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Abstract
Zero-shot relation extraction aims to identify relations between entity mentions using textual descriptions
of novel types (i.e., previously unseen) instead of labeled training examples. Previous works often rely on
unrealistic assumptions: (1) pairs of mentions are often encoded directly in the input, which prevents offline
pre-computation for large scale document database querying; (2) no rejection mechanism is introduced, biasing
the evaluation when using these models in a retrieval scenario where some (and often most) inputs are
irrelevant and must be ignored. In this work, we study the robustness of existing zero-shot relation extraction
models when adapting them to a realistic extraction scenario. To this end, we introduce a typology of existing
models, and propose several strategies to build single pass models and models with a rejection mechanism.
We adapt several state-of-the-art tools, and compare them in this challenging setting, showing that no exist-
ing work is really robust to realistic assumptions, but overall ALIGNRE (Li et al., 2024b) performs best along all criteria.

Keywords: relation extraction, zero-shot learning, efficient models, rejection mechanism

1. Introduction

Relation extraction (RE) is a fundamental natu-
ral language processing task that aims to identify
which relation links two entity mentions, if any—
see Figure 1 (left). RE is central in many fields
including biomedical research (Habibi et al., 2017),
finance (Hamad et al., 2024) and legal analysis
(Zhong et al., 2020), mainly as an intermediate
step for solving downstream tasks, including in in-
formation retrieval (Yang et al., 2022), question
answering (Chen et al., 2019), document retrieval
for clinical decision process (Agosti et al., 2018),
etc.

Although several surveys on RE have been pub-
lished (Hang et al., 2025; Zhao et al., 2024; Deng
et al., 2024; Bassignana and Plank, 2022, inter
alia), we argue that there is a need to better un-
derstand existing models in the context of specific
use cases. Indeed, users may face challenging set-
tings that encompass constraints that have been
little studied in the literature. In this work, we focus
on zero-shot RE, which we cast as a relation min-
ing problem where we assume the targeted text
dataset is large but known in advance, e.g., a com-
pany’s document archive. We illustrate this use
case with the following scenario.

Use case scenario. A journalist wants
to search for specific facts in a collec-
tion of raw news archives. He starts
by describing relation types of inter-
est: “country in which this person
rigged elections”; “person who illegally
financed elections in this country”; etc.
Then, he uses a RE model to retrieve all oc-

currences of these relations in the archives.

This setting is particularly challenging. First, the
targeted relation types are not known in advance,
which we call on-the-fly zero-shot RE, in order to
insist that each novel query on the data may re-
quest for previously unknown types. Second, to
ensure reasonable processing times, models must
allow to pre-compute and store input text represen-
tations. In this work, we refer to this property as
offline encoding.

Definition 1 (On-the-fly zero-shot classification).
On-the-fly zero-shot classification refers to the
problem of multiclass classification for which the
set of output classes is (1) unseen during training
and (2) instance dependent, that this the set of
output classes is specified at the same time as the
instance to classify; in other words the set of output
classes is part of the input.

Definition 2 (Offline encoding). Offline encoding
refers to the setting where representations of in-
stances (e.g., contextual embeddings of tokens
for textual inputs) are pre-computed and stored in
advance.

These two requirements constrain the neural ar-
chitecture to be based on /ate interaction (Khattab
and Zaharia, 2020), that is the encoding step (e.g.,
using BERT or related models) must compute rep-
resentations of the input utterance and the relation
types separately, and only combine them when
computing output logits, see Figure 2. In addition
to late interaction, offline encoding means that en-
tity mention candidates cannot be identified in the
input during the utterance encoding step.

Last, when searching for relations of a given type
in a large collection, most inputs should be rejected
as they are irrelevant, and therefore the standard
multi-class classification setting is inadequate.’

'For example, the second instance in Figure 1 is
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operating system
[ 1

(1) Cligz supports the macOS operating system.

head tail

(2) Cligz does not support ArchLinux.
head tail

Side-information on the relation type:
* Name: “operating system”
« Aliases: “0S, “supported 0S”, ...

» Description: “operating system (0S)
on which a software works or the 0S
installed on hardware”

Figure 1: In relation extraction, the input is an utterance with two identified mentions, a head mention
and a tail mention. We assume that the only targeted relation type is operating system. (left) Two input
examples. In (1), the model must predict that there is a relation of this type between the two mentions. In
(2), the model should reject the input, as the candidate input relation does not correspond to any type in
the targeted ones. (right) Example of side-information used for zero-shot relation extraction.

This requires to augment the model with a rejection
mechanism (Hendrycks and Gimpel, 2017; Baran-
das et al., 2022; Hendrickx et al., 2024).

Research question. Can we easily iden-
tify the best model for on-the-fly and of-
fline encoding RE in large text collections,
and how robust are these models when en-
hanced with the necessary rejection mech-
anism for this use-case?

To answer this question, we propose a novel
typology that shows that no recent off-the-shelf
model is tailored to our use case. Our classifica-
tion shows that most approaches in the literature
encode the targeted relation directly in the input by
explicitly augmenting the input utterance to identify
the head and tail mentions candidate of a rela-
tion: for instance, utterance (1) in Figure 1 can
have its entities targeted using special markup:
“<E1>Cliqz</E1> supports the <E2>mac0S</E2>
operating system.”. This means that these mod-
els do not enable offline encoding, even when they
are based on a late-interaction architecture.? More-
over, to the best of our knowledge, our typology
shows that no recent zero-shot RE based on a
late-interaction architecture implements a “native”
rejection mechanism.

Using our typology, we identify three state-of-the-
art models whose source codes are publicly avail-
able: EMMA (Li et al., 2024a), REMATCHING (Zhao
et al., 2023) and ALIGNRE (Li et al., 2024b). We
precisely describe the differences between these
models, and explain how to adapt them to our use

rejected because the relationship between the two en-
tity mentions does not correspond with to of the target
relation types.

2RE focuses on classifying a relation candidate identi-
fied by two mentions. In the zero-shot learning scenario,
the targeted types may concern mention types that are
unknown during the pre-computation stage. Note how-
ever that, as in previous zero-shot RE works, for evalua-
tion we assume the gold mentions are given.

case, i.e., to allow offline encoding and on-the-fly
zero-shot RE. As all these models lack a rejec-
tion mechanism, we present three different options
based on previous works. Finally, we evaluate
these updated models with and without rejection
mechanisms, on two publicly available datasets,
FEWREL (Han et al., 2018) and WIKIZSL (Chen
and Li, 2021).

Our experiments show that ALIGNRE, when
adapted for offline encoding and a rejection mecha-
nism, performs best among all considered models.

Our contributions can be summarized as follows:
(1) we build a typology of zero-shot RE models;
(2) we compare the main differences in the archi-
tecture of three state-of-the art models after adjust-
ment for offline encoding; (3) we describe three
rejection mechanisms that can be implemented in
any zero-shot RE model; (4) we evaluate these
models in comparable evaluation settings. Code to
reproduce experiments is publicly available.

2. Related Works

In this section, we review previous publications
following similar goals as ours, giving a clear view
over the current state of models and identifying
design choices that impact downstream results.

2.1.

Building a typology, i.e., a set of targeted criteria,
enables systematic model comparison and selec-
tion for specific scenarios.

Zhao et al. (2024) focus on supervised RE,
whereas we focus on zero-shot learning. Closer
to our setting, Hang et al. (2025) introduced a tax-
onomy of manual and automatic prompts for few-
shot RE. They analyze template construction and
model fine-tuning strategies, as well as their pros
and cons (e.g., annotation costs, prediction time,

Related Typologies

3https://gitlab.inria.fr/huthomas/
zsre-models-adaptation
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etc). We focus on other criteria, namely processing
efficiency and rejection methods.

Beyond RE, Deng et al. (2024) and Pai et al.
(2024) studied low-resource and open information
extraction, respectively, but do not consider zero-
shot RE. We take inspiration from these studies,
differentiating ourselves by the goal of our typology,
that is finding adapted or adaptable models to large
scale and on-the-fly relation extraction thanks to
offline encoding.

2.2. Datasets and Evaluation

Bassignana and Plank (2022) proposed a broad
overview on RE datasets and evaluation protocols.
Importantly, they show that annotation is not con-
sistent across datasets. However, their analysis
does not mention the presence or absence of side-
information about relation types (like textual de-
scription, aliases, etc.) that are mandatory for our
zero-shot setting.

Han et al. (2018) introduced the FEWREL
dataset for few-shot RE. Relation types and their
instances are based on Wikidata. Chen and Li
(2021) proposed to use the same dataset for zero-
shot RE by simply changing the train/test splits.
However, this dataset is tailored for the classifi-
cation scenario, that is each sample of the test
split is guaranteed to belong to a fixed set of re-
lation types. Datasets RETACRED (Stoica et al.,
2020) and NYT (Riedel et al., 2010) include a spe-
cial relation type for rejection evaluation, i.e., a
specific output class that identifies couples of men-
tions that do not belong to the targeted relation
types. However, these datasets do not include side-
information about relation types, and can therefore
not be straightforwardly used for zero-shot learn-
ing.

Unfortunately, to the best of our knowledge, no
currently available RE dataset was initially built in-
cluding both data for rejection evaluation and side-
information required for zero-shot learning, except
FEWREL 2.0 (Gao et al., 2019). However, its au-
thors’ goal is to identify relations between mentions
with respect to the whole set of types, whereas
in our RE scenario, we aim to reject a candidate
with respect to an “on-the-fly defined” list of tar-
geted relations. Therefore, in this work, we choose
to focus on FEWREL and WIKIZSL, with tailored
evaluation procedures for rejection. This choice is
motivated by the fact that we want to study mode/
robustness to adaptation for large scale and on-
the-fly RE: As such, we use the same dataset for
evaluation with and without a rejection mechanism.
These datasets remain relatively small and well-
annotated compared to the data we will encounter
in our scenario. We justify this choice by the need
for comparability to previous models and by the

Utterance with two Relation name
identified mentions 1

Cligz supports ‘ operating system
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Figure 2: Generic illustration of an encoder-only
zero-shot RE model.

ease of evaluation through reliable and exhaustive
annotation at the sentence level.

2.3. Benchmarking Design Choices

Baldini Soares et al. (2019) and Thomas et al.
(2023) compared different entity pair embedding
methods, and conclude that surrounding the men-
tions of entity pairs with markup and concatenating
the markup’s embeddings offers the best perfor-
mance for RE, unfortunately preventing offline en-
coding. This was also observed in ablation studies
in Zhao et al. (2023); Li et al. (2024b).

In the biomedical domain, Sarrouti et al. (2022)
and Naguib et al. (2024) compared encoder-only
and encoder-decoder architectures for RE and
named entity recognition, respectively. They both
conclude that encoder-only architectures lead to
better results while having fewer parameters.

3. Typology of Zero-Shot RE Models

We introduce a novel typology, summarized in Ta-
ble 1, that allows to compare existing models for
on-the-fly zero-shot RE with offline encoding, in-
cluding the need for a rejection mechanism.*

“Recent works also studied generative language
models (LM) for zero-shot RE (Chia et al., 2022; Li
et al., 2023; Liu et al., 2024; Zhang et al., 2023, inter
alia). These approaches (including more recent retrieval-
augmented generation approaches) need to run a full
forward pass on the entire LM for each input utterance,
meaning that it is not possible to pre-compute and cache
input representations for offline encoding. We do not
consider aforementioned models in this work and focus
solely on methods based on encoder-only architectures.
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ZS-BERT LAVEENTAIL RcL MATCHPROMPT REMATCHING CL&CD EMMA ALIGNRE  CE-DA GLIREL
Chenand Li Sainzetal. Wangetal. Wangetal. Zhaoetal. Yangetal. Lietal. Lietal. Zhangetal. Boylanetal.
(2021) (2021) (2022b) (2022a) (2023) (2024)  (2024a) (2024b)  (2025) (2025)
Neural architecture
SBERT v v 4
Single pass v v
Rej. mechanism v
Late interaction v v v v v v v
Side-information
Name v v v
Description v v v v 4 4 4
Aliases v v
Mention types v
Experimental Results
Public code v v v v v v v
F1 77.90 90.73 92.58 96.79 94.67 93.09 95.17 94.20

Table 1: Typology of zero-shot relation extraction models, ordered chronologically. Row SBERT indicates
the use of SBERT to encode side-information of relation types. The F1 row contains results as reported
by original authors on FEWREL using 5 unknown relation types, without rejection mechanism. (We do not
include results for MATCHPROMPT and ALIGNRE as they have not been tested on this dataset) Note that
there is also a late interaction variant of EMMA, but it achieves significantly lower F1 scores.

3.1.

A simplified illustration of a generic encoder-only
neural architecture as used in few-shot and zero-
shot learning is depicted in Figure 2: the neural
network builds (1) a representation of the relation
candidate between a head entity and a tail entity
in an input utterance using the utterance encoder
on the left side and (2) a representation of each
targeted relation type, also called a prototype, from
their respective side-information using the descrip-
tion encoder on the right side. To this end, relation
mentions and descriptions tokens are contextually
encoded into token embeddings, which are pro-
cessed into a single vector of a relation mention or
relation type (prototype). Then, prediction reduces
to searching the best fit between the candidate
representation and relation type prototypes, often
by maximizing the cosine similarity.

We now describe the encoder properties high-
lighted by our typology. First, although all models
rely on BERT (Devlin et al., 2019) or a similarly pre-
trained encoder for the utterance encoder, they dif-
fer in the description encoder: some use the same
network; others instead rely on the sentence em-
bedding model of Reimers and Gurevych (2019),
which we call SBERT in the following.

Second, the utterance and description encoders
can be joined into a single encoder (e.g. including
cross-attention between the input utterance and
relation type side-information) or they may be in-
dependent. We say that independent encoders
allow for late interaction, which is mandatory for
on-the-fly zero-shot RE with offline encoding.

Encoders

Natural Language Inference (NLI). There is
a single exception to this generic architecture:
LAVEENTAIL (Sainz et al., 2021), for label verbaliza-

tion and entailment, which is based on a NLI model.
The model takes as input the utterance (first sen-
tence) and a relation type side-information (second
sentence), and predicts if the two sentences are
related by entailment, disregarding in this case
contradiction or neutrality. High entailment proba-
bility means the input relation candidate is of this
relation type.

3.2. Relation Type Representations

The following side-information about relation types
has been used to build relation type representa-
tions:

1. name, e.g. “operating system;

2. description, e.g. “operating system (0S) on
which a software...”;

3. aliases, e.g. “0S”, “supported 0S”;

4. expected head and tail mention type names,
e.g. “sof'tware”.

For the simplest case, Boylan et al. (2025) rely only
on relation type names as a very short and dense
source of information. Instead, Li et al. (2024a)
choose to rely only on descriptions, whereas more
involved approaches include name, description
and aliases (Li et al., 2024b). Finally, Zhao et al.
(2023) also incorporate head and tail mention type
information.

3.3. Relation Candidate Representation

Most few- and zero-shot RE models encode the
relation candidate in the input of the utterance en-
coder. For example, the first utterance and relation
candidate in Figure 1 (left) can be encoded as
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“<E1>Cliqz</E1> supports the <E2>mac0S</E2>
operating system.”.

Such encoding breaks compatibility with our on-
the-fly zero-shot setting. Indeed, in the offline en-
coding step (i.e., storing utterance representations
of the whole targeted text database in advance),
we do not know what mention types will be of in-
terest to the user; therefore, we cannot pre-identify
relation candidates at this stage (as head and tail
mention types depend on targeted relation types).

Therefore, an important property we seek for the
utterance encoder is that it is single pass: it takes
as input the raw utterance “Cliqz supports the
macOS operating system.”, and the same token
representations of this utterance can be used no
matter the target head and tail mentions, which al-
lows on-the-fly zero-shot RE with offline encoding.

3.4. Rejection Mechanism

LAVEENTAIL (Sainz et al., 2021) is the only model
that includes a native rejection mechanism, based
on an extra relation type for rejection whose de-
scription is “E1 and E2 are not related”, where
E1 and E2 are replaced head and tail mentions, re-
spectively. If this rejection description obtains the
highest entailment score among all descriptions for
an utterance, said utterance is rejected.®

4. Efficient Relation Extraction
without Rejection

Next, we explain how we adapt each considered
model to our relation extraction scenario.

4.1.

Table 1 shows that no model is tailored for our use
case: there is only one model which is single pass,
but it results in way lower F1 score than others,
and none of the late interaction model includes a
rejection mechanism.

For this study, we select two state-of-the art late
interaction models whose code is publicly available:
REMATCHING (Zhao et al., 2023) and ALIGNRE (Li
et al., 2024b). Moreover, we also include the vari-
ant without late interaction of EMMA in the study, in
order to understand how much performance drop
when using late interaction. We could have in-
cluded GLIREL instead, which also features early
interaction, but we stuck with EMMA for its close
resemblance to the two other models’ architecture,
which allows better comparison.

Selected Baselines

5There are older works such as (Levy et al., 2017)
that include a rejection mechanism, but they are not
included in our typology as their experimental results are
far from current state-of-the-art.

For the three models, we compare their off-
the-shelf implementations, that is software as dis-
tributed by authors that we train ourselves, with our
own adaptation that enables single pass inference.

4.2. Single Pass Adaptation

As described in Section 3.3, most models encode
the relation candidate in the input utterance. In
this section, we briefly describe our single pass
variants of the chosen baselines. The main idea
is that we give to the encoder the raw input ut-
terance, and then use BERT’s output contextual
embeddings as representation of targeted head
and tail entity mentions. With this approach, the
whole unaltered input utterance is encoded, and
at test-time any two mentions can be identified
as relation head and tail candidates, by extracting
their respective token embeddings. For the three
baselines, we update the model so that the single
pass variant is as similar as possible to the original
implementation.

Let (s, e1,e2) be an input, where s is an input
sentence, and e; (resp. e3) is the span of the head
(resp. tail) mention of the relation. We denote d €
N the dimension of BERT outputs.

EMMA. We first build a representation fme (s, e1)
(resp. fme.(s, e2)) for the head (resp. tail) mention,
and fsent.(s) for the global utterance.® We test
different strategies to build the representation of
ey (similarly es), which are all based on the BERT
model outputs, i.e., contextual embeddings:

« first: use the mention’s first token embedding;
* projection: concatenate the first and last to-
ken embeddings of the mention, and then

project this vector into dimension d;’

* mean pooling: average the first and last to-
ken embeddings of the mention;

* max pooling: compute element-wise maxi-
mum between first and last token embeddings.

Then, we build a relation candidate representation
frel.(s, €1, €2) € R3? as follows:

frer.(s,€1,€2) = foont.(8) @ fme.(s,€1) B fme.(5,€2),

where @ denotes vector concatenation. The rest
of the model follows the original implementation.

®Which is simply the contextual embedding of the
[CLS] token.

"Parameters of the projection are learned, and we
use the same projection for e; and e.
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|T| |D| Dist. me. Avg. len.
WIKIZSL 113 94383 77623 24.85
FEWREL 80 56000 72954 24.95

Table 2: Datasets statistics, where T'is the set of re-
lation types, D the set of relation quadruples includ-
ing utterance, entities and relation type (s, e1, es, t),
and the last two columns give the number of dis-
tinct entity mentions and the average length of
utterances, respectively.

ALIGNRE. For this model, the relation candidate
representation fie (s, e;1,e2) € R is the mean of
head and tail mention representations:

fro (8,61,€2) = 5 (fme. (5, 1) + fme (5, €2)),

and we test the same strategies as for EMMA.

When trying our different strategies on ALIGNRE,
we remove the custom prompt that the original
model appends when using entity markers, i.e.,
“The relation between [MASK] E1 and [MASK]
E2 is [MASK]”, where E1 and E2 are replaced by
the head and tail mentions, respectively.® Indeed,
this extra input is not compatible with offline en-
coding as it pre-identifies targeted head and tail
mentions. The rest of the model follows the original
implementation.

REMATCHING. The upgrade is similar to the one
of EMMA, but instead of concatenating the 3 rep-
resentations to build fie. (s, e1,e2), they are kept
separated to compute 3 cosine similarities that are
then aggregated, as per original implementation.

4.3. Experiments

Prediction. Let 7T be the set of all relations anno-
tated in a given dataset. Let 77 C T be a subset of
relation types. Each model first computes a vector
w € RT" Then, the prediction  is simply the rela-
tion type of maximum score: where w; is output
score associated with relation type ¢ € T’ for the
input.®

t = arg max wy.
teT’

Data. We evaluate on FEWREL (Han et al., 2018)
and WIKIZSL (Chen and Li, 2021). Dataset statis-
tics are given in Table 2.

8The original model would build relation representa-
tions by concatenating the three [MASK] tokens’ repre-
sentations from the prompt, whereas we use the previ-
ously described strategies.

%0 € R’ denotes the real-valued vectors indexed by
elements of T".

Hyperparameters. Models are trained for 5
epochs with a learning rate of 2 x 10~° for EMMA
and 10~° for ALIGNRE and RE-MATCHING, us-
ing ADAMW (Loshchilov and Hutter, 2019). For
ALIGNRE and RE-MATCHING, the SBERT encoder
is frozen. To obtain reliable results, all experiments
are repeated 3 times with different random seeds,
and we report average and standard deviation.

Evaluation metric. Note that in our evaluation
setting, an input is a tuple (s, e1,e2), and an out-
put is a relation type ¢ € Teva, Where Teyqy is the
evaluation set of relation types, unseen during train-
ing. As such, this evaluation setting reduces to a
standard multi-classification setting, and we simply
report the F1 score on the test set.

To better analyze robustness, we report F1
scores with different number of unknown classes
in Teyal; in practice we set [Teva| € {5,10,15}. For
a given set Teq, the dataset is trivially split be-
tween train and evaluation depending on the gold
annotated output for an input triple (s, e, e2).

Analysis. Results are given in Table 3. Strate-
gies like mean pooling, max pooling or first ob-
tain lower scores by a few points in some cases,
but models REMATCHING or ALIGNRE are able
to mitigate this difference in performance: while
still worse than EMMA with 5 unseen types, they
are better with more unseen relation types and re-
main stable when substituting the entity markup
by other embedding strategies. This shows that in
this setting, late encoding does not necessarily hurt
performances. Overall, the efficient REMATCHING
variants perform best compared to other efficient
variants, but ALIGNRE remains competitive.

The concatenation of both first and last mention
tokens embeddings results in the lowest scores.
EMMA is overall the most affected by the change of
embedding strategy, going from the highest scores
to scores comparable or worse to other models.

Overall, the evaluated single pass strategies
yield acceptable scores with minimal degradation
compared to the original approaches, and are
therefore suitable to our use case.

5. Rejection Mechanism

In the previous section, we compared off-the-shelf
versions of three zero-shot RE models with our
updated efficient variants. Unfortunately, this eval-
uation setting is quite artificial as it assumes that
each relation candidate is known to be of one of
the targeted types Tevar- In practice, we often aim
for relation extraction, where, for each relation can-
didate, we must decide if it belongs to a type in
Teval OF Not. In other words, we must have an option
to reject a candidate.
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FEWREL WIKIZSL
5 10 15 5 10 15

EMMA
Off-the-shelf 98.4 £1.2 84.5 +4.5 79.5 46.2 88.2 £7.0 67.948.8 62.8 46.6
Our efficient variants
— first 94.5 41.6 79.5 £3.0 70.2 4.6 81.6 4.8 64.7 £7.7 57.0 £2.0
< projection 94.6 £1.2 77.8 +4.8 67.2 46.1 79.0 £6.2 59.0 9.9 50.5 2.3
< max pooling 94.6 £1.5 79.9 £2.3 70.2 +4.8 83.9 3.5 65.949.1 58.4 +1.8
< mean pooling 94.6 £1.4 80.0 2.5 70.915.3 82.6 3.4 65.548.9 57.8 3.7

RE-MATCHING
Off-the-shelf 92.7 +4.1 84.1 45.3 75.0 £3.7 86.3 46.3 84.0 46.3 74.3 48.0
Our efficient variants
— first 91.6 4.7 84.0 46.6 75.4 £3.8 86.7 6.1 85.2 6.7 74.8 48.5
< projection 7.7 5.2 71.7 £2.8 59.8 £13.2 73.0 4.5 70.1 5.8 55.6 +4.5
< max pooling 92.6 43.9 84.2 45.4 75.3 43.8 86.2 46.0 84.2 46.1 74.0 48.5
— mean pooling 91.944.4 83.746.1 75.3 +4.8 86.8 £6.0 85.1 #46.6 75.1 8.7

ALIGNRE
Off-the-shelf 90.7 40.2 84.9 +1.8 73.4 5.1 782 4+4.3 73.846.0 65.247.7
Our efficient variants
— first 89.5 +4.4 86.9 +0.8 72.7 4.0 80.1 44.1 74.1 429 68.1 4.2
< projection 51.4 +10.9 55.2454  39.7 +.7 76.7 46.5 44.3 43.2 46.5 44.6
< max pooling 90.0 £3.5 87.6 1.3 73.5 H4.7 779 46.5 724437 67.447
— mean pooling 904429 879434 73.043.3 80.6 4.0 T74.3 445 67.943.2

Table 3: Results in terms of macro F1, without rejection mechanism. We compare the off-the-shelf
softwares with our efficient variants that allow on-the-fly zero-shot relation extraction with offline encoding.

To this end, we assume an extra set of relation
types R such that RN'T = (), where all relation
types in R are considered as reject types. For
a given input (s, e1, e2), the model now builds an
augmented score vector w € RT'VE T C T st.:

_ wt
we =
Ut

where w is built as described in Section 4, and
ucREis a vector of weights for rejections. Then,
prediction ¢ is:

ifteT,
otherwise,

t = arg max Wy,
teT'UR

where no relation is predicted between e; and e
if £ € R. This can be performed by simply adding
negative examples (irrelevant relation mentions) to
the dataset, and labelling them with a negative type
t’ € R. This setup, however, creates a strong class
imbalance (the negative class is often prevalent)
and does not guarantee a rejection mechanism fit
for new unknown relation types, as we require. We
describe 3 different rejection methods.

5.1.

Rejection Threshold. The simplest mechanism
learns a threshold weight such that a relation type

Proposed Methods

can be predicted if and only if its weight is higher
than this threshold (Sabo et al., 2021). This thresh-
old is initially set to 0.5 and further learned as a
parameter of the model.

In this setting, R = {r} is singleton, and u,. is a
learned parameter. It is easy to see that if vVt € 7" :
wy < u,, the input relation is rejected.

Rejection Description. Another possible mech-
anism consists in assuming the relation class is
defined as any other class, that is we use a type
description like “There is no relation between
the two entities.” (Sainz et al., 2021; Thomas
et al., 2024).

In this setting, R = {r} and u, is computed as
other relation type scores.

Rejection Prototypes. The last approach we
test is a variant of multiple none of the above vec-
tors (Sabo et al., 2021). In this setting, |R| > 1,
and we learn several reject type prototypes (or re-
jection relation type representations).’® Then, u,
is the cosine similarity measure between the rela-
tion candidate representation and the reject type
prototype for » € R, computed in the same manner
as other output weights. We set |R| = 5, as the

°This means that these vectors are learned parame-
ters, and not outputs of a description encoder.
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FEWREL WIKIZSL
5 10 15 5 10 15
EMMA
Threshold 9.8 4.0 7.3 8.9 9.8 £49.3 18.0 6.4 28.749.6  25.8 £12.7
Description 42.8 +16.6  42.5 £28.5 24.9 +15.3 61.4 +14.2 49.8 £16.0 47.3 £9.5
Prototypes 100.0 0.0  99.8 40.3  100.0 40.0 37.1433.4 36.0454.5 67.5426.4
RE-MATCHING
Threshold 100.0 40.0  100.0 40.0  100.0 40.0 84.3 +16.1  97.6 +4.1  90.8 +14.8
Description 99.3 0.6 94.4 +7.1 86.9 48.8 91.8 £11.5 82.1 #18.4 85.7 £10.8
Prototypes 95.6 46.4  91.146.3  81.547.1 98.8 40.9 81.0 +12.1 73.5 +4.4
ALIGNRE
Threshold 100.0 0.0 99.7 40.6  100.0 +0.0 100.0 0.0  99.7 0.0 99.8 H0.1
Description 86.3 +£10.3 26.6 +10.5  27.5 4.3 68.6 £14.0 34.3+1.4  33.443.9
Prototypes 99.1 40.1  79.0 £10.0  65.5 44.2 94.9 2.3  63.9 £10.5 69.7 13.6
Table 4: Rejection accuracy in the rejection pass.
FEWREL WIKIZSL
5 10 15 5 10 15
EMMA
Threshold 524 4+1.9  31.846.5 29.0 £11.0 54.6 46.0  47.1 484  47.048.1
Description 41.3 £12.2  30.1 +4.2 20.6 46.0 30.6 8.5 24.8 13.5 24.5 46.0
Prototypes 0.0 40.0 0.2 40.3 0.0 40.0 29.9 +13.8 25.8 £19.2 23.7 422.9
RE-MATCHING
Threshold 0.1 40.2 0.7 +1.2 0.1 40.2 26.7435.1 94 43.1  26.7 438.2
Description 30.8 +13.5 27.4 £19.7 24.7 £7.8 49.1 434.0 312474  29.1 +14.0
Prototypes 44.3 +£10.9 359 £14.4 39.5 +11.6 54.4 +1.1 28.944.6  37.3 £12.5
ALIGNRE
Threshold 0.0 40.0 1.8 43.0 0.0 40.0 0.140.1 9.4 40.1 4.2 £3.3
Description 79.7 £3.4 66.0 £2.5 55.9 +1.6 64.5 5.3 50.9 8.3 51.1 3.0
Prototypes 70.0 £8.0 71.9 £2.2 59.7 £1.3 46.6 £3.7 34.5 45.6 43.4 46.8

Table 5: Macro F1 measure in the retention pass, computed for (non reject) relation types.

original article said this value had little impact on
performance when ranging from 1 to 20.
5.2. Training Loss

Training a zero-shot RE model with a rejection
mechanism is challenging. First, every training

instance is labeled with a training relation type.

Second, in the case of rejection prototypes, we
have several rejection candidates to train. Our loss
is based on the squared hinge loss (Crammer and
Singer, 2002), defined as follows:"

Uho(w; t) = max(0,1 — w; + I}}ii{wt/)Q’

where w is a vector of output scores and ¢ is the
index of gold class.

"In preliminary experiments, we tested training with
the negative log-likelihood loss, but it consistently results
in very low performance.

We propose a novel loss for training with a re-
jection mechanism that is built around a ranking
objective: the gold relation type should be ranked
above all other relation types (pos. vs. neg.), the
gold relation type should be ranked above all re-
jection types (pos. vs. rej.), and one rejection type
should be ranked above all non-gold types (rej. vs.
neg.). Note that the last case is a partial labeling
learning problem (Cour et al., 2011): the target
may be a non singleton set R.

Intuitively, our approach learns to predict the gold
relation type if it appears in the targeted types, oth-
erwise we should predict any rejection type. This
leads to the following aggregate loss:'?

Zrej.(EQ t) = fIh2 ( [m;]t/eT’ it )

pos. vs. neg.

2Following all baseline implementations, 7" is the set
of all gold classes that appear in the mini-batch.
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+ lho ( [ @]y erugey it )

pos. vs. rej.

I L RS

rej. vs. neg.

The last term can be understood as an “hard EM”
approach for partial labeling (Corro, 2024), where
first search for the best rejection type, and then use
it in a supervised loss. Such partial labeling losses
are also referred to as “inf-losses” (Cabannes et al.,
2020; Stewart et al., 2023).

5.3. Experiments

Evaluation protocol. To simulate rejection cases
in datasets which feature no explicit annotation for
that, we perform two passes on the evaluation split:

1. Retention pass: for each input, the model
predicts one of the types in Ty (i.€., model
has to predict a relation type other than the
rejection types in R);

2. Rejection pass: each input has its gold out-
put type removed from the target set (model
has to predict rejection).

Evaluation metrics. To measure the perfor-
mance of each model, we evaluate them with re-
spect to two metrics: the rejection accuracy in the
rejection pass (Table 4), and the macro F1 mea-
sure on (non reject) relation types in the retention
pass (Table 5).

Analysis. Note that a model that learns to re-
ject every input will have a rejection accuracy of
100 %. As such, when evaluating with a rejection
mechanism, we search for a trade-off between the
rejection accuracy and the F1 measure on rela-
tion types. For example, EMMA with the prototype
rejection mechanism on FEWREL learns to reject
everything.

The threshold strategy performs worse over all
models: it pushes to learn either to reject almost
everything or almost nothing.

ALIGNRE performs best overall using descrip-
tion and prototype rejection mechanisms: its rejec-
tion accuracy is high while maintaining good F1 in
the retention pass. RE-MATCHING follows closely,
especially on 10 or 15 unseen relation types.

6. Conclusion

In this work, we argued that most zero-shot RE
works do not evaluate with real scenario in mind.
We therefore introduce a challenging use case, and

propose solutions to adapt several state-of-the-art
models.

More specifically, we highlight two mandatory
upgrades for efficient zero-shot RE: single pass
adaptation and rejection mechanism augmentation.
For both upgrades, we propose several strategies,
and evaluate them on two datasets.
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