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Abstract

Zero-Shot Relation Extraction (ZSRE) aims to
predict unseen relations for given entity pairs in
sentences. Existing methods typically operate
from a local perspective, predicting the relation
for each entity pair (given its corresponding
sentence) in isolation. Consequently, they of-
ten fail to distinguish between unseen, seman-
tically similar relations, particularly when the
sentence phrasing is ambiguous. To address
this limitation, we propose G-NSR, a novel
ZSRE framework built upon a Global Neuro-
Symbolic Reasoner architecture, specifically
designed to enable global reasoning across a set
of predictions. The key idea is to model the log-
ical relationships among multiple predictions,
and perform neuro-symbolic reasoning to en-
sure logically consistent and more accurate pre-
dictions. Specifically, we first introduce Dual-
ity Type-Constrained Relation Schemas, which
formulate each candidate relation as a pair of
complementary positive-negative propositions.
These propositions are then synthesized by our
designed Neuro-Symbolic Reasoner, which ex-
plicitly models their logical interdependencies.
By approximating logical rules, the reasoner
allows high-confidence predictions to serve as
evidence for refining incorrect results, ensur-
ing the final predictions are logically consis-
tent and more accurate. Extensive experiments
on widely used datasets demonstrate that our
method significantly outperforms existing ap-
proaches and establishes new state-of-the-art
results across all evaluation settings'.

1 Introduction

Relation Extraction (RE) is a core natural language
processing task that extracts structured triplet facts
from unstructured text, aiming to predict a relation
between two entities in a sentence. Because many
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Figure 1: Example contrasting local perspective and
global reasoning.

existing methods depend heavily on large anno-
tated corpora (Wadhwa et al., 2023; Zaratiana et al.,
2024), interest has grown in Zero-Shot Relation
Extraction (ZSRE), where candidate relations at
inference are not present in the training data.

Existing approaches to ZSRE can be broadly cat-
egorized into three paradigms. The most common
is similarity matching, which aligns sentence and
relation embeddings in a shared space (Chen and
Li, 2021; Li et al., 2024c; Zhang et al., 2025). A
second strategy synthesizes training examples for
unseen relations (Chia et al., 2022; Gong and El-
dardiry, 2024). More recently, Large Language
Models (LLMs) have been used via prompting
and in-context learning (Wei et al., 2023; Li et al.,
2024a). However, these paradigms are fundamen-
tally limited by their reliance on a local perspec-
tive, framing the task as a series of independent
predictions, where the relation for each entity pair
(given its corresponding sentence) is evaluated in
isolation. This difficulty increases when the phras-
ing within the sentence itself is ambiguous, which
can lead to confusion between unseen, semantically
similar relations. In this case, the model incorrectly
predicts the relation between "Chrono Trigger" and
"Nintendo of America" (py) as shown in Figure 1.

In contrast, global reasoning can alleviate this
limitation by treating individual predictions not
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as isolated facts, but as interconnected pieces of
evidence that inform one another, thereby improv-
ing overall prediction performance. For instance,
the predictions on p; and p; in Figure 1 serve as
strong reference evidence that help clarify the se-
mantics of the "publisher" and "developer" rela-
tions. Aggregating and effectively utilizing evi-
dence from these predictions allows the model to
construct a more robust, generalized understanding
of sentences and relations. This refined understand-
ing can guide the model to refine its initial errors
(e.g., px) and infer a more logically consistent and
accurate set of predictions.

Motivated by this insight, we introduce a novel
framework for ZSRE that is explicitly designed
to enable this form of global, interdependent rea-
soning. Achieving this requires a model that can
both capture the rich semantics of sentences and
relations and enforce logical consistency across
its various predictions. Based on this require-
ment, inspired by the logical reasoning capa-
bilities of neuro-symbolic systems, we propose
G-NSR, a novel neuro-symbolic framework for
ZSRE that performs Global reasoning via a ZSRE-
specific Neuro-Symbolic Reasoner. Specifically,
given each entity pair and its corresponding sen-
tence, our approach begins by using Duality Type-
Constrained Relation Schemas to represent each
potential fact (sentence, entity pair, candidate re-
lation) as a verifiable proposition. For each can-
didate relation, these schemas generate a pair of
complementary statements: a positive proposition
asserting the relation holds and a negative one as-
serting its logical opposite. The Neuro-Symbolic
Reasoner that we designed then operates on this
entire collection of propositions. This module is
designed to perform global reasoning by utilizing
neural networks to represent a series of complex
logical rules. Instead of assessing each proposition
in isolation, this process allows high-confidence
judgments to serve as evidence to refine incorrect
results and ensure logically consistent and more
accurate predictions, thereby improving ZSRE per-
formance from a global perspective.

Our contributions are summarized as follows:

* We, for the first time, propose a neuro-
symbolic ZSRE framework that formulates
the ZSRE task as a set of propositions and per-
forms global neuro-symbolic reasoning across
them to ensure logically consistent and more
accurate predictions.

* We propose Duality Type-Constrained Re-
lation Schemas to construct pairs of logi-
cally complementary propositions, providing
a structured and robust foundation for the sub-
sequent reasoning process.

* We design a novel Neuro-Symbolic Reasoner
that models logical relationships between
propositions, enabling it to perform global
reasoning for ZSRE.

* Experiments on widely used datasets, Wiki-
ZSL and FewRel, show that our framework
consistently outperforms prior methods (av-
erage +4.14) and sets new state-of-the-art re-
sults across all evaluation settings. The cost
analysis also demonstrates that our framework
maintains competitive reasoning efficiency.

2 Related Work

2.1 Zero-Shot Relation Extraction

Most traditional ZSRE methods follow a similarity-
matching paradigm, learning a joint embedding
space to align sentence representations with rela-
tion prototypes (Chen and Li, 2021). Subsequent
efforts refine this by improving prototype quality
through the aggregation of side information (Li
et al., 2024c; Zhang et al., 2025) or by enhanc-
ing matching granularity and efficiency with tech-
niques like score decomposition (Zhao et al., 2023)
and multi-grained architectures (Li et al., 2024b;
Boylan et al., 2025). Another line of work tack-
les data scarcity by generating synthetic training
data for unseen relations (Chia et al., 2022). More
recently, LLMs have reframed ZSRE as a prompt-
ing or retrieval task, using strategies like meta-
tuning for in-context learning (Li et al., 2024a),
multi-turn question-answering (Wei et al., 2023),
or generation-augmented retrieval (Li et al., 2025).

However, a common characteristic of these ap-
proaches is their focus on making predictions for
each triplet fact in isolation. They primarily lever-
age local evidence from a single sentence-relation
pair while overlooking cross-fact consistency and
the interconnected reasoning evidence across the
full set of predictions.

2.2 Neuro-Symbolic Reasoning

Neuro-symbolic reasoning integrates neural net-
works with symbolic logic to build more inter-
pretable and consistent models. Key techniques
include regularizing models with logic-based loss
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Figure 2: An overview of our proposed framework G-NSR for ZSRE.

functions (Li and Srikumar, 2019; Bosselut et al.,
2021), translating problems for external symbolic
solvers (Pan et al., 2023; Yasunaga et al., 2024),
and designing end-to-end architectures with differ-
entiable modules that approximate logical opera-
tions (Rocktidschel and Riedel, 2017; Evans and
Grefenstette, 2018; Badreddine et al., 2022).

While existing neuro-symbolic techniques are
not designed for ZSRE and cannot be directly
adapted to this task, our framework introduces a
novel approach specifically tailored to address the
local-global challenge of ZSRE mentioned above,
ensuring logical consistency across predictions and
the ability to generalize to unseen relations.

3 Methodology

3.1 Task Formulation

The task of RE is defined upon a dataset D
{(si, ehead etail . )}|[_)|1 For each prediction, the
input is a sentence s; containing a head entity e!*d
and a tail entity e‘aﬂ and the goal is to predict the
correct relation 7; from a predefined relation set R.
ZSRE applies a specific constraint to this task by
splitting the data into a seen set D? for training and
an unseen set D for evaluation. The model learns
exclusively from D? and is expected to generalize
to D“. The core challenge of the zero-shot setting
is that the set of relations present in the seen data,
R?, is entirely disjoint from the set of relations in

the unseen data, R* (R° N RY = ().

3.2 Overview

An overview of our proposed framework G-NSR is
shown in Figure 2. It includes three main compo-
nents: (1) Proposition Construction utilizes Du-
ality Type-Constrained Relation Schemas to con-
struct a set of paired positive (p;) and negative (—p;)
propositions from input sentences and relations. (2)
A Proposition Encoder then transforms each text-
based proposition into a compact vector embedding
by fusing key entity and relation features. (3) The
Neuro-Symbolic Reasoner reasons over the en-
tire set of embeddings through a three-stage logical
process, modeling logical implications to aggregate
global evidence and determine a final, truth-value
for each proposition.

3.3 Constructing Propositions Using Duality
Type-Constrained Relation Schemas

In our framework, the fundamental unit of reason-
ing is the proposition, defined as a declarative state-
ment constructed for a specific sentence-relation
pair that asserts the validity of the relation. To sys-
tematically generate these propositions, we first de-
sign Duality Type-Constrained Relation Schemas
that capture the semantic structure of each relation
r. The schema for a relation is formalized as a
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Positive Form (+) Negative Form (-)

was not/is not the pub-

i was/is the publisher of lisher of
. a book, video game or  not a book, video game
HEAD work or work
blish de- t blish
ppag 2 Publisher or game de-  not a publisher or game

veloper developer

Table 1: An example of the parameterized construction
schema for the "publisher" relation.

parameterized template:

(T, K1, k2) = (..., [E1](K1),...,m,
PN [EQ](HQ), . .),

where [E;] and [E»]| are placeholders for the
head and tail entities, with their assignment deter-
mined by {[E1], [E2]} = {[HEAD], [TAIL]}. The
schema structure is defined by three parameters: 7
represents a relational predicate, and k1, ko impose
fine-grained type constraints (typically obtained
from ZSRE datasets) on the respective entities.
For each relation r, we define a set of positive
parameters (7, KEE AD» Kiaq) and corresponding
negative parameters (7, Kypap, Frar)- APPlY-
ing them to the base template 7,, we generate the
positive form 7,7 and the negative form 7,

(1

+ + o+ +
7 =T (7", Kggaps FTAIL)s ?)

7p = Tr(T, FHEAD) FTAIL)-
Here, the negative parameters are defined as the
logical opposites of the positive ones (e.g., 7~ is
the negation of 7). This ensures that the resulting
schemas are structurally symmetric and semanti-
cally opposite, providing a dual basis for verifi-
cation. Table 1 illustrates this process using the
"publisher" relation. This dual structure allows the
model to verify relations from opposing perspec-
tives, ensuring more robust factual judgments.
Then, we mark the head and tail entities in
the input sentence s using four boundary tokens
([H], [/H], [T], [/T]), and concatenate with the rela-
tion schemas to yield the propositions:
p = [s;[SEP]; 7f], 3
—p = [s; [SEP]; 7,7],
where [-; -] denotes concatenation, and the special
token [SEP] is a separator.

3.4 Generating Proposition Embeddings

The Proposition Encoder maps a text proposition
pi (p; € {p,—p}) into an embedding v,, € R%.

We first utilize a pre-trained language model BERT-
base (Devlin et al., 2019) to extract embeddings
for the sentence boundary tokens (hyyy, ..., hyry)
and schema placeholders (hjggapi, hytam)). Based
on these features, we compute the sentence-level
representations egf) and egs) for the head and tail
entities using an EntityRep module:

egs) = EntityRep([hm; hym)), @)
egs) = EntityRep([hyry; hym))-

Similarly, the schema embeddings are projected
into schema-level representations eg) and eET).
Finally, a Fusion layer integrates these vectors,

yielding the final embedding of proposition p;:

Vp, = Fusion(egs),egs),eg),eET)). 5)
Both EntityRep and Fusion are implemented as
Multilayer Perceptrons (MLPs) with residual con-
nections to capture complex feature interactions,
and the details are further provided in Appendix A.

3.5 Aggregating Global Evidence via
Neuro-Symbolic Reasoner

Although a proposition embedding v,, can cap-
ture the local semantics of a specific sentence-
relation pair, it is computed in isolation, overlook-
ing the cross-fact consistency and the intercon-
nected reasoning evidence across the full set of
predictions. To bridge this gap, we design a Neuro-
Symbolic Reasoner that refines these judgments
through global reasoning.

Let P denote the global set of K propositions
(K =2 x N x M, where N and M denote the
number of sentences and relations, respectively),
encompassing all positive and negative candidates.
The reasoner updates the truth-value logit I; for
each proposition p; € P via a three-stage logical
process as shown in Figure 2.

Logic Implication Induction: We first deter-
mine whether any other proposition p; in the global
set implies the target proposition p;. Logically, this
corresponds to checking for the existence of a valid
implication relationship:

3p; € (P\{pi}) : pj = ps- (6)

To approximate this logical dependency, we model
the implication strength w;_,; by computing the
interaction between the projected embeddings:

Wi =0 ((W]-ij + bl)T(WQVpi + bg)) .
(7
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This operation yields a weight vector w; €
RV (K=1) that quantifies the likelihood of p; — p;
being true.

Evidence Aggregation via Soft Modus Ponens:
Next, we gather global evidence supporting p; (de-
noted as p}) by applying a soft version of Modus
Ponens. Logically, this step seeks to verify whether
there exist true premises p; that imply the conclu-
sion p;:

P =1{pj | 3p; € (P\{pi}) 1 pj A (pj = pi)}-
®)
To approximate this operation, we perform a
weighted aggregation of the premise embeddings.
Let V\; € RK=1)xdp be the matrix stacking the

embeddings of all other propositions. We compute
/

the aggregated evidence vector v, as:
V;Z, = WzV\z (9)

The matrix multiplication sums up the weighted
features, acting as a soft existential quantifier (3)
that combines evidence from all valid premises.
Truth Verification via Soft Disjunction: Fi-
nally, we determine the validity of p; by synthe-
sizing local and global evidence. Logically, this
corresponds to a disjunction, asserting that p; holds
if it is supported by either its intrinsic local seman-
tics (p;) or external global evidence (p}):
p; =pi Vi (10)
To approximate this logical operation, we employ
an adaptive gating mechanism that dynamically
balances the embedding v, with the aggregated
evidence v]’Di. We compute a gating coefficient )\;
via a linear projection of the concatenated features:

Ai = 0(Walvy,; v, ] + ba),

Vp, = Ai v, (1= X)) - vy,

1D

The resulting vector vgi is then projected through
a final linear layer to obtain the scalar logit [;,
which serves as the model’s confidence score for
the proposition p;.

3.6 Training and Inference

Training Objective. The model is trained end-to-
end by minimizing a composite loss function. For
each training instance, we construct a proposition
set P consisting of the ground-truth relation and
a dynamic selection of negative relations sampled
from the same mini-batch.

To enforce logical consistency during reason-
ing, we introduce an auxiliary Implication Loss
Limp. Let y; € {0, 1} be the ground-truth label for
proposition p;. We derive the ground-truth label
for the implication y;_,; based on the definition of
Material Implication:

o 0 ifyjzlandyi:O
Yimi = 1 otherwise '

The loss is computed by minimizing the divergence
between the predicted weights w;_,; and the labels:

1
T Z(?Jj—n‘ log(w;—i)
K(K -1) = (13)

+(1 = yj—i) log(1 — wji)).

(12)

ﬁimp =

Simultaneously, we optimize the Prediction Loss
Lopreq to ensure accurate final judgments. This com-
ponent directly supervises the final logits /; against
the ground-truth labels y;:

1 K
ﬁpred = _E Z(yz log(a(li))+ (14)
=1

(1 - ) log(1 — o(1))).

The final training objective is a weighted sum
controlled by hyperparameters (; and (o:

L= Cl»cpred + C2['imp'

Inference Strategy. During inference, the goal
is to predict the correct relation # for the given sen-
tence and entity pair. For each candidate relation
r € R, the model generates logits for both the pos-
itive (I) and negative (/™) propositions. We select
the relation that maximizes the contrastive margin
between these opposing assertions:

(15)

7 = argmax(IT —17). (16)

reR
This strategy effectively enhances robustness by
requiring the model to simultaneously affirm the
relation and reject its semantic negation.

4 Experiments

4.1 Datasets

Following the majority of prior ZSRE work, we
conduct experiments on two widely used datasets:
Wiki-ZSL (Chen and Li, 2021), a large-scale
dataset generated using a distant supervision ap-
proach, and FewRel (Han et al., 2018), a high-
quality, human-annotated dataset. The detailed
statistics are provided in Appendix B.
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Unse.en Methods Wiki-ZSL FewRel Ave,
Relation P. R. Fy P. R. Fy

ZS-BERT (Chen and Li, 2021) 7154 7239 7196 7696  78.86  77.90  74.93
RE-Matching (Zhao et al., 2023) 78.19 7841 7830  92.82 9234 9258  85.44

AlignRE (Li et al., 2024c) 83.11 8030 81.64 9330 9290 93.09  87.37

EMMA (Li et al., 2024b) 9132 90.65 9098 9487 9448 9467  92.83

m=5  CE-DA (Zhang et al., 2025) 88.01 8702 8751 9526 9508 9517 91.34
GLIREL (Boylan et al., 2025) 80.41  80.67 8328  96.84 9341 9420  88.74

G-NSR (ours) 9292 9316 93.04 97.53 9747 9750  95.27

ZS-BERT (Chen and Li, 2021) 60.51 6098 6074 5692 5759 5725  59.00
RE-Matching (Zhao et al., 2023) 7439 7354 7396 8321 8264 8293 7845

AlignRE (Li et al., 2024c) 7500 7326 7410 8641 8514 8575  79.93

EMMA (Li et al., 2024b) 86.00 8455 8527 8797 8648 8722  86.25

m=10  CE-DA (Zhang et al., 2025) 82.54 81.82 8216 8861 87.60 88.10 85.13
GLIREL (Boylan et al., 2025) 80.87 8156 83.67 91.09 8742 87.60  85.64

G-NSR (ours) 80.88  89.88 89.88 91.59 90.85 9122  90.55

ZS-BERT (Chen and Li, 2021) 3412 3438 3425 3554 3819 3682 3554
RE-Matching (Zhao et al., 2023) 6731 6733 6732 7380 7352  73.66  70.49

ZS-SKA (Gong and Eldardiry, 2024) ~ 41.78 4050  39.30 4503  51.86 4699  43.15

AlignRE (Li et al., 2024c) 69.01 6752 6826 7763 77.00 7731 7279

m=15  EMMA (Li et al., 2024b) 7851 7763 7807 8047 7973  80.10  79.09
CE-DA (Zhang et al., 2025) 7533 7494 7513 8403 8260 8331  79.22

GLIREL (Boylan et al., 2025) 79.44 7481 7391 8814 8469 8448  79.20

G-NSR (ours) 8231 8112 8L71 8858 8762 88.10  84.91

Table 2: Comparison results of the proposed G-NSR on Wiki-ZSL and FewRel datasets. Bold marks the highest
score, underline marks the second-hightest score. Avg. denotes the average of all the F1-Scores on two datasets. All

baseline results are sourced from the original papers.

Consistent with prior work (Chen and Li, 2021),
the number of unseen relations is set to m €
{5,10,15}. The data is partitioned using five ran-
dom seeds, producing five folds, and the average
performance is reported.

4.2 Experimental Settings and Metrics

In experiments, we employ BERT-base (Devlin
et al., 2019) as the backbone model. All exper-
iments are conducted on a 24GB NVIDIA RTX
4090 GPU. The maximum number of candidate
relations in training phase is set to 4, while the
weights ¢ for the Prediction Loss Lyeq and (3 for
the Implication Loss Liy are set to 0.5 and 1.0,
respectively. A detailed experimental settings and
the analysis of hyperparameters (¢; and (3) are
provided in Appendix C.

For the evaluation metrics, we use the macro
Precision (P.), Recall (R.) and F1-Score (F}) to be
consistent with previous work (Chen and Li, 2021).

4.3 Baselines

We compare our method with a comprehensive set
of strong baselines: ZS-BERT (Chen and Li, 2021),
RelationPrompt (Chia et al., 2022), RE-Matching
(Zhao et al., 2023), SUMASK (Li et al., 2023),
ChatIE (Wei et al., 2023), ZS-SKA (Gong and El-

dardiry, 2024), MICRE (Li et al., 2024a), AlignRE
(Li et al., 2024c), EMMA (Li et al., 2024b), RE-
GAR-AD (Li et al., 2025), CE-DA (Zhang et al.,
2025), and GLiREL (Boylan et al., 2025).

5 Results and Analysis

5.1 Main Results

The results in Table 2 highlight the superiority of
G-NSR across both datasets. This advantage is
particularly pronounced in the challenging m = 15
setting, where our model achieves F1-scores of
81.71 on Wiki-ZSL and 88.10 on FewRel. The
average F1-score of 84.91 represents a lead of 5.69
points over the strongest baseline. Moreover, G-
NSR establishes new state-of-the-art results across
all settings (m € {5,10,15}), demonstrating its
stable generalization capability.

5.2 Comparison with LLMs-based Methods

Given the prominent capabilities of large language
models (LLMs) in zero-shot learning, we also con-
ducted a comparative analysis of our model against
a number of representative LLM-based baselines.
Table 3 summarizes the performance of these base-
lines, alongside the parameter sizes of their re-
spective backbone models. The results clearly
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Wiki-ZSL FewRel
Methods Backbone Avg.
Params ;=5 m=10 m=15 m=5 m=10 m=15
RelationPromptg 4 rre.cpr—2 (Chia et al., 2022) 264M 76.63 7150 65.74 89.30 79.96 73.40 76.09
ChatlIEQuwens (Wei et al., 2023)f 235B 7724 7148 66.11 90.37 8224 75.09 77.09
ChatlEgpr_5 (Wei et al., 2023)F - 82.12 7438 67.19 93.14 85.07 76.09 79.67
MICRE7s5_3p (Li et al., 2024a) 3B 76.03 7130 64.76 88.99 79.67 7098 75.29
MICRE L Lanma (Liet al., 2024a) 7B 7748 73.60 6799 90.59 8148 74.77 77.65
RE-GAR-ADgpT—3.5—turbo (Li et al., 2025) - 88.63 77.70 70.02 92.59 8278 76.47 81.37
G-NSRBERT—base (OUrS) 110M 93.04 89.88 81.71 97.50 91.22 88.10 90.24

Table 3: Comparison results with LLMs-based methods. We report the backbone models used in their baselines
along with the number of parameters (the parameter size of GPT series is not publicly disclosed). Avg. denotes the
average of F1-Scores in six settings. T are our reproduction, using the settings provided in the original paper.

FewRel
Methods _—
P. R. Fy
G-NSR 88.58 87.62 88.10
- w/o. Duality 84.46 82.92 83.67
- w/o. Type Constraints 85.06 82.90 83.96
- w/o. Implication Loss 86.33 84.13 85.21
- w/o. Neuro-Symbolic Reasoner 85.06 83.52 84.28
- w/o. Local Perspective 84.01 82.26 83.12

Table 4: Ablation studies of G-NSR under m=15.

demonstrate that our proposed method consistently
achieves superior performance over these LLM-
based approaches while being substantially more
parameter-efficient.

5.3 Ablation Studies

Table 4 summarizes the ablation results. First, re-
garding schema design for constructing proposi-
tions, removing negative propositions (Duality) or
excluding entity type constraints (Type Constraints)
impairs performance, confirming that high-quality,
contrastive inputs are foundational. Second, re-
garding the reasoning mechanism, training without
the global module (Neuro-Symbolic Reasoner) or
the auxiliary logical supervision (Implication Loss)
leads to significant declines, validating the neces-
sity of logical consistency reasoning across global
predictions. Most critically, the variant without Lo-
cal Perspective—which discards the intrinsic sen-
tence matching score to rely solely on aggregated
global evidence—yields the lowest performance.
This indicates that well-grounded local semantics
enable global reasoning to be more effective.

5.4 TImpact of Global Proposition Scale

We verify that the model performance im-
proves as the scale of global proposition in-
creases—specifically, the number of sentences (V)

Proposition Scale during Training
wiki-zsL

FewRel

1 2 4 8 16 32 64
Number of Sentences

Number of Relations

Figure 3: Impact of global proposition scale during
training on Wiki-ZSL and FewRel datasets.

Proposition Scale during Inference
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S 92.00 mn-1

" 90.00
T ss.00
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—
84.00

1 2 4 8 16 32 64
Number of Sentences

Figure 4: Impact of global proposition scale during
inference on FewRel dataset.

and candidate relations (M) in Figure 2. We ana-
lyze this trend in both training and inference.

Scale during Training. Figure 3 shows a clear
positive trend: performance consistently gets better
as both numbers increase. Specifically, a larger N
enables effective computation of the Implication
Loss by providing necessary logical antecedents,
while more candidate relations M help the model
better distinguish the correct relation from others.

Scale during Inference. Figure 4 shows a con-
sistent upward trend. By processing more sen-
tences together, the model uses high-confidence
predictions to help clarify ambiguous ones. No-
tably, even with a single sentence (N = 1), i.e.,
aligning with the local-perspective reasoning
paradigm of existing methods, our method still
outperforms baseline models. This is because there
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Inplication Weight Matrix

The Coguille River starts in the Siskiyou National Forest
and flows hundreds of miles through the Coquille Valley
on its way to the Pacific Ocean.

pi: mouth of the watercourse «/~

Pz located in or next to body of water X s

Sunndalsara is located at the mouth of the river Drivaat | £
the beginning of the Sunndalsf jorden. g
ps: mouth of the watercourse

Py located in or next to body of water X

Pacific Beach is located in western Grays Harbor County,
along the Pacific Ocean.

ps: mouth of the watercourse X

Ps: located in or next to body of water .~

J nt Propositior

Figure 5: Visualization of implication weight matrix
for three representative sentences, illustrating the global
reasoning mechanism.

Comparison of Computational Efficiency
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Unseen Relation Labels

Figure 6: Comparison of inference throughput on
FewRel across varying numbers of unseen relation la-
bels (higher throughput indicates faster inference).

are still multiple candidate relations for that sin-
gle sentence, which allows the model to perform
reasoning by analyzing the logical dependencies
within the candidate set itself.

However, we observe that the performance gains
become less significant as the numbers continue to
grow, we set M = 4 for training phase and N = 32
for both phases to balance accuracy and speed.

5.5 Analysis on Duality Type-Constrained
Relation Schema Configurations

To investigate how the format of propositions af-
fects reasoning performance, we compare our Du-
ality Type-Constrained Relation Schemas against
three simplified configurations. The results are pre-
sented in Appendix D. We observe that the base-
line configuration using raw relation labels already
yields reasonable performance. Moreover, incorpo-
rating Duality and Type Constraints leads to further
consistent improvements, with the full configura-
tion achieving the best results across all settings.
This confirms that higher-quality inputs allow the
Neuro-Symbolic Reasoner, as the core engine, to
play a larger role. Specifically, type constraints
filter entity mismatches, while duality sharpens
decision boundaries. This structured foundation
reduces semantic ambiguity, facilitating more ac-
curate global reasoning.

5.6 Analysis on Global Reasoning Mechanism

To illustrate the global reasoning mechanism, we
visualize the implication weights for three repre-
sentative sentences in Figure 5.

Initially, the model exhibits uncertainty regard-
ing the first two ambiguous sentences, indicated
by moderate weights in their corresponding sub-
matrices. In contrast, the third sentence acts as a
high-confidence anchor. The model correctly iden-
tifies its false propositions (e.g., ps, —pg), assigning
them uniformly high implication weights to other
propositions—a behavior consistent with the logi-
cal Principle of Explosion (a false premise implies
any conclusion). Crucially, the anchor propagates
corrective evidence to the ambiguous instances:
the truth of pg strongly implies the negation of
incorrect options for the first two sentences (e.g.,
pe — —p2). This demonstrates how the reasoner
leverages confident judgments to resolve local am-
biguities, ensuring global logical consistency.

Several additional case studies comparing pre-
diction probabilities under the local perspective and
global reasoning are provided in Appendix E.

5.7 Analysis on Computational Efficiency

We compare the inference throughput (i.e., the
number of sentences processed per second) of our
framework against representative baselines on the
FewRel dataset. As shown in Figure 6, through-
put naturally decreases as the proposition scale
increases. Nonetheless, our method G-NSR con-
sistently maintains the highest processing speed.
Even in the demanding m = 15 setting, it retains
a significant advantage over baselines, demonstrat-
ing that our approach achieves high performance
with low computational overhead.

6 Conclusion

We present G-NSR, a neuro-symbolic framework
for ZSRE that innovatively formulates the ZSRE
task as a set of propositions and performs global
reasoning to produce logically consistent predic-
tions. G-NSR constructs a global set of positive
and negative propositions from input sentences and
relations via Duality Type-Constrained Relation
Schemas, and then uses a core Neuro-Symbolic
Reasoner to model logical dependencies (e.g., im-
plication and disjunction) and refine proposition
truth values based on collective evidence. Exten-
sive experiments show that G-NSR consistently
outperforms prior methods and achieves new state-
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of-the-art results. We hope this work broadens the
applicability of neuro-symbolic reasoning to zero-
shot relation extraction and offers useful insights
for future relation extraction research.

Limitations

Our framework is designed to prioritize rigorous
logical consistency through global reasoning. The-
oretically, the throughput naturally decreases as
the scale of propositions grows. However, since
our reasoning mechanism is fundamentally formu-
lated as efficient matrix operations, it is inherently
parallel-friendly. As demonstrated in Figure 6, G-
NSR maintains the highest processing speed among
all baselines even under complex settings. Thus,
this computational characteristic does not consti-
tute a practical bottleneck; rather, it represents a
strategic trade-off that secures significant accuracy
gains with negligible overhead. Future work may
explore advanced optimization strategies to further
extend this efficiency to massive-scale scenarios.

In addition, as discussed in Sections 5.4 and
5.5, the effectiveness of our neuro-symbolic ZSRE
framework may be affected, to some extent, by
the number of constructed propositions and the
relation schema configurations used to construct
them. While we observe consistent robustness
across varying proposition scales and schema con-
figurations on two widely used ZSRE benchmarks,
it remains valuable to further assess these factors
in broader and more diverse real-world application
scenarios.
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A Detailed Network Structure Used in
Proposition Encoder

A.1 Details of the EntityRep module

The EntityRep module, mentioned in Proposition
Encoder of Section 3.4, is designed to generate a
comprehensive entity representation by capturing
the rich interactions between the entity’s start and
end boundary embeddings. Let hgort, heng € R4
denote the input embeddings corresponding to the
start and end tokens of an entity (e.g., hyy; and
hy/) for the head entity). The module operates in
three steps:

Multi-View Feature Fusion: To capture differ-
ent aspects of the entity span, we compute four
distinct feature vectors: the original start and end
embeddings, their element-wise product (capturing
similarity), and their difference (capturing direc-
tionality). These features are concatenated to form
a composite vector z € R*?:

z = [hstarﬁ henas hotart © heng; hotare — hend]a
(17)
where © denotes element-wise multiplication and
[-; ] denotes concatenation.
Non-Linear Projection: The composite vector
z is projected back to the original dimension d via
a linear layer, followed by a GELU activation and
Dropout regularization:

h,,,; = Dropout(GELU(W.z + b.)), (18)
where W, € R4 and b, € R? are learnable
parameters.

Residual Connection and Normalization: To
facilitate gradient flow and stabilize training, we
employ a residual connection. The residual term
is defined as the average of the start and end em-
beddings. The final output e is obtained by adding
this residual to the projected features and applying
Layer Normalization:

h +h
e = LayerNorm (hpmj + %md
(19)
This architecture ensures that the final representa-
tion e retains the original boundary information

while incorporating complex interaction features.

A.2 Details of the Fusion layer

The Fusion layer, also mentioned in Proposition
Encoder of Section 3.4, is responsible for integrat-
ing the head and tail representations into a unified
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vector. We design a Gated Residual Network to
perform this integration, which is applied in par-
allel to both the sentence-specific entities and the
schema-specific placeholders.

First, we construct the input vectors by concate-
nating the head and tail representations for the sen-
tence (s) and the schema (7) respectively. Let d be
the hidden dimension of the entity representations.
The inputs x5, X, € R2% are defined as:

(5). o(s)

Xs=le; ;e ],

xe = [y el

(20)
Then, we define a non-linear transformation
function ®(x), corresponding to the Fusion class
in our implementation. This function processes
an input vector x through a gating mechanism fol-
lowed by a residual refinement block. It consists of
three Feed-Forward Networks (FFN), denoted as
Fy, Fy, F5. The computation proceeds as follows:
Contextual Gating: We generate a gating vec-
tor g and a candidate feature vector x. The gate
controls the information flow using a Sigmoid acti-
vation:
g=o0(Fi(x)), x=Fx). 1)
The intermediate representation m is obtained via
element-wise multiplication:
m=gOoXx. (22)
Residual Refinement: To further refine the fea-
tures while preserving gradient stability, we pro-
cess m through a third FFN and apply a residual
connection with Layer Normalization:
y = LayerNorm(m + Dropout(F3(m))). (23)
Finally, we apply this transformation ¢ indepen-
dently to both the sentence and schema inputs to
obtain their fused representations. The final propo-
sition embedding v, € R*® is the concatenation
of these two outputs:
Vpi = [®(x5); @(x7)].

7

(24)

B Dataset Statistics

The detailed statistics of the two datasets are shown
in Table 5.

Wiki-ZSL (Chen and Li, 2021) is a large-scale
dataset specifically designed for the Zero-Shot
Learning (ZSL) setting in relation extraction. It
is generated from the Wikidata knowledge base

Dataset #Instances #Entities #Relations Avg.L
Wiki-ZSL 94,383 77,623 113 24.85
FewRel 56,000 72,954 80 24.95

Table 5: Statistics of two datasets. Avg.L: the average
number of words in each instance (i.e., each sentence).

using a distant supervision approach. The dataset
comprises 113 relations and a total of 94,383 in-
stances.

FewRel (Han et al., 2018) is a high-quality,
human-annotated dataset that has become a stan-
dard benchmark for ZSRE. It is collected from
Wikipedia and manually verified by crowd workers.
The dataset contains 80 relations in total, each with
700 instances, resulting in 56,000 instances overall.

Hyperparameter Value
BERT base
Optimizer AdamW
Encoder Learning rate 5x107°
Others Learning rate 1x107*
Batch Size 32
Epoch 3
Warmup Ratio 10%
Dropout 0.1
Maximum Relations 4

G 0.5

(2 1.0

Table 6: Hyperparameter setting.

C Detailed Experimental Settings and
Hyperparameter Studies

C.1 Detailed Experimental Settings

In Table 6, we provide the detailed hyperparameter
values used in our method. We employ BERT-
base (Devlin et al., 2019) as the backbone model to
evaluate the performance of the proposed method.
Model parameters are optimized with the AdamW
optimizer, using learning rates of 5 x 10~° for the
encoder and 1 x 10~ for the remaining compo-
nents. The batch size is set to 32, and training is
conducted for 3 epochs. The initial 10% of training
incorporates a warmup phase, where the learning
rate increases from O to the specified base rate. The
maximum number of candidate relations in train-
ing phase is set to 4, while the weights (; for the
Prediction Loss Lyeq and (o for the Implication
Loss Liyp are set to 0.5 and 1.0, respectively. All
experiments are implemented using the PyTorch
framework and executed on a 24GB NVIDIA RTX
4090 GPU.
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FewRel

Configurations Examples of Schema Formats Avg.
m=5 m=10 m=15

. [TAIL] (a publisher ...) was/is the publisher of [HEAD] (a book ...).

- W/o. Duality [TAIL] (not a ...) was not/is not the publisher of [HEAD] (nota ...). 95.01 8749 83.67 88.72
. [TAIL] (a publisher ...) was/is the publisher of [HEAD] (a book ...).

- w/o. Type Constraints [TAIL] (not a ...) was not/is not the publisher of [HEAD] (not a ...). 96.57 8797 8396 89.50
[TAIL] (a publisher ...) was/is the publisher of [HEAD] (a book ...).

- wio. Both [TAIL] (not a ...) was not/is not the publisher of [HEAD] (nota ...). 94.74 8629 82.54 87.86

G-NSR [TAIL] (a publisher ...) was/is the publisher of [HEAD] (a book ...). 9750 91.22 88.10 92.27

[TAIL] (not a ...) was not/is not the publisher of [HEAD] (not a ...).

Table 7: Performance comparison of different schema configurations on the FewRel dataset. The gray parts represent
the removed content. "w/o. Both" denotes the baseline configuration using raw relation labels.

Loss weight Studies

FewRel

Loss weight (>

0202050 % 10 20 24, 0y My 2 02020 %0% 10 20 2, Oy My 2
Loss weight 3

Figure 7: Impact of the loss weights ¢; and (, on per-
formance.

C.2 Hyperparameter Studies

As observed in Figure 7, the model achieves op-
timal performance when (; is set to 0.5 and (, to
1.0, with a gradual decline as the values deviate
from this center. This phenomenon arises because
the Implication Loss ({2) serves as a critical logical
regularizer. Assigning a relatively higher weight
to (2 ensures that the intermediate reasoning ad-
heres strictly to logical rules, providing a robust
foundation for the final prediction. Conversely, the
smooth decay in performance towards the surround-
ing regions indicates that the framework maintains
stability and is not overly sensitive to minor hyper-
parameter fluctuations. Consequently, we apply the
optimal weights of ¢(; = 0.5 and (3 = 1.0 across
all experiments.

D Performance Comparison of Different
Relation Schema Configurations

We investigate how the format of propositions af-
fects reasoning performance, we compare our Du-
ality Type-Constrained Relation Schemas against
three simplified configurations, as mentioned in
Section 5.5. The results are presented in Table 7.
The results show that the baseline configuration

Sentences Local Global

4 N\
The Coquille River starts in the Siskiyou 0 Va
National Forest and flows hundreds of 99 88 | 1y
miles through the Coquille Valley on its

| way to the Pacific Ocean. 049 = 019 J rz X

1 Sunndalsegra is located at the mouth of 037 082 ) ry~"
the river Driva at the beginning of the

| Sunndalsfjorden. 0.61 | 020 rz X

[ Pacific Beach is located in western 026 013 ) r; X
Grays Harbor County, along the Pacific

| Ocean. 085 091 [r; o~

Figure 8: Case study comparing prediction probabili-
ties under Local Perspective and Global Reasoning. r;
denotes "mouth of the watercourse" and r5 denotes "lo-
cated in or next to body of water".

using raw relation labels (w/o Both) already yields
reasonable performance. Moreover, incorporating
Duality and Type Constraints leads to further con-
sistent improvements, with the full configuration
achieving the best results across all settings. These
findings demonstrate the effectiveness and general-
izability of constructing propositions with different
relation schema configurations, and highlight that
our proposed Duality Type-Constrained formula-
tion delivers the strongest performance.

E Case Study

Figure 8 compares the predicted probabilities for
two similar relations: "mouth of the watercourse"
(r1) and "located in or next to body of water" (r2).
Operating from a local perspective, the indepen-
dent processing leads to confusion. For the first
sentence, the model produces ambiguous scores.
More critically, in the second sentence, the phrase
"is located at" overlaps with the definition of ra.
This misleads the model into incorrectly predicting
r9 (score 0.61) instead of the correct relation 7.
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In contrast, global reasoning effectively re-
solves these issues by utilizing cross-sentence con-
text. The third sentence serves as a clear, high-
confidence example of ro. Leveraging this evi-
dence, the model better distinguishes the bound-
aries between the two relations. Consequently, it
corrects the prediction for the second sentence, rais-
ing the score of the correct relation r; to 0.82. Ad-
ditionally, the confidence for the first sentence is
significantly boosted from 0.55 to 0.88, demon-
strating the robustness of our framework.
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