches and do not rely on in-context learning;
at inference time, they use one gold shot and no ad-
ditional examples. Additionally, their approaches
are based on fine-tuning relatively smaller models
such as BERT (Devlin et al., 2019), RoBERTa (Liu
et al., 2019), and CodeT5 (Wang et al., 2023b).

Using one gold shot plus nine retrieved examples
in our hybrid approach outperforms all prior work
by a substantial margin (F1: 27.6 vs. 24.8). The
improvements are even larger if we switch the LLM
with Qwen3-14B (F1: 37.8, Table 1). These results
show that adding genuine examples retrieved from
unannotated corpora consistently outperforms prior
work without requiring additional gold examples
or model fine-tuning.

7 Qualitative Analyses

To shed more light on the full system and the bene-
fits of retrieving examples with semantic rule rep-
resentations, we carried out multiple qualitative
analyses. We summarize these analyses below.

Structured semantic retrieval yields more in-
formative examples Table 3 illustrates the addi-
tional examples obtained with LLMs and retrieved
from corpora. LLM-generated examples are fluent
but tend to be generic, mention well-known enti-
ties, and closely follow the same wording as the
support sentence. On the other hand, paraphras-
ing mostly repeats the support sentence, offering
limited differences beyond swapping a handful of
words. SBERT-based retrieved examples are real-

istic but often only topically similar; additionally,
they often miss the relation at hand. In contrast,
due to its semantic underpinning, the examples re-
trieved with semantic rule representations include
varied contexts that better express the target rela-
tion, making them more useful for ICL.

Diverse examples do not always yield better re-
sults As shown in Table 11, some methods (e.g.,
selected strategies under semantic rule-based re-
trieval) result in very diverse example sets (low
token % overlap and cosine similarity), yet the most
diverse examples are not always the top performers
(Tables 1 and 5). Although diversified examples
improve over the baseline, extremely diversified
examples can drift away from the relation at hand,
which negatively impacts performance.

Additional examples are not always beneficial
For most settings, adding additional examples im-
proves over the few-shot baseline, but the large
model (Gemma3-12B) is an exception (Table 8
and 9). Indeed, on both datasets, none of the strate-
gies (LLM-based, retrieval-based, or hybrid) im-
proves over its 1-shot baseline performance, and
several even degrade it. This indicates that larger
models can be sensitive to prompt augmentation:
they may already have enough task understanding
that extra examples offer little benefit or can even
be detrimental.

Balanced similarity-diversity trade-off works
best Table 11 shows a clear trade-off between
staying close to the (gold) support example and
maintaining diversity among additional examples.
LLM paraphrases are very similar to the gold sup-
port, having high token overlap and cosine similar-
ity, which indicate low diversity. On the other hand,
the retrieved example sets using k-means and its
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variants maximize diversity but also can drift away
from the support sentence and the relation. The best
performance comes from the middle ground, i.e.,
the hybrid selection, which retains enough similar-
ity to preserve the relation (through the generated
examples) while introducing diversity (through the
more realistic retrieved examples).

Identifying multiple relations at once with a sin-
gle ICL hurts performance Table 12 shows that
using a single prompt for multi-class relation classi-
fication yields much lower F1 than prompting each
relation separately with a binary decision prompt
(i.e., does this relation hold or not?). In the multi-
class setting, especially for the smaller models, we
observe errors such as predicting misspelled rela-
tion labels or hallucinated relations. We therefore
use five binary prompts in our main experiments
and did not pursue the single-prompt option further.

NER-filtering as preprocessing consistently im-
proves results Table 13 presents results with and
without the NER filtering step. Across datasets and
models, the NER filtering consistently improves the
F1 scores. Furthermore, removing this preprocess-
ing step substantially increases computational cost,
as more relations must be prompted per episode.
Overall, NER filtering improves precision without
a noticeable drop in recall.

Computational Efficiency and Runtime Anal-
ysis Our best approach, the hybrid method, in-
creases the wall-clock runtime by only about 0.5%
per episode compared to the LLM-generated base-
line. In one episode, retrieval and clustering are
performed for five relation instances, resulting in a
total cost of 6.9s (1.38s x 5); this cost is indepen-
dent of the underlying LLM model size, as it relies
solely on embedding-based operations. Similarly,
LLM-based example generation using Qwen3-4B
is invoked five times, for a total of 8.95s (1.79s x
5). In contrast, the additional example selection
step used in the hybrid approach is applied only
once per episode, generates only a small list of 4
or 9 IDs, and adds just 0.049s of overhead, leading
to negligible computational cost overall.

8 Conclusions

1-shot relation extraction is a challenging problem
that is however critical in domains where response
time matters, e.g., intelligence or medical. We
study how to improve in-context learning in this

setting by selecting additional examples that ef-
fectively transform a 1-shot setup into a 5- or 10-
shot setting without supervision or model train-
ing. Specifically, we propose an example selection
framework that retrieves relation-faithful examples
using structured syntactic-semantic representations,
promotes diversity through clustering, and com-
plements retrieval with LLM-generated examples.
Together, these strategies yield a robust hybrid se-
lection method that balances similarity to the gold
example with diversity across examples.

Our hybrid example selection strategy trans-
fers well across benchmarks (FS-TACRED and
FS-FewRel) and LLMs (Qwen3-4B, Qwen3-14B,
Gemma3-4B). Overall, our analyses show that ex-
plicitly balancing (a) similarity to the gold example
via LLM-generated examples and (b) diversity via
syntactic-semantic retrieval is key to effective ex-
ample selection for in-context learning.

Limitations

While our proposed approach is effective, some
practical limitations remain. Not all relations nat-
urally align across corpora; therefore, our experi-
ments focus on the subset of FewRel relations that
align with TACRED. In addition, different LLMs
can respond differently to the same example set,
suggesting that example selection could be further
tailored to individual models for optimal perfor-
mance. Finally, although semantic rule represen-
tations provide a principled way to retrieve exam-
ples, occasional inaccuracies in these rules may
introduce less relevant demonstrations. Addressing
these aspects offers directions for future work.
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A Appendix

A.1 Hyperparameter Tuning and Retrieval
Efficiency

We use the FS-TACRED development episodes as
held-out data to tune hyperparameters. In practice,
the only tunable parameter in our framework is
the similarity threshold 7, which controls the pool
of candidate examples selected for clustering. We
tune 7 on FS-TACRED development episodes and
fix it to 7 = 0.6 in all experiments. The same
threshold value is applied when evaluating on FS-
FewRel , and no additional hyperparameters are
tuned on the FS-FewRel development set. All other
components, including the clustering algorithms
and cluster selection strategies, use fixed settings
as described in Section 4.

To enable efficient retrieval at scale, cosine simi-
larity search over precomputed sentence and rule
embeddings is implemented using FAISS (Douze
et al., 2025), allowing all candidate similarities to
be computed offline and reused during inference.
This design keeps inference efficient and avoids
introducing additional tunable parameters.

A.2 Decoding and Inference Details

The relation inference and named entity recog-
nition tasks are formulated as binary classifica-
tions using the logits of the first generated to-
ken, restricted to “yes” and “no”. A predic-
tion of “yes” is made when P(yes) > P(no),
and “no” otherwise. For all generation-related
components, we use the default decoding con-
figurations of the underlying language models.
For Qwen models, we use do_sample=True,
temperature=0.6, top_p=0.95, and top_k=20,
following the model defaults. For Gemma models,
we use do_sample=True, top_p=0.95, top_k=64,
and the default temperature setting (=1.0). We do
not truncate input prompts, while generated outputs
are capped at a maximum of 1,000 tokens, which
is sufficient for all prompts and tasks considered
in this work. These settings follow standard model
usage and avoid introducing additional decoding
hyperparameters that could confound comparisons
across strategies.
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You are given below a Relation name, a Description of the relation between brackets, N Support
sentences exemplifying the relation, and a Query sentence.

A relation connects the Subject and the Object entities. The Subject and the Object entities are
indicated with the subject and object tags respectively. You need to decide whether the relation
holds between the Subject and the Object entities in the Query sentence.

Relation name: "#RELATION#" (#RELATION_DESCRIPTION#)

Support Sentence 1: #SUPPORT_SENTENCE_1#

Support Sentence 2: #SUPPORT_SENTENCE_2#

Support Sentence N: #SUPPORT_SENTENCE_N#

Query Sentence: #QUERY_SENTENCE#

If the relation holds between the Subject and Object entities in the Query sentence, say “yes,”
otherwise say “no.” Just output “yes” or “no,” and nothing else.

Figure 2: Prompt template used for relation extraction using the binary approach (N € {1,5, 10} in our experiments).
Given (a) a relation name and description, (b) a set of support sentences that exemplify the relation, and (c) a query
sentence, the model is asked to decide whether the relation holds between the subject and object entities in the query
sentence.

You are given below a sentence, an entity contained within the sentence, and an entity type:

Sentence: #SENTENCE#
Entity: #ENTITY#
Entity Type: #ENTITY_TYPE#

Your task is to decide whether the Entity in the context of the Sentence either:

1. belongs to the entity type "#ENTITY_TYPE#"

or,

2. is a mention that points to an entity that belongs to the entity type "#ENTITY_TYPE#" (such as a
pronoun or other co-referring expression)

Only answer “yes” or “no,” nothing else.

Figure 3: Prompt template used for validating compatibility between the (expected) named entity types of a relation
type and the entities in a query sentence (Section 3). The entity types considered in this work are PERSON,
LOCATION, ORGANIZATION, DATE, CITY, COUNTRY, STATE, and PROVINCE).
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You are given below five Relation names, the Description of the relations between brackets, N Support
sentences exemplifying each relation, and a Query sentence.

A relation connects the Subject and the Object entities. The Subject and the Object entities are
indicated with the subject and object tags respectively. You need to decide whether the relation
holds between the Subject and the Object entities in the Query sentence.

Relation name: "#RELATIONT#" (#RELATION_DESCRIPTION#)
Support Sentence 1: #SUPPORT_SENTENCE_1#
Support Sentence 2: #SUPPORT_SENTENCE_2#
Support Sentence N: #SUPPORT_SENTENCE_N#
Relation name: "#RELATION2#" (#RELATION_DESCRIPTION#)
Support Sentence 1: #SUPPORT_SENTENCE_1#
Support Sentence 2: #SUPPORT_SENTENCE_2#

Support Sentence N: #SUPPORT_SENTENCE_N#

Relation name: "#RELATIONS5#" (#RELATION_DESCRIPTION#)
Support Sentence 1: #SUPPORT_SENTENCE_1#
Support Sentence 2: #SUPPORT_SENTENCE_2#

Support Sentence N: #SUPPORT_SENTENCE_N#

If the relation holds between the Subject and Object entities in the Query sentence, say “yes,”
otherwise say “no.” Just output “yes” or “no,” and nothing else.

Figure 4: Prompt template used for relation extraction with the multi-class approach, which we evaluate only for
the 1-shot baseline (N = 1), with five candidate relations per episode. Given (a) five relation names and their
descriptions, (b) a set of support sentences that exemplify each relation, and (c) a query sentence, the model is asked
to decide which relation, if any, holds between the subject and object entities in the query.

You are given below a Relation name, a Description of the relation, and a support sentence exemplifying
the relation.

A relation connects two entities: the Subject and the Object entities in the sentence. The Subject
and the Object entities are indicated with the <subject>..</subject> and <object>..</object> tags
respectively.

Relation name: "#RELATION#"
Relation description: "#RELATION_DESCRIPTION#"
Support Sentence: #SUPPORT_SENTENCE#

Your task is to generate N paraphrases of the support sentence that hold the same relation between
the same Subject and Object entities. In each paraphrase, you must include the subject and object
tags to identify the Subject and the Object entities.

Output in the following format:
01: your 1st paraphrased sentence
02: your 2nd paraphrased sentence

N: your Nth paraphrased sentence

Figure 5: Prompt template used for obtaining additional examples by paraphrasing with an LLM the original (gold)
support sentence. Given a relation name, its description, and a support sentence, the model is instructed to generate
multiple paraphrases that preserve the relation.
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Method

Additional Examples

Paraphrased
with LLM

1. [New Fabris]S®’ company director [Pierre Reau]%®’ stated that the company can currently only offer

between 10,000 and 15,000 euros in redundancy to workers with 20 or more years of experience.

2. [New Fabris]SBJ director [Pierre Reau]oBJ mentioned that the firm is currently only able to pay
between 10,000 and 15,000 euros in redundancy to employees with 20 or more years of experience.

3. [New Fabris]SB’ company director [Pierre Reau]°B! explained that the company can only currently
pay between 10,000 and 15,000 euros in redundancy to workers with 20 or more years of service.

4. [New Fabris]®’ director [Pierre Reau]®®’ said that the company is currently only able to provide
between 10,000 and 15,000 euros in redundancy to employees with 20 or more years of experience.

Generated with
LLM

1. [GlobalTech]®! CEO [Emma Lee]°B! highlighted that the company’s top employees are driving
innovation and growth.

2. [GreenEnergy]SBJ executive [James Carter]
sustainable development initiatives.

3. [HealthNova]SBJ director [Dr. Laura Martinez]OBJ stated that the organization’s top employees are
focused on patient care and research.

4. [ArtisanWorks]SBJ founder [Robert Kim]OBJ noted that the company’s top members are responsible
for creative direction and product design.

OBJ mentioned that the firm’s top members are leading

Retrieved
SBERT

1. According to [Microtune]SBY, many of the laid off employees have been hired by [TFS]°B, which
has agreed to address and build demand for radio frequency subsystems.

2. [Derek Twigg]oBJ : In line with the Government’s policy on controlling public sector pay, the Royal
Fleet Auxiliary ( RFA ) pay submission has been subject to close scrutiny by the [Ministry of Defence
and HM Treasury]SBJ .

3. The new Board will work with the [FSA]SB? to merge six existing compensation schemes into a
single one stop shop, as proposed under the Financial Services and Markets [Bill]OBY, currently before
Parliament.

4. "We are expecting the worst after August 14, when there will be retrenchment and the golden handshake

will be offered to bank employees ahead of privatization," said [Habibuddin J unaidi]®B’, president of
[Habib Bank General Workers Front]SBJ Pakistan.

Retrieved with
semantic  rule
representations

1. Among the representative works of the Bai people are Transit Star Catalogue for Time Determination
by the [Ming Dynasty]SBJ scholar [Zhou Silian] B Collection of Secret Prescriptions by Chen Dongtian
and Tested Prescriptions by Li Xingwei.

2. [Sony Pictures]B’ Classics co-presidents [Michael Barker] and Tom Bernard dropped in on a
small dinner at local hotspot Prego, celebrating Alice Wu’s "Saving Face" last week, and quickly closed a
deal for the Discovery section film.

3. "Options under consideration include regular and expanded sampling for hazardous substances such
as anthrax, opening packages for inspection, and high-tech alternatives, including digitizing the mail,"
[House]SBJ Administration Chairman [Bob Ney]OBJ ( R-Ohio ) wrote in a recent letter to his colleagues.
4. [Elon University]SBJ freshman [Elizabeth Easterly]OBJ presented research on body dissatisfaction,
self-esteem and exercise motivators among college-age women.

OBJ

Retrieved with
semantic rule
representations
and k-means
clustering

OBJ SBIJ»
1 ]

1. For further information, contact [Mike Smart , the [Bureau s Senior Policy Advisor ( you can
address him in German if you wish, as well as in English, French, and Spanish, and what not else ).

2. "IPv6 is an emerging technology that will increase in significance as the demand for IP addresses
grows," says [Lawrence Or::ms]OBJ , senior analyst, [Gartner, Inc.]SBJ "We anticipate that this demand
will be strongest in the Asia-Pacific region, which owns far fewer registered IP addresses than does North
America."

3. After graduating from Strathclyde, I obtained a PhD at the University of Glasgow and continued as a
researcher in the lab of Dr [Jim Brewelr]OBJ ( himself a [Strathclyde Imrnunology]SBJ graduate ) looking
at ways to improve the efficacy of vaccines.

4. [Lieberman]OBJ, a three-term senator and the [Democratic]SBJ vice presidential candidate in 2000, lost
by a 52 to 48 percent margin to Ned Lamont, an heir to the Lamont family fortune and multi-millionaire
businessman, who ran as an opponent of the war in Iraq.

Table 3: Examples of additional support examples obtained with different methods (Section 4) given the following
original support sentence: [New Fabris 18BY company director [Pierre Reau]OB? said that currently the firm would
only able to pay between 10,000 and 15,000 euros in redundancy to workers with 20 or more years experience ,
and some junior workes would get just 3,000 euros (relation: org:top_members/employees). Additional examples
obtained with the LLM (generated from scratch or by paraphrasing) tend to be near duplicates and semantically
nearly identical to the original support example. On the other hand, retrieval-based methods provide additional
examples with more diverse contexts. In particular, examples retrieved using semantic rule representations and
k-means clustering show greater lexical and structural diversity while preserving the target relation.
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You are given below a Relation name, the Description of the relation, and a support sentence
exemplifying the relation.

A relation connects two entities: the Subject and the Object entities in the sentence. The Subject
and the Object entities are indicated with the <subject>..</subject> and <object>..</object> tags
respectively.

Relation name: "#RELATION#"
Relation description: "#RELATION_DESCRIPTION#"
Support Sentence: #SUPPORT_SENTENCE#

Your task is to generate N completely different new examples that hold the same relation. You must
follow these guidelines:

1. In each example, include subject and object tags to identify the Subject and the Object entities.
2. To increase diversity, use different words, phrases, and sentence structures across different
examples.

Output in the following format:
@1: your T1st example sentence
02: your 2nd example sentence

N: your Nth example sentence

Figure 6: Prompt template used for obtaining additional examples by generating them with an LLM. Given a relation
name, its description, and a support sentence, the model is instructed to generate diverse examples that hold the
relation.

You are given below a Relation name, a Description of the relation between brackets, and N Support
sentences exemplifying the relation.

A relation connects the Subject and the Object entities. The Subject and the Object entities are
marked within the subject and object tags respectively.

Relation name: "#RELATION#" (#RELATION_DESCRIPTION#)
Support Sentence 1: #SUPPORT_SENTENCE_1#
Support Sentence 2: #SUPPORT_SENTENCE_2#

Support Sentence N: #SUPPORT_SENTENCE_N#

Your task is to pick N/2 support sentences that maximize diversity. In other words, you should pick
support sentences that use different words, phrases, and sentence structures.

Output your best picks as a Python-style list of the N/2 IDs of the support sentences (e.g., [1, 4,
6, 71).
Only output the list and nothing else.

Figure 7: Prompt template used in our hybrid approach to select additional examples from the ones (a) generated
with an LLM and (b) retrieved with our semantic rule representations and k-means clustering. In our experiments,
(@) N =8or N = 18 and (b) we shuffle the NV support sentences in the prompt to avoid positional biases.

You are given a context sentence containing a Subject and an Object entity.
The Subject and Object entities are marked using <subject> and <object> tags, respectively.

Your task is to summarize the relation expressed between the Subject and the Object entities in the
context.

Context: #SUPPORT_SENTENCE#
You must retain the <subject> and <object> tags in the summarized output.

Only output the summarized relation between the Subject and the Object entities, and nothing else.

Figure 8: Prompt template used for summarizing support sentences. Given a support sentence exemplifying a
relation, the model is instructed to produce a compact natural language description of the relation between the
subject and object entities, while retaining the subject and object tags.
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#ex. Qwen3-4B Gemma3-4B
G+A P R F1 P R F1

FS-TACRED 1+0 14.6 +1.05 8.44+09 10.6 +1.00 4.4 4032 4.3 +£029 4.4 4+0.30
FS-FewRel 140 52.0+231 1654136 250+179 49347091 1.8 £0.18 3.4 +034
FS-NYT29 140 41.9+031 64.14+069 50.7+041 563+137 21.1+08 30.7+1.07

Dataset

Table 4: Results obtained with a 1-shot prompt only providing the subject and object entities and nothing else
from the query sentence (Figure 9). This experiment was designed to test the parametric knowledge of the LLMs
with respect to the test instances in FS-TACRED, FS-FewRel, and FS-NYT29. The results are relatively low with
FS-TACRED and FS-FewRel but surprisingly high with FS-NYT29. We conclude that the query sentences in
FS-NYT29 contain many instances for which parametric knowledge—even in relatively small LLMs—is enough to
make the correct inference. Thus, we do not consider FS-NYT29 in our main experiments.

You are given below a Relation name, a Description of the relation in brackets, a Support sentence
exemplifying the relation between the Subject and the Object entities, and a Query (a subject and
an object entity).

A relation connects the Subject and the Object entities. The Subject and the Object entities are
given within the subject and object tags respectively. You need to decide whether the relation holds
between the Subject and the Object entities in the given Query.

Relation name: “#RELATION#" (#RELATION_DESCRIPTION#)

Support Sentence 1: #SUPPORT_SENTENCE_1#

Support Sentence 2: #SUPPORT_SENTENCE_2#

Support Sentence N: #SUPPORT_SENTENCE_N#
Query Subject: #SUBJECT#
Query Object: #OBJECT#

If the relation between the Subject and the Object entities in the Query matches the given Relation
say “yes,” otherwise “no.”

Figure 9: Prompt template for 1-shot relation extraction only providing the subject and object entities and nothing
else from the query sentence. This prompt was designed to test the parametric knowledge of the LLMs with respect
to the test instances in FS-TACRED, FS-FewRel, and FS-NYT29.
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#ex. Qwen3-4B Qwen3-14B

G+A P R F1 P R F1
Few-shot baseline 140 417 +£137 264 +1.17 3247 £114 435 +081 423 +073 4297 o5
Including Additional examples
Paraphrased with LLM 1+4 443 +191 134 +078 2057 £105 42.6+1.17 48.8+075 45.5 +075
149 402 +237 133 +097 2007 £136 45.6+072 439 £051 4477 £0.09
Generated with LLM 144 4384095 2944075 3527 +075 427+120 488 +076 455 +078

149 420409 2844068 3397 +079 458 4092 4424037 45.0% +031
Retrieved (closest) using

SBERT representations 144 4334094 2244048 2957 +057 4374095 43.0+186 4347 +1.13
149 4244110 2124045 2827 +047 441 +104 398 +15 418" +1.08
+ hybrid 144 4414119 2944068 3537 +08 4404093 43.1+177 4357 +1.13

149 43.0+073 2924051 3477 +050 447 +118 399 +153 42.17 +1.00

Semantic rule representations  1+4 40.6 £144 33.0+130 364 +£137 433 +066 45.6+163 4447 £o09s
149 38.1+112 33.0+057 3537 +078 427 +066 425+163 42.67 +0098

+ hybrid 1+4 4414150 31.6+120 368 125 4321061 454149 4427 1086
149 4194136 31.6+09 360 +106 42.8+122 43.0+172 429" £1.19

and k-means clustering 1+4 39.1 £166 33.0+£098 358" 122 403097 47.1+171 4347 £1.03
149 3564123 3244058 3397 £085 39.9+099 463 +127 4297 +oss

+ hybrid 1+4 439 +149 3164099 367 +109 403 +1.14 467 +186 4327 121

149 43.0+146 3224129 36.8 +135 39.9+08 459 +081 427" +o064

Table 5: Results obtained with FS-FewRel using in-context learning in the 1-shot setting (i.e., one Gold example).
Our hybrid approach to obtain additional examples (i.e., coupling LLM-generated examples with our semantic
rule-based retrieval) yields the best results with Qwen3-4B (F1: +1.6 compared to generating additional examples
with an LLM), but we only observe benefits on Recall with Qwen3-14B. * and ' indicate the best method in the
whole column is statistically significantly better at p < 0.05 and p < 0.01, respectively, based on one-sided paired
bootstrap test with replacement on F1 scores.
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#ex. Qwen3-4B Qwen3-14B

G+A P R F1 P R F1
Few-shot baseline 140 2874099 17.8 +121 220" +1.19 31.6 +096 40.3 +147 3547 + 1.2
Including Additional examples
Paraphrased with LLM 144 30.8+153 08.6+09 13.57 +128 425+ 1.17 247 +073 312" £ 068
149 3144217 09.1+08 1417 +1.16 41.0+127 23.0+066 29.57 082
Generated with LLM 144 2684050 2424134 254" £092 373 +102 402 +173 387" + 111

149 2784108 247 +1.14 2617 +084 38.6+142 3644155 3757 +1.10

Retrieved (closest) using

SBERT representations 1+4 245+147 154+167 1897 £156 31.1+1.14 36.0+141 334" +105
149 249+ 110 159 +088 19.47 +083 304 +109 31.1+087 30.7" +076

+ hybrid 144 2594058 2344131 246 £081 393070 39.4+148 393 +£070
149 26.6+091 254 +079 26,07 £057 393 +080 357 +140 37.47 +os6

Semantic rule representations 1+4 239 +04s 233 +056 23.6" £043 333115 38.6+149 3580 £121
149 229 +056 25.1+068 23.9" +050 33.0+166 33.9+208 3347 +176

+ hybrid 1+4  26.6 £087 26.7+061 26.6 +£054 394 +1.04 394 +£127 394 +089

149 2624060 2894091 27.5 +048 40.0+1.11 362 +1.12 38.00 082

and k-means clustering
w/ random cluster selection 1+4 228 +080 285 +121 253" £096 29.5+081 463 +1.18 36.0" £o0s3
149 2214075 30.6+098 257" +070 29.7 +089 45.1 +159 35.8" +096

+ hybrid 144 2574105 26.6+068 2617 £070 37.9 £094 40.5+164 39.1 +1.15
149 2644069 289418 27.6 +120 387 +1.19 37.0+136 37.87 +084

w/ closest cluster selection 144 221 +066 27.7+132 246" £090 30.1 £079 432 +182 355" +£1.05
149 2124039 2894137 245" 4069 31.0+096 41.5+206 35.57 +1.04

+ hybrid 1+4 253 +059 262 +082 258" £049 382 +081 40.5+144 393 +075

149 2554062 27.8+130 26.6" £083 39.7+122 37.5+149 38.6" +097

and k-means++ clustering
w/ furthest cluster selection 144 2274093 2814172 251" +124 284 +080 464 +158 3527 40098
149 21.6+054 31.6+111 2577 +073 29.1 +092 46.0+178 35.77 + 1.0

+ hybrid 1+4 2504065 2614155 2557 £097 37.6+084 4024157 388 +£089
149 2584038 2894139 273 +079 39.1 +131 37.7+167 3847 +1.19

w/ closest cluster selection 1+4 223 +050 263 +105 2417 £070 313112 427175 3617 £ 111
149 2174052 29.6+072 250" £036 31.4+120 41.8+237 358" +146

+ hybrid 144 2544082 263 +142 2587 £100 3824117 402145 392 L 104

149 26.1 £046 279 +154 27.0 +095 39.8+139 37.24+171 385" +£120

Retrieved (closest) using
Semantic rule representations
and k-means, summarization
w/ random cluster selection 144 21.1+£077 33.9+100 260" +084 27.8 +060 44.3 +163 34.1T £090
149 208 +084 41.1+125 27.6 +101 284 +113 41.0+19 33.67 £136

+ hybrid 1+4 22.8+029 29.1 +091 255" £038 328 +£096 413 +146 36.6" +1.08
149 23.6+069 3324210 27.6 +1.18 35.1+145 35.6+154 3541 £132

w/ closest cluster selection 1+4 2134074 32.6+158 258" +096 28.6 +085 40.7 +153 33.67 +093
149 2024071 41.6+161 272 +091 29.8+1.02 39.0+136 33.8" +1.00

+ hybrid 1+4 2354056 293 +145 2617 £o085 327 +£170 40.7 £133 3627 + 147

149 2274040 3314169 27.0 +077 34.8+122 35.6+155 3527 +1.06

and k-means++, summarization
w/ furthest cluster selection 144 2214057 3524125 27.1 +074 28.0+090 444 +200 3447 +120
149 200 £068 424 +138 272 +088 294 +146 42.0+185 34.6" +151

+ hybrid 1+4 2324084 292+131 2597 £090 33.0+139 41.7+127 368" +1.16
149 2324038 3294195 272 +089 354 +140 362 +123 358" +101

w/ closest cluster selection 144 21.0+127 321 +195 2547 £151 295+101 41.1+158 343" £099
149 1944068 403 +153 262" 091 293 +076 37.8+148 33.0" 080

+ hybrid 1+4 224 +069 289 +196 252V £1.12 325+098 409 +160 3627 105

149 2254047 3224178 265 +081 35.6+1.13 354 +141 3550 +1.07

Table 6: Full results obtained with FS-TACRED using Qwen3-4B and Qwen3-14B. This table complements Table 1
by providing results with alternative cluster selection strategies and summarizing examples. We observe the same
trends as in Table 1: our hybrid approach combining additional examples generated with an LLM and retrieved with
semantic rule representations outperforms the alternatives. * and T indicate the best method in the whole column is
statistically significantly better at p < 0.05 and p < 0.01, respectively, based on one-sided paired bootstrap test
with replacement on F1 scores.
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#ex. Qwen3-4B Qwen3-14B

G+A P R F1 P R F1
Few-shot baseline 140 4174137 264 +1.17 324" 114 435+081 423 +073 429" 1052
Including Additional examples
Paraphrased with LLM 1+4 443 1191 13412078 2057 £105 426 +£1.17 488 +£075 455 £075
149 4024237 1334097 200" +136 45.6+072 43.9+051 44.7" +0.09
Generated with LLM 144 4384095 2944075 352" +075 427 +120 48.8+076 455 +078

149 42.0409 2844068 339" +079 458 +092 442 +037 45.0 +031

Retrieved (closest) using

SBERT representations 144 4334094 2244048 295" +057 43.7+095 43.0+18 4347 +1.13
149 4244100 21.2+045 282" +047 441 +104 39.8+152 41.8" +108

+ hybrid 1+4 4414119 294 +068 3537 £o086 44.0+£093 43.1+£177 435 +£113
149 43.04073 2924051 3477 +050 447 +118 399 +153 42.117 +1.00

Semantic rule representations 1+4 40.6+144 33.0+130 3647 £137 433 £o066 4564163 44.47 L0098
149 3814112 33.0+057 3537 +078 42.7+066 42.5+1.63 42.6" +0098

+ hybrid 1+4 44.1+150 31.6+120 36.8" £125 4324061 454 +£149 4427 £o3s6

149 4194136 31.6+090 36.07 106 42.8+122 43.0+172 429 +1.19

and k-means clustering
w/ random cluster selection 144 3914166 33.0+098 358" +122 403 +097 47.1+171 4347 +1.03
149 35.6+123 324 +058 3397 £o085 39.9+099 463 +127 4297 £oss

+ hybrid 144 4394149 31.6+09 3677 £1.00 403 +1.14 467 +18 4321 +121
149 43.0+146 3224129 36.8" £135 39.9+082 459 +081 4271 +o64

w/ closest cluster selection 1+4 38.1+109 34.1+061 360" +081 41.1+094 465+171 43.6 +1.12
149 361 +1.18 3374071 349" +091 404 +089 454 +168 427" £1.15

+ hybrid 144 4374128 3184072 368" +o084 413 +105 464 +150 4370 +1.13

149 428 +106 32.1+081 36.67 +081 40.1 +129 448 +162 423" £129

and k-means++ clustering
w/ furthest cluster selection 1+4 40.0+120 33.7+132 36.6" +1.16 39.6+085 47.9+172 433" £09
149 3724098 3354064 3537 £074 39.6+068 46.1+120 42.6" +063

+ hybrid 144 4344149 31.1 4068 3627 £091 39.8+049 47.7 +148 434" +068
149 4254135 3134094 3617 £1.00 39.2+08 459 +1.04 423" +0.80

w/ closest cluster selection 144 39.1+1.16 34.0+080 3647 £096 409 +1.15 463 +136 43.57 +1.06
149 3624120 33.14077 346" 094 40.1 +1.15 44.6 +133 422" +1.06

+ hybrid 1+4 435+116 31.9+065 36.8" £068 41.1+£1.12 46.6+127 4377 £097

149 427408 3174057 3637 +054 402 +1.15 447 +1.04 4247 40095

Retrieved (closest) using
Semantic rule representations
and k-means, summarization
w/ random cluster selection  1+4 36.5+£097 36.0 078 362" £082 39.5+089 447 £124 42.07 +£os5
149 33.1+056 39.5+058 36.0" £046 38.4 +£134 42.5+085 4037 +1.05

+ hybrid 1+4 4124072 358068 383 +£064 399076 457 £123 42.6" £066
149 38.8+094 36.8+077 37.7* £078 39.0+136 43.5+091 41.17 +1.07

w/ closest cluster selection 1+4 36.1 £084 36.3+090 362F £075 39.7 £090 44.4+1.07 41.9" +050
149 3314124 3994106 3627 +1.12 394 +060 424 +074 40.8" +042

+ hybrid 144 412+077 36.0+£074 384 +066 40.1 £083 44.6+133 4227 083

149 3924105 373 +1.17 382 +103 39.6+095 42.8+166 41.11 +1.14

and k-means++, summarization
w/ furthest cluster selection 144 3784119 3804123 379 +109 39.3+074 458 +103 423" +059
149 3324131 3844120 356" +1.18 385+1.12 432+079 40.71 + 001

+ hybrid 144 41.1+140 358+176 383 150 39.0+105 4544039 41.9" £069
149 3934110 3674095 37.9 +091 385+106 43.3+108 40.7" +096

w/ closest cluster selection 1+4 373 +116 37.9+119 37.6" £1.03 40.6+£129 445+ 111 4247 £ 105
149 33.0+1.02 39.8+093 36.17 +086 39.6+1.14 42.6+08 41.0" +089

+ hybrid 1+4 409 £092 3594077 382 +£072 403 +£118 44.6+£128 4237 £ 1.09

149 3914111 37.14+083 38.1 +08 39.3+1.09 42.5+065 40.8" +078

Table 7: Full results obtained with FS-FewRel using Qwen3-4B and Qwen3-14B. This table complements Table 5
by providing results with alternative cluster selection strategies and summarizing examples. We observe the same
trends as in Table 5: our hybrid approach combining additional examples generated with an LLM and retrieved with
semantic rule representations outperforms the alternatives with Qwen3-4B. * and T indicate the best method in the
whole column is statistically significantly better at p < 0.05 and p < 0.01, respectively, based on one-sided paired
bootstrap test with replacement on F1 scores. 35967



#ex. Gemma3-4B Gemma3-12B

G+A P R F1 P R F1
Few-shot baseline 140 11.9+060 1854054 145 4058 253 +041 513 +169 339 +062
Including Additional examples
Paraphrased with LLM 1+4 089 +049 157 +102 1137 +o064 28.6+171 33.1+181 3077 + 168
149 07.9+05 1404139 10.17 £08 29.0+158 30.0£206 29.5" +1.77
Generated with LLM 144 08.9+030 38.1+143 14.57 £048 214 +035 62.6+213 31.9" +0.59

149 0944041 315418 14.57 +065 20.8 +022 64.1 +1.78 3147 +043

Retrieved (closest) using

SBERT representations 1+4 100 +053 27.8+128 147 +072 235+069 49.1+18 318" +096
149 10.1+049 24.3+097 143" 063 233 +069 43.1+123 30.27 +085

+ hybrid 1+4 09.4+033 380+147 151 +053 21.3+037 61.9+170 317" £o048
149 09.7 £034 32.1+151 149 +055 2124033 62.0+£178 31.6" +£049

Semantic rule representations 1+4 089 +020 39.0+115 14.5% £031 202 £044 60.7 £242 30.3" £079
149 08.6£021 37.6+153 140" £038 19.6 £027 57.7 159 293" +o04s

+ hybrid 1+4 089 +£039 40.6+145 145" £060 21.2+031 63.4+226 318" +£058

149 0934015 3684149 14.8 +030 21.0+049 644 +261 31.67 +081

and k-means clustering
w/ random cluster selection 144 08.8 4035 4284150 14.5* +056 19.1 +030 62.2+201 29.2F +055
149 08.8+024 41.2+142 145" 4040 18.8+037 61.4+147 288" +057

+ hybrid 144 0884043 4194190 14.6* +069 20.7 +030 627 +18 31.1T 049
149 09.14045 3624169 14.6* +069 21.0+027 652 +211 3171 +050

w/ closest cluster selection 1+4 08.5+034 425+135 1427 £o054 20.1 +034 61.5+18 303" 056
149 0884020 42.0+123 14.6* +032 19.2+026 60.0+108 29.1T 038

+ hybrid 1+4 08.8+015 41.0+078 144" £021 209 £030 63.6+16 3147 £037

149 0954034 373+139 151 +053 20.7+029 64.6+198 31.47 +04s5

and k-means++ clustering
w/ furthest cluster selection 144 08.8+040 427 +126 14.6* £061 19.7+030 62.5+1.94 30.0" +0.55
149 08.6+0.14 397 +150 1417 +026 18.8+034 61.2+090 287" +042

+ hybrid 1+4 089 +04s 41.7+172 147 +074 21.0+023 63.0+165 3157 £032
149 09.1 +034 368 +192 14.6" 056 21.0+038 64.6 +2.05 31.7Jr +0.53

w/ closest cluster selection 1+4 087 +024 41.5+163 144" £041 199 +021 61.0+179 30.0" + 041
149 08.6+035 40.0+143 14.1T +056 19.8+023 60.5+132 299" +037

+ hybrid 1+4 089 +031 42.0+168 14.7° £050 20.9 £029 63.0 £206 31.37 +£048

149 09.04027 37.14+130 145" +043 20.8+026 644 +170 3147 +035

Retrieved (closest) using
Semantic rule representations
and k-means, summarization
w/ random cluster selection ~ 1+4  08.0 £041 39.4 200 133" £o067 187 +£039 64.1 £125 28.9" £o53
149 09.1 +044 353 +239 14.5* £076 189 +047 64.8+1.12 29.37 +063

+ hybrid 1+4 07.7+017 40.0+118 129" £020 207 059 61.1 £125 309" £071
149 0854032 36.6+209 138" +055 19.4+036 629 +120 29.7" + 044

w/ closest cluster selection 1+4 083 +025 40.8+100 13.87 £039 193 +021 634 +108 29.5" +022
149 08.74027 3674112 1417 +043 19.8 +041 63.9+070 30.2% +050

+ hybrid 1+4 07.8+020 41.6+148 13.17 £034 20.4 £047 61.0£182 30.6" +065

149 08.6+035 37.8+152 1407 +055 19.2+033 62.5+123 29.4" +045

and k-means++, summarization
w/ furthest cluster selection 144 08.1+026 38.0+083 134" +040 19.1 +033 64.2+106 2947 +036
149 09.1 044 3524161 14.5* +066 19.1 £026 64.9+1.09 29.57 +0.29

+ hybrid 1+4 07.7+016 403 +078 129" £023 21.0+040 61.4+106 31.3" £038
149 0844029 36.6+197 1377 +050 19.7+029 63.3+142 30.0" £038

w/ closest cluster selection 144 08.1 4021 38.6+136 1347 +036 194 +017 629 +150 29.6" +0.22
149 0894038 36.0+18 143" £063 19.2+035 63.0+1.04 29.4% +043

+ hybrid 1+4 078 +020 402+164 13.07 £034 205046 60.7 143 30.6" 059

149 08.7+019 384 +137 142" £031 19.2+046 62.1 +176 29.3" +0.65

Table 8: Full results obtained with FS-TACRED using Gemma3-4B and Gemma3-12B. This table complements
Table 1 and 6 by providing results with two additional LLMs. Incorporating additional examples results in minor
improvements with Gemma3-4B and inconsistent gains with Gemma3-12B. * and ! indicate the best method in the
whole column is statistically significantly better at p < 0.05 and p < 0.01, respectively, based on one-sided paired
bootstrap test with replacement on F1 scores.
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#ex. Gemma3-4B Gemma3-12B

G+A P R F1 P R F1
Few-shot baseline 140 3514093 22.8" +098 27.6 +096 367 +08 60.3+158 45.6 +081
Including Additional examples
Paraphrased with LLM 144 324 +165 21.7+09 260" £1.12 36.5+067 56.8+152 444" +070
149 30.14+08 17.7+060 2237 +064 3624067 59.5+1.58 45.0" +0.69
Generated with LLM 1+4 3204084 4394106 37.0 +060 36.5+067 56.8+15 444" +070

149 3564121 37.6+170 36.5* £120 36.2+074 59.5+148 45.07 +0.69

Retrieved (closest) using

SBERT representations 1+4 356+176 353 +185 3541 £160 34.6+085 57.7+139 4327 +o0s87
149 3734163 30.1+154 3337 £135 36.0+080 53.5+158 43.0" £097

+ hybrid 1+4 3324070 427 4+134 374 +065 34.6+104 582+161 4347 +£103
149 3784113 3674130 372 +084 36.0+078 54.6+1.06 43.31 +0.064

Semantic rule representations 1+4 278 +086 457 +185 34.6" £095 31.5+086 60.3+£161 41.47 £095
149 2844055 403 +157 3337 +080 314 +1.04 56.8+141 404" +1.05

+ hybrid 1+4 3134078 4534199 37.0 +£107 31.7+£09 603170 415" £ 105

149 3324070 395+18 36.17 +08 31.3+1.15 56.8+180 40.3" +1.28

and k-means clustering
w/ random cluster selection 1+4 2764106 44.0+207 3397 £127 313 +083 61.3+175 4147 097
149 2664052 37.1+112 310" 066 304 +084 574 +168 39.7" +087

+ hybrid 1+4 31.14+057 4504155 36.8" £068 31.5+084 613 +162 416" +092
149 33.640690 39.0+178 36.17 £1.00 30.5+086 58.6+146 40.17 +0.89

w/ closest cluster selection 1+4 2734094 43.6+143 33.67 £098 31.0+094 61.4+228 4127 +120
149 275+086 39.6+096 3257 £084 30.1 £093 57.7+187 39.6" +1.12

+ hybrid 1+4 308 +£027 450+128 36.6* 042 31.2+073 61.9+213 41.57 +093

149 33.0+067 38.6+178 3557 £1.03 30.6+1.10 59.0+19 40.3" +125

and k-means++ clustering
w/ furthest cluster selection 144 2814055 455+149 348" 1065 31.2+055 60.5+168 41.1T 069
149 253408 334+102 288" 076 304 +081 57.6+160 39.77 +0s88

+ hybrid 1+4 31.1 048 448 +174 367" £058 31.7+060 60.9+158 4177 +o71
149 335+072 3824175 3567 £1.10 30.4+076 58.6+£179 40.17 +0s5

w/ closest cluster selection 1+4 2864080 47.1+178 3567 £094 31.3+08 61.3+206 41.47 +1.00
149 2714066 38.6+168 31.8" +089 303 +105 57.9+173 39.8" +1.17

+ hybrid 1+4 31.1+£100 4544136 369 +094 31.4+079 615+182 41.67 +087

149 3384071 394415 3647 +082 302+1.12 58.1+180 39.7" +1.23

Retrieved (closest) using
Semantic rule representations
and k-means, summarization
w/ random cluster selection 144 27.6+118 47.9+179 3507 £118 31.6+£104 62.1 £130 41.9" £ 108
149 28.0+065 41.24+095 33.3" £o049 3131095 602+163 4127 +1.03

+ hybrid 1+4 2874030 4824164 36.0" £042 317082 61.9+104 419" £077
149 3004047 4404175 35.6" £065 31.0+085 60.6+156 41.07 +0.90

w/ closest cluster selection 1+4 268 +074 4754178 3427 +083 31.7+074 622 +145 4201 +076
149 2774049 4274102 33.6" £040 31.7+08 60.7+1.60 41.67 +081

+ hybrid 1+4 285+030 482+162 358" +051 31.5+084 61.9+161 41.8" +o089

149 29.7 £053 4424135 3557 £059 31.1 £090 60.5+143 41.07 +£0.90

and k-means++, summarization
w/ furthest cluster selection 1+4 28.0+071 4574147 3477 071 314 +071 620+158 4171 £079
149 28.0+084 40.1+15 33.07 091 31.3+08 59.7+136 41.1T +085

+ hybrid 1+4 2894037 474+177 3597 £070 31.5+08 61.9+170 41.8" +090
149 30.5+060 43.7+140 359" £o066 30.9+087 60.0+149 40.77 +o0s81

w/ closest cluster selection 144 2784067 485+139 3537 +065 3174102 62.1+192 420" +1.17
149 2874063 445+138 349" 074 31.9+097 60.2+151 41.7" +099

+ hybrid 1+4 289 +062 484 +192 362" £091 31.9+084 61.9+£155 4217 £os7

149 3034061 4394140 359" +071 31.2+098 60.3+154 41.17 +1.03

Table 9: Full results obtained with FS-FewRel using Gemma3-4B and Gemma3-12B. This table complements
Table 5 and 7 by providing results with two additional LLMs. Incorporating additional examples results in minor
improvements with Gemma3-4B, and inconsistent gains with Gemma3-12B—the 1-shot baseline is the best-
performing system. * and T indicate the best method in the whole column is statistically significantly better at
p < 0.05 and p < 0.01, respectively, based on one-sided paired bootstrap test with replacement on F1 scores.
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FS-TACRED FS-FewRel
# Generated # Retrieved # Generated # Retrieved

# Addtl. examples

SBERT representations 4 2.94 1.06 3.03 0.97
9 7.10 2.35 7.16 1.84

Semantic rule representations 4 2.77 1.23 2.88 1.12
9 6.65 2.35 6.66 2.34

and k-means clustering 4 3.05 0.95 3.08 0.92

9 7.18 1.82 7.11 1.89

Table 10: Analysis of our hybrid approach using Qwen3-4B on FS-TACRED and FS-FewRel (best performing
methods in Tables 1 and 5). Regardless of whether we aim for 4 or 9 additional examples and the dataset, the
majority (roughly 2/3) of additional examples are selected from the ones generated with an LLM. The remaining one
third, however, are selected from our retrieval approach grounded using semantic rule representations and clustering.
Recall that the hybrid approach (as opposed to using only examples generated with an LLM) yields better results
(Tables 1 and 5). We hypothesize that this is due to the higher diversity in the retrieved examples (Section 7).

Method #ex Gold. vs. Addtl. Among Addtl.
G+A %overlap cosine % overlap cosine
Paraphrased with LLM 1+4 41.0  0.827 54.1  0.867
149 41.3  0.827 59.1  0.880
Generated with LLM 1+4 7.6  0.275 12.9  0.379
149 8.0 0.272 17.0  0.398

Retrieved (closest) using

SBERT representations 1+4 8.3 0.361 08.9 0.339
1+9 8.6 0.345 08.2 0.311
Semantic rule representations ~ 1+4 12.8  0.257 12.3  0.251
149 11.8  0.245 11.0  0.239
+ hybrid 1+4 9.4 0.267 09.9 0.303
1+9 9.2  0.269 12.6  0.326
and k-means clustering 1+4 7.3 0.171 6.8 0.158
149 74 0.170 6.9 0.160
+ hybrid 1+4 6.8 0.278 9.8 0.308
149 7.2 0.247 12.8  0.367

Table 11: Diversity analysis of all the additional examples obtained with several methods on FS-TACRED. We
report the average diversity metrics between (a) the gold support sentence (i.e., original example) and the additional
examples (columns 3-4) and (b) among the additional examples (columns 5-6). The diversity metrics are the
percentage of tokens overlap and the cosine similarity of the SBERT representations. Lower values indicate higher
diversity with both metrics. Paraphrasing with an LLM results in additional examples with high token overlap
and cosine similarities, indicating low diversity. Generating with an LLM alleviates the issue, but retrieving with
semantic rule representations results in additional examples with the lowest token overlaps and cosine similarity.
Note that combining both of these examples (hybrid) is more beneficial for in-context learning (Table 6), thus the
relation at hand does hold despite the higher diversity.

Dataset #ex. Qwen3-4B Gemma3-4B
G+A P R Fl1 P R Fl
FS-TACRED
Binary 1+0 287 £099 17.8+121 22.0+119 1194060 18.5+054 1454058
Multi-class  1+0 05.0 £0.15 64.4 +1.11 09.34+026 0554018 60.5+138 10.2 £031
FS-FewRel
Binary 140 41.7+137 264 +1.17 324 +1.14 351+093 22.8+098 27.6+096

Multi-class  1+0 1454059 53.8 £181 22.9+086 2394047 593 +187 34.0 +062

Table 12: Results with the 1-shot setting using the binary (for each of the five relations in an episode, does it hold
between the entities at hand?) and multi-class approaches (which of these five relations holds between the entities at
hand, if any?). See descriptions of both approaches in Section 3. The binary approach yields stronger results for all
corpora and LLMs except Gemma3-4B with FS-FewRel, so we report all our main results with the binary approach.
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#ex. Qwen3-4B Gemma3-4B
G+A P R F1 P R F1
FS-TACRED 140 28.7+099 17.8+121 220+1.19 11.9+060 1854054 14.5+0.58
without NER filter 1+0 21.7 +065 189 +1.15 20.2+093 07.64+039 184 +056 10.8 +047
FS-FewRel 140 41.7+137 264 +117 324 +1.14 3514093 2284098 27.6 +0.96
without NER filter 140 294 +1.14 28.1 £1.14 28.7+098 209 +031 23.5+092 22.1 4056

Table 13: Ablation study on the effect of NER-based filtering in the baseline 1-shot setting on FS-TACRED and
FS-FewRel using Qwen3-4B and Gemma3-4B (first rows in Tables 1 and 5). Recall that the deterministic filtering
simply discards a relation at inference time unless the named entities of the subject and object named entities
have the expected types. Removing the filter substantially decreases precision while minimally decreasing recall

(resulting in lower F1 across corpora and LLMs), so we keep the filter in our main experiments.
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