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Departing from zero-shot relation classification
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Journalist formulates a single relation description:
“Resignation of a mayor in a city from Brittany, France.”

Large textual news archives:

Find all occurrences

Utterance with entity pair: “Former mayor Gaël Le Goff is resigning 
from Dinan in Brittany.”
Zero-shot ➡ descriptions

❌
✅
✅

“One of two or more individuals having at least one parent in common.”

“Primary governing city of a country.”

“Act of giving up or quitting an office or position.”
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Our zero-shot relation retrieval use-case
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Relation description:
“Resignation of a mayor in a city from Brittany, France.”

Large unlabeled textual dataset:
● “LREC 2026 takes place at Palau de Congressos de 

Palma  in Palma, Mallorca.”
● "In Tréfouët, interim mayor Maryse Collic announced 

that she will not continue her commitment."
● "For the small town of Keraden, the departure of its 

mayor, Erwan Priziac, marks the end of a short term 
that began in 2022."

✅

✅

❌

Find all occurrences



Contrast with recent literature 
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Most models from 
SOTA

Our use-case/scenario

Several descriptions, 
classification

One description, 
retrieval

No hard considerations 
for efficiency and 
indexing

Need for efficiency and 
offline-encoding 
(=indexing)

No rejection needed Need for a rejection 
mechanism



Blueprint of a zero-shot relation classification model
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“LREC 2026 takes place at <E1>Palau de Congressos de 
Palma</E1> in <E2>Palma, Mallorca</E2>.”

BERT-like 
encoder

“Matching the Blanks: Distributional Similarity for 
Relation Learning”, Baldini Soares et al., 2019

Token embeddings

Blueprint of a zero-shot relation classification model



7“Matching the Blanks: Distributional Similarity for 
Relation Learning”, Baldini Soares et al., 2019

Relation 
embedding

Blueprint of a zero-shot relation classification model



8“Matching the Blanks: Distributional Similarity for 
Relation Learning”, Baldini Soares et al., 2019

“[CLS] Resignation of a mayor in a city from Brittany, 
France.”

BERT-like 
encoder

Token embeddings

Blueprint of a zero-shot relation classification model



9“Matching the Blanks: Distributional Similarity for 
Relation Learning”, Baldini Soares et al., 2019

M
LP

Relation type prototype

Blueprint of a zero-shot relation classification model



10“Matching the Blanks: Distributional Similarity for 
Relation Learning”, Baldini Soares et al., 2019

S

0.1

Cosine 
similarity

Output weight to choose 
the right description 

(classification)

Blueprint of a zero-shot relation classification model



Typology of existing models w.r.t our scenario
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● Single pass = efficient encoding of an utterance
○ One pass for any utterance with three or more entities ➡ no entity markers
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Typology of existing models w.r.t our scenario
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● Single pass = efficient encoding of an utterance
○ One pass for any utterance with three or more entities ➡ no entity markers

● Rejection mechanism
○ “Can the model take a rejection decision?”

● Late interaction [1] for offline-encoding
○ Separate encoding of the utterance and the description, interaction with a similarity 

measure

● No suitable models! [1] “Colbert: Efficient and effective passage search via 
contextualized late interaction over bert.”, Khattab et al., 2020



Retained models for adaptation

15



Retained models for adaptation
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Incompatibility with single-pass encoding
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“LREC 2026 takes place at <E1>Palau de Congressos de 
Palma</E1> in <E2>Palma, Mallorca</E2>.”

BERT-like 
encoder

markup = issue



Single-pass encoding strategies
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“LREC 2026 takes place at Palau de Congressos de Palma 
in Palma, Mallorca.”

BERT-like 
encoder

Palau de Congressos de Palma Palma, Mallorca

Max-pooling

m
ax-pooling

m
ax-pooling

Mean-pooling
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ean-pooling

m
ean-pooling

First token
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Experimental setup
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● Datasets: FewRel 1.0 and WikiZSL (classification datasets)

● Evaluation in the classification setting (for comparability with original 
scores)
○ 5, 10 and 15 descriptions (absent from training) to classify from

● More details
○ Adaptation of each model’s original implementation
○ 3 runs for each configuration
○ Macro-averaged F1-measure as indicator (comparable with the state of the 

art)
○ RoBERTa-base encoders trained with a 10-5 learning rate



Single pass adaptation results
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● Projection (first+last token’s embeddings) underperforming
● Rest significantly as high as off-the-shelf
● Same conclusion for 10 and 15 descriptions



Rejection strategies

Utterance 
embedding

Description 
embedding

S

0.4 < τ

Rejection threshold
(e.g., τ=0.5)

Utterance 
embedding

Description 
embedding

S

0.4 0.5 0.1 
0.4 < 0.5

Multiple rejection 
prototypes

Rejection prototypes

Utterance 
embedding

Description 
embedding

S

0.4 0.7
0.4 < 0.7

Rejection description

“There is no 
relation between 

the entities.”

[1] [2]
[1] “Revisiting Few-shot Relation Classification: Evaluation Data and Classification Schemes”, Sabo et al., 2021
[2] “Label Verbalization and Entailment for Effective Zero- and Few-Shot Relation Extraction”, Sainz et al., 2021

REJECTION REJECTION
REJECTION
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Experimental setup
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● Same global configuration as previous experiments (models, encoder, 
learning rate, seeds, datasets, # of unseen relation types, …)

● Adapt classification datasets: two passes for each utterance
○ Relevant description present in the set of descriptions (no rejection 

expected)
○ Relevant description absent from the set of descriptions (rejection is 

expected)

● Besides the macro-averaged F1-measure, addition of the retention 
and rejection accuracies
○ Binary accuracies over the “no rejection expected” scores and the “rejection 

expected” scores



“Does adding rejection hurt?”
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● Overall lower F1-scores with rejection
● Rejection descriptions and prototypes are superior
● Same conclusions for 10 and 15 descriptions



Balancing rejection/retention
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● On FewRel dataset (same conclusions for WikiZSL)
● Few (5) descriptions → AlignRE with rejection description superior



● Unsuitability of existing ZS relation classification models to our scenario (one 
description, large datasets, efficiency and offline-encoding)

○ Adaptation to our requirements starting from AlignRE and RE-Matching

● Single pass adaptation: 
○ no significant performance degradation

● Rejection mechanism integration: 
○ relative drop of performance, superiority of AlignRE with rejection description for small 

amounts of descriptions

Key takeaways
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Paper code


