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Abstract

Zero-Shot Relation Triplet Extraction (ZSRTE)
aims to extract relation triplets for unseen relation
types without any annotated training data. Recent
advancements in Large Language Models (LLMs)
have significantly enhanced ZSRTE performance,
enabling the direct generation of relational triplets
from unstructured text. However, LLMs often in-
troduce biases such as entity shift, relation confu-
sion, and over-prediction, which limit the reliability
of the extracted triplets.

In this paper, we introduce DETRI, a novel debi-
asing framework for ZSRTE that addresses these
biases by leveraging a discriminative structural ex-
pert model. DETRI treats LLMs as inspiration gen-
erators and refines their outputs via a three-stage
debiasing pipeline, consisting of inspiration-based
re-prediction, confidence-based filtering, and en-
tity shift correction through span perturbation: The
framework improves LLM-generated triplets with-
out requiring fine-tuning the LLM, thus offering a
transferable and scalable solution. Extensive exper-
iments on two datasets show that DETRI outper-
forms state-of-the-art methods by reducing bias and
improving extraction accuracy, achieving 2.89% F1
improvement over fine-tuned LLM methods while
keeping the LLM parameters frozen. Our approach
shows strong generalization across different LLMs,
offering a solution to mitigate biases.

1 Introduction

In recent years, Large Language Models (LLMs)
have achieved impressive progress in Relation Triplet
Extraction (RTE) tasks [Xu et al, 2024b]. Using
instruction-tuning [Sainz er al, 2023] or prompt-
learning [Ma ef al, 2023], LLMs can directly gen-
erate subject-relation-object triplets from
raw text without the need for annotated data on un-
seen relations [Chia er al., 2022], showcasing strong
Zero-Shot RTE (ZSRTE) capabilities.  Although LLMs
benefit from the vast background knowledge encoded
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Figure 1: Three common types of bias introduced by general-
purpose LLMs in Zero-Shot RTE.

during pre-training [Dagdelen et al, 2024], they
also introduce potential biases [Zhang er al., 2024;
Zhou et al., 2024], which limit their practical applica-
tions. As illustrated in Figure 1, we analyze three common
types of bias in the triplets generated by LLMs compared to
the ground truth.

Relation Confusion. LLMs may confuse similar relations,
leading to classification errors. This bias directly impacts the
reliability of the results.

Over-Prediction. LLM:s tend to generate seemingly plausi-
ble but weakly connected triplets. Hallucinatory content can
negatively impact the performance of downstream tasks.

Entity Shift. The entities generated by general-purpose
LLMs are often still semantically relevant to the ground truth
but exhibit slight deviations.

These biases stem from the inherent nature of LLMs [Li et
al., 2025al, which generate triplets based on linguistic pat-
terns learned from large-scale data without explicit logical
validation or semantic constraints. Strategies such as con-
fidence estimation [Zhang et al., 2025a] or self-consistency
[Li et al., 2023] can partially mitigate these issues, but their
characteristics limit their application on closed-weight mod-
els, such as those in the GPT series [Brown et al., 2020].
Recent advances in ZSRTE mainly leverage transfer learn-
ing, which includes two primary methods: in-context learn-
ing [Shi et al., 2024] and instruction-tuning [Li et al., 2024;
Zhang et al., 2025b]. While the former is constrained by lim-
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ited context length and prompt sensitivity [Guo et al., 2025],
the latter suffers from high retraining costs and poor adapt-
ability to evolving LLMs [Wu er al., 2024].

Given the limitations of current methods, a natural question
arises: How can we fully harness the relational semantic
generalization capabilities of general-purpose LLMs with-
out retraining? This question has led to the exploration of
novel strategies that combine the generative power of LLMs
with the structural precision of other models. In this paper,
we propose DETRI, a novel framework that aims to DEbias
LLM-generated TRIplets through a structural expert model.
Unlike traditional methods that directly fine-tune the LLMs,
DETRI treats the frozen LLM as an inspiration generator,
serving as a semantically rich but potentially noisy generator
for candidate triplets that are then refined by a discriminative
structural expert model.

Specifically, we introduce a lightweight expert model as
a medium for knowledge transfer. During training, we con-
struct bias-enhanced data using representative biased negative
samples from LLMs. By incorporating prefix sequences en-
riched with candidate relation semantics, the expert model
is guided to reassemble potential entity pairs inspired by
LLMs and predict their compatibility with candidate rela-
tions. This approach mitigates issues such as relation confu-
sion and prediction redundancy. In addition to improving the
model’s ability to detect and correct entity shifts, we intro-
duce a span perturbation mechanism that generates combina-
tions of neighboring entities by perturbing the entity’s bound-
aries, providing additional contrastive signals that strengthen
the model’s debiasing capability during training. Our frame-
work effectively reduces LLM-induced biases while avoiding
resource-intensive and repetitive instruction fine-tuning. Our
main contributions are as follows:

* We propose a debiasing framework named DETRI for
common bias types in ZSRTE that takes the extrac-
tion results of LLMs as inspiration. This framework
is model-agnostic and continuously ‘benefits from the
evolving capabilities of general-purpose LL.Ms.

We introduce a structural expert model for re-prediction
and filtering, along with a span perturbation augmenta-
tion mechanism that enhances the model’s ability to de-
tect and correct entity shifts.

Extensive experiments demonstrate that DETRI outper-
forms state-of-the-art approaches on two widely used
datasets, reduces the bias introduced by general-purpose
LLMs, and achieves a 2.89 absolute F1 improvement
over fine-tuned LLM methods while keeping the LLM
parameters frozen.

2 Related Work

2.1 Transfer Learning for Zero-shot RTE

Relation Triplet Extraction (RTE) aims to identify triplets
from unstructured text [Li et al., 2025b]. In the zero-shot set-
ting, target relation types are unseen during training [Li et al.,
2025c], making zero-shot RTE a typical knowledge transfer
problem [Zhuang ef al., 2020]. Transfer learning [Zhang et

al., 2019] plays a key role in improving generalization to un-
seen relations [Huang er al., 2018] by leveraging knowledge
from seen relations.

Generative LLMs have demonstrated strong performance
in extraction tasks due to their deep semantic understanding
[Dagdelen et al., 2024]. Some methods fine-tune LLMs using
instruction tuning [Li er al., 2024; Sun et al., 2024] or mul-
titask learning [Zhang er al., 2025b] to transfer knowledge
from seen data, though these are resource-intensive. Alter-
natively, prompt engineering techniques guide LLMs in ex-
tracting triplets without requiring model updates [Wei et al.,
2024], but these methods are highly sensitive to prompt de-
sign. Discriminative methods [Gong and Eldardiry, 2024;
Lan et al., 2024] have shown great potential in ZSRTE,
largely due to the structured nature of the task, which ben-
efits from discriminative modeling. However, these methods
exhibit limited generalization to unseen relations, especially
when there is a lack of sufficient annotated data. Motivated
by this, our approach for the first time combines the strengths
of both paradigms, optimizing the extraction results of LLMs
through a discriminative expert model for debiasing.

2.2 Debiasing Methods for LL.Ms

Due to potential biases and inaccuracies in pretraining data,
LLMs are prone to hallucinations in tasks such as informa-
tion extraction [McKenna et al., 2023]. To address this issue,
some studies integrate external knowledge during fine-tuning
[Ma et al., 2024]. Zhu et al. [Zhu et al., 2025] adopt a two-
stage instruction tuning strategy to enhance LLMs’ debiasing
capabilities. Xu et al. [Xu et al., 2024a] constrain LLM out-
puts by injecting structured examples from supervised models
as in-context demonstrations.

To avoid costly parameter updates, other works propose
structured prompting frameworks that mitigate bias without
fine-tuning [Furniturewala et al., 2024]. In the context of
information extraction, over-generation and positional bias
pose further challenges. Zhang et al. [Zhang et al., 2024]
train a Flan-T5 model to judge hallucinated outputs, reducing
entity errors in event argument extraction. Meanwhile, to ad-
dress uncertainty-induced bias in LLMs, Li et al. [Li et al.,
2023] apply self-consistency decoding. Despite these efforts,
generative models remain inherently limited in reliability.

Some research focuses on evaluating ambiguous extraction
results [Jiang er al., 2024], but such approaches may intro-
duce risks for downstream applications. Therefore, we pro-
pose a complementary paradigm that treats LLMs as inspi-
ration generators rather than final predictors. By coupling
their generative flexibility with the structural precision of
lightweight discriminative models, we achieve more robust
and controllable extraction in ZSRTE.

3 Methodology

3.1 Task Formulation

Problem Statement 1 (Relation Triplet Extraction, RTE).
Given a dataset D = ((X;,T;) Li‘l, R), where X; denotes
the ¢-th input sentence and I'; represents the corresponding
set of relation triplets, formulated as I'; = {s;,7;,0; }LF:‘I
Here, s5;,0; € E, where FE is the set of all entities in X;, and
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Figure 2: An illustration of the inference phase in the proposed DETRI framework. (a) The LLM first acts as an inspiration generator,
producing candidate triplets with potential biases. (b) These outputs are then refined by the structural expert model through a three-stage
debiasing process: (1) Inspiration-based Re-prediction, which reconstructs entity pairs under candidate relations; (2) Confidence-based
Filtering, which retains semantically reliable results; (3) Entity Shift Correction, which addresses entity shifts by expanding the span boundary

neighborhood.

r; € R, where R denotes the predefined set of relation labels.
The goal of RTE is to extract all valid triplets.

Problem Statement 2 (Zero-Shot RTE, ZSRTE). Under
the zero-shot setting, the relation set R is split into disjoint
seen (Reern) and unseen (R, seen ) subsets. The model learns
from triplets in the seen subset Dgcq, and transfers knowl-
edge to handle unseen relations in D, ,seen. Only Dgeep 1S
accessible during training, emphasizing transfer learning over
exhaustive relation coverage.

3.2 Framework Overview

DETRI leverages general-purpose LLMs as an Inspiration
Generator to produce candidate triplets potentially affected
by structural or semantic biases and introduces a Structural
Expert Model to refine them. First, in the sample construc-
tion stage (§3.3), biased negative samples are generated using
LLMs to build an augmented training set. Then, a discrimina-
tive structural expert model (§3.4) is trained to capture fine-
grained relational semantics through interactions between en-
tity spans and relation prefixes. Finally, at the inference phase
(§3.5), the model corrects LLM-generated triplets via a three-
stage pipeline as shown in Figure 2.

3.3 Biased Negative Samples Construction

To enhance the generalization and debiasing of the expert
model, we simulate typical LLM-induced biases by con-
structing structurally biased hard negative samples. These
samples imitate the coarse semantics and fine-grained con-
fusion commonly exhibited by LLMs, thus providing a chal-
lenging signal to encourage discriminative training.

Concretely, we employ GPT-40-mini as the genera-
tion engine due to its low inference cost and stable gener-
ation quality. Given Dy, the LLM is prompted to gener-

ate triplets I'; without being restricted to the predefined rela-
tions. This allows the LLM to output triplets freely, simulat-
ing real-world ambiguity. The entities involved in the gen-
erated triplets are referred to as potential entities. We then
combine I'; with the biased samples to build the training set:

|DSCEU |

Den = {(Xe, TiUT)} M

i=1

We also discuss scenarios that do not rely on LLM-generated
negative samples in Section 5.5, demonstrating the flexibility
in constrained environments.
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3.4 Structural Expert Model
The expert model aims to learn debiasing capabilities from
the structure-bias-enhanced Dqeep.

Input Encoding. To enhance relational awareness, we
prepend a relation-aware prefix sequence P to each input.
This sequence consists of learnable markers [R] interleaved
with candidate relations:

PZ{[R],Tl,[R},’I‘g,...,[R],Tn}. (2)

The final input sequence X' = P @ X, where X =
wy,wa, ..., w; is the original sentence and & denotes con-
catenation. We then encode X' using a bidirectional Trans-
former encoder to obtain contextual representations H.

Span-Pair Representation. We represent all possible en-
tity spans as basic semantic units. For every span from token
1 to 7 with a maximum span length K, we compute:

E= {e('w’) = FFN,([h;; h;]) ‘ j—i< K} G,

where h is its token representation in H, [;] denotes the em-
bedding concatenation operation, and FFN is a feed-forward
network. We then construct the span-pair matrix 7~ by com-
bining all entity spans:

T(B) = {t®9 = FFN, ([elsel]) | esseo € B} (&)

LRIt

For all candidate relations r, we match their representations
hiRr),. with all span-pairs ¢ to evaluate whether the combina-
tion aligns with the relational semantics:

Prae = ., (Zt(i’j) X FFNrel(thc)) t09) € T(B).

d
®)
Span perturbation Augmentation. To improve entity shift
correction, we define a span neighborhood N (-) through local
perturbations. Specifically, for any span e; ;:

N(ei ;) ={ei—sj, €ijts|1 <06 <k}
Ufewjr |1 <i" <j' <jyU{eij},

where k is the maximum extension step. Based on the above
perturbation set, we construct the span-pair matrix 7 (5),
where B:

(6)

5= | ({+h0) s eN)}u{s0) |0 eNO)}).

(s,0)€T
(N
By training on these span-perturbed structures, the expert
model learns to recover correct span boundaries and mitigate
structural biases.

3.5 Training and Inference

Training. We reformulate the original extraction task
into a discrimination-and-correction task for the expert model
trained on Dy, Which consists of structurally biased sam-
ples. The training objective is to enable the model to accu-
rately distinguish relation types while adjusting misaligned
entity boundaries. The loss function is defined as:

Loow = - £(PT(E)) t(1-a)- £<PT(B)>, )

where £(-) is the binary cross-entropy loss:

1 N

P=-5.

{yi log(pi) + (1 —y;)log(1 —pi)|, (9)

where p; € P, y; € {0,1} indicates whether the i-th span-
pair matches the given relation, and « € [0, 1] controls the
weight of the losses. Within each batch, we randomly select
negative relations for potential entity pairs to construct con-
trastive samples, enhancing the model’s ability to discrimi-
nate between semantically similar relations.

Inference.  During inference, DETRI improves RTE per-
formance by integrating an LLM with a structural expert
model. As shown in Figure 2, the LLM first serves as an in-
spiration generator, producing candidate triplets from the in-
put sentence. To examine the debiasing capability of DETRI
for general-purpose LLMs, we adopt a simple RTE prompt
enriched with candidate relation types to generate relation-
related initial inspirations:

Relation Triplet Extraction Prompt

Given a sentence and candidate
relations, extract all triplets and
output them in the following JSON

format: - {Triplet: [{Subject:‘’,
Relation:‘’, Object:‘’}1}
<Sentence>:

<Candidate Relations>:

While the generated triplets are often semantically reason-
able, they typically suffer from three structural biases. To
mitigate these, the expert model performs multi-stage refine-
ment: (1) Inspiration-based Re-prediction: Rebuild span
pairs based on LLM outputs and re-predict relation types.
(2) Confidence-based Filtering: Eliminate low-confidence
or redundant triplets based on a threshold 7. (3) Entity Shift
Correction: Search boundary neighborhoods N to adjust en-
tity spans and recover locally optimal boundaries. This col-
laborative pipeline combines the LLM’s strong semantic rea-
soning with the structural expert’s precision, thereby signifi-
cantly improving ZSRTE performance.

4 Experiments Setup

4.1 Datasets

We evaluate DETRI on two widely used ZSRTE benchmarks:
FewRel [Han et al, 2018] and Wiki-ZSL [Chen and Li,
2021]. FewRel is a human-annotated dataset with 80 relations
and 56,000 instances. Wiki-ZSL is a larger, distantly super-
vised dataset built from Wikipedia, containing 113 relations
and 94,383 instances. Although more realistic, it introduces
label noise that may affect model robustness. We adopt the
split strategy of Chia et al. [Chia er al., 2022], ensuring dis-
joint relation labels across training, validation, and test sets.
Unseen validation relations are used for early stopping and
tuning, while the test set contains m € 5, 10, 15 unseen rela-
tions to evaluate generalization.
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FewRel Wiki-ZSL

Methods m=5 m=10 m=15 m=5 m=10 m=15 Avg.
TableSequence [Wang and Lu, 2020]  11.82 1254 11.65 1447 9.61 9.20 11.55
RelationPrompt [Chia e al., 2022] 2227 23.18 1897 16.64 1648 16.16 18.95
ZETT [Kim et al., 2023] 3071 2790 26.17 2149 1727 1278 22.72
TAG [Xu et al., 2024c] 2894 28.16 2253 23,12 1724 1641 2273
MICRE [Li et al., 2024] 37.53 3477 3242 2774 2464 2223 29.89
Vanilla Prompt _GpT-40-mini 12.37  7.88 8.68 5.11 5.05 4.77 7.31

In-Context Learning -Gpr-40-mini 21.33 18.67 15.33 16.22  12.12 13.10 16.13
ChatlE _Gpr.do-mini [Wei et al., 2024] 2273 2323 15.66  8.59 8.08 11.62  14.99
AgentRE Gpraomini [Shi et al.,2024] 18.18 18.69 16.16 14.14 14.65 1837 16.70
DETRI Gprdo-mini 36.68 3453 31.76 3240 27.80 25.03 31.37
DETRI _jama-4-Scout 3796 3556 32.52 3412 29.77 26.77 32.78

Table 1: Main results on FewRel and Wiki-ZSL under the single-triplet setting. m represents the number of unseen relations in the candidate
set. Bold marks the highest score. Underline marks the second-best score.

4.2 Implementation Details

We use GPT-40o-mini to generate inspiration triplets and
adopt DeBERTa-v3-small [He et al., 2023] as the back-
bone of our structural expert model. The model is trained
using AdamW with learning rates of 1le—5 for the encoder
and 5e—4 for other components. Training is conducted with
a batch size of 16 for up to 10 epochs. The maximum ex-
tension step k for triplet debiasing is set to 2 to effectively
correct entity boundary shifts while limiting the number of
candidate spans, thereby reducing noise and computational
overhead. Hyperparameters are tuned via grid search, with
optimal values of @ = 0.3 and 7 = 0.4.

For evaluation, we follow prior ZSRTE protocols. In the
Single Triplet setting (one triplet per sentence), we report
accuracy (Acc.), while in the Multi Triplet setting (two or
more triplets per sentence), we report micro precision (P.),
recall (R.), and F} score. All metrics are averaged over five
random splits to ensure robustness. To control experimental
costs, we randomly sample 1,000 test instances under each
setting for evaluation.

4.3 Compared Baselines

We compare DETRI with two categories of ZSRTE methods.

Fine-tuning-based Methods. TableSequence [Wang and
Lu, 2020] jointly extracts triplets using a table-sequence en-
coder. RelationPrompt [Chia et al., 2022] trains GPT-2
on synthetic data generated for unseen relations via prompt
learning. TAG [Xu ef al., 2024c] introduces a two-agent
reinforcement learning framework to improve synthetic data
quality. ZETT [Kim er al., 2023] employs T5 with relation
templates to directly generate entities. MICRE [Li et al.,
2024] fine-tunes LLMs like Llama [Touvron et al., 2023] on
12 additional datasets using tabular prompt.

Frozen LLM-based Methods. Vanilla Prompt uses a
single-turn instruction with candidate relations. In-Context
Learning extends this by incorporating three demonstration
examples. ChatIE [Wei et al., 2024] builds a multi-turn, two-
stage chain-of-thought prompting framework. AgentRE [Shi
et al., 2024] is an agent-based method that retrieves relevant
knowledge, and we adopt its zero-shot setting.

Method m=5 m=10 m=15
DETRI 36.68 34.53 31.76
- w/o Re-prediction 28.59 2649 2431
- w/o Span Perturbation 30.81 28.21 27.16
- w/o Expert Model 1237  7.88 8.68

Table 2: Ablation study of DETRI on FewRel. We report single-
triplet accuracy under m =5, 10, 15.

DETRI does not require fine-tuning the LLM. Instead, it
augments the frozen LLM with an expert model to filter and
revise generated triplets. For fair comparison, we use the
same backbone model across all methods and either cite offi-
cial results or reproduce them using publicly available code.

5 Analysis and Discussion

5.1 Main Results

We evaluate DETRI under the single-triplet setting on two
benchmarks: FewRel and Wiki-ZSL. As shown in Table 1,
the main findings are as follows:

First, with the same frozen LLM backbone
(GPT-40-mini), DETRI significantly outperforms ex-
isting baselines. Compared to CoT reasoning (ChatlE)
and agent prompting (AgentRE), it achieves 16.38% and
14.67 % higher average accuracy, respectively. This demon-
strates the persistent reasoning bias in LLMs, which DETRI
successfully mitigates using a structural expert model,
without updating any LLM parameters, leading to notable
improvements in ZSRTE performance.

Second, DETRI outperforms even the fine-tuned state-
of-the-art method MICRE by an average of 2.89%, with-
out requiring any fine-tuning on LLMs. This underscores
the strong generalization ability and efficiency of DETRI
achieved through purely external debiasing.

Third, DETRI performs robustly on Wiki-ZSL, confirm-
ing its effectiveness on noisy samples. Moreover, prelim-
inary results suggest continued performance gains as the
base LLM improves (e.g., switching from GPT-40-mini



PRELIMINARY PREPRINT VERSION - DO NOT CITE
This is not the version of record. The final version will appear in the Proceedings of IJCAI-ECAI 2026.

Methods m=5 m=10 m=15
P. R. Fi P. R. Fy P. R. Fi

RelationPrompt [Chia et al., 2022] 20.80 24.32 2234 | 21.59 28.68 24.61 | 17.73 2320 20.08
ZETT [Kim et al., 2023] 38.14 30.58 33.71 | 30.65 3244 31.28 | 22,50 27.09 24.39
RSED [Lan et al., 2024] 4391 3497 3893 | 30.89 29.90 30.39 | 27.00 23.55 25.16
7S-SKA [Gong and Eldardiry, 2024] 5750 2624 36.04 | 6048 2322 3328 | 37.29 19.13 25.29
TAG [Xu et al., 2024c] 37.56 40.24 38.81 | 31.04 3349 32.18 | 2535 25.88 25.59
FTLiamaz-138-char [Zhang et al., 2025b] 50.77 52.86 51.79 | 3498 3245 33.67 | 31.28 24.87 27.71
FTqwent 5-14-chat [Zhang er al., 2025b]  53.10 52.66 52.88 | 35.46 32.17 33.74 | 30.28 25.03 27.41
DETRIGPT.40-mini 4340 46.16 4458 | 39.35 36.65 37.62 | 3220 31.88 31.81

Table 3: Performance on the multi-triplet setting of FewRel. We compare seven competitive approaches. Four are generative methods,
including FT, which represents LLMs fine-tuned on seen data using Low-Rank Adaptation (LoRA). The remaining two are discriminative
methods, namely RSED and ZS-SKA. For fair comparison, we report results either directly from the original papers. Bold indicates the best

score under each setting.

to Llama—4-Scout), demonstrating strong scalability and
transferability.

5.2 Ablation Experiment

To evaluate the contribution of each component in DETRI,
we conduct ablation studies, with results shown in Table 2.

Removing Re-prediction, which skips entity recombina-
tion and filters initial triplets based solely on confidence,
leads to a clear performance drop. This demonstrates that re-
structuring entities to enrich the triplet space plays a critical
role in correcting errors generated by LLMs.

Excluding Span Perturbation, i.e., removing the pertur-
bation loss £(P(s)) during training and omitting the entity
shift correction, results in noticeable accuracy degradation,
especially for larger m. This confirms the mechanism’s role
in enhancing robustness to entity boundary shifts and correct-
ing plausible but inaccurate predictions.

Eliminating the Expert Model and relying solely on LLM
outputs causes a sharp drop to 10% accuracy, indicating
LLMs struggle with generalization in ZSRTE without addi-
tional structural and semantic guidance.

5.3 Performance on Multi Triplets

We evaluate DETRI on multi-triplet setting on FewRel under
m = 5,10, 15, as shown in Table 3. When m = 5, Fine-
Tuned (FT) LLMs perform best, demonstrating their effec-
tiveness in scenarios with limited candidate relations. How-
ever, as m increases to 10 and 15, all methods show perfor-
mance degradation. Notably, DETRI consistently achieves
the highest Fj scores, outperforming fine-tuned LLMs by
3.88% and 4.40%, respectively. These results indicate that
generative methods are more prone to bias in complex set-
tings, whereas DETRI’s discriminative structure offers better
robustness by effectively mitigating such biases.

5.4 Performance on Different LLMs

To evaluate the generalizability of DETRI, we assess its
performance across five widely used general-purpose large
language models: GPT-4o-mini!, GPT-4.1-minil,
DeepSeek7Chat2, Llama-3.1-40B?, and
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Figure 3: Accuracy (%) comparison between Vanilla Prompting and
DETRI across five LLMs, evaluated on FewRel under the single-
triplet setting with m = 15.

Llama—-4-Scout?. As shown in Figure 3, we com-
pare the accuracy of each LLM under two settings: the basic
vanilla prompt and our proposed DETRI framework.

Under the vanilla prompting baseline, all models
perform poorly, with none exceeding 20% accuracy.
Llama-4-Scout achieves the highest at 19.43%, reveal-
ing the limitations of direct LLM generation in ZSRTE due
to biases such as entity shift and relation confusion. In con-
trast, when combined with DETRI, all LLMs show significant
improvements.

Importantly, as LLMs continue to improve, for example
with Llama-4-Scout outperforming Llama-3.1, our
framework consistently yields greater performance gains.
DETRI increases their accuracies to 32.52% and 30.24%, re-
spectively, demonstrating strong compatibility with more ad-
vanced models.

These results validate that DETRI can effectively reduce
structural and semantic biases across various LLMs without
additional fine-tuning. Its plug-and-play model-agnostic de-
sign ensures continued effectiveness as LLMs evolve, making
it a scalable and efficient solution for ZSRTE.

"https://openai.com/api/
Zhttps://api-docs.deepseek.com/
*https://www.llama.com/products/llama-api/
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Case 1: Sentence At the 2011 World Amateur Boxing Championships he beat Artur Beterbiev and Teymur Mammadov to win
the Heavyweight title.

Ground Truth {Artur Beterbiev, competition class, Heavyweight}, { Teymur Mammadov, competition class, Heavyweight}

LLM Prediction {he, competition class, Heavyweight title}, { Artur Beterbiev, competition class, Heavyweight title}

Relation Debiasing {Artur Beterbiev, competition class, Heavyweight title }

Entity Debiasing {Artur Beterbiev, competition class, Heavyweight}

Case 2: Sentence A building that also can be considered an example of a blob is Peter Cook and Colin Fournier’s Kunsthaus
(2003) in Graz, Austria.

Ground Truth {Kunsthaus, architect, Peter Cook}, { Kunsthaus, architect, Colin Fournier}

LLM Prediction {Kunsthaus, located in or next to body of water, Graz}, {Kunsthaus, architect, Peter Cook and Colin Fournier}

Relation Debiasing {Kunsthaus, architect, Peter Cook and Colin Fournier}

Entity Debiasing {Kunsthaus, architect, Peter Cook}, { Kunsthaus, architect, Colin Fournier}

Table 4: Two cases comparing the ground truth, LLM predictions, and debiasing results. The Relation Debiasing refers to the results
after the structural expert model filters the re-predicted triplets, while the Entity Debiasing refers to the results obtained by applying local

perturbations to the previous output and making new predictions.
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Figure 4: Accuracy (%) comparison under different scales and quali-
ties of seen data on FewRel in the single-triplet setting with m'= 15.

5.5 Data Scale Experiment

To evaluate how the quantity and quality of seen data af-
fect the performance of DETRI, we randomly sample 1%,
10%, and 50% of the seen data to train the structural ex-
pert model. To further reduce reliance on LLMs during data
preparation, we also manually construct high-quality nega-
tive samples based on common bias types identified in LLM
outputs.

As shown in Figure 4, the structural expert model’s ac-
curacy improves significantly with more training data, indi-
cating effective use of biased supervision. Under the same
data scale, negative samples derived from actual LLM out-
puts consistently outperform rule-based ones. This suggests
that real extraction errors better reflect practical scenarios and
help the model learn more robust discriminative patterns. No-
tably, even with just 1% of training data, DETRI significantly
outperforms ChatlE [Wei et al., 2024], demonstrating strong
robustness to noise and high data efficiency, highlighting the
value of debiasing in ZSRTE.

5.6 Case Study

We analyze two representative cases in Table 4.
InCase 1,the LLM incorrectly identifies “he” as the sub-
ject and treats “Heavyweight title” as a redundant object, re-

flecting typical issues of over-prediction and entity shift. Al-
though such redundant extractions are not entirely incorrect,
they can negatively impact downstream tasks such as knowl-
edge graph construction. In the first stage of DeTri, the model
accurately retains the correct triplet and filters out the clearly
incorrect ones. The second stage further refines the object
by simplifying it to “Heavyweight,” yielding a more precise
result and demonstrating the structural expert’s ability to cor-
rect fine-grained entity shift. However, due to the absence of
information about “Teymur Mammadov” in the original LLM
output, this entity is missing in the final prediction, indicating
that error propagation may still lead to extraction omissions.
In Case 2, the LLM mistakenly aligns “Graz” with the
relation “located in or next to body of water” and fails to
correctly decompose “Peter Cook and Colin Fournier” into
two separate triplets, illustrating relation confusion and entity
shift problems. In the first stage, DETRI identifies the correct
triplets and removes incorrect relations through re-prediction
and confidence-based filtering. In the second stage, the span
perturbation mechanism successfully separates conjunctive
entities, demonstrating strong generalization capabilities.

6 Conclusion

In this work, we introduce DETRI, a novel framework de-
signed to address the bias inherent in general-purpose LLMs
when performing zero-shot relation triplet extraction. LLMs
are leveraged as inspiration generators rather than definitive
predictors. By constructing a synthetic biased dataset and de-
signing a structural expert model, DETRI effectively captures
relational semantics independent of LLM-induced biases. We
further enhance the model with a span perturbation mecha-
nism and a three-stage reasoning strategy to iteratively refine
triplet predictions.

Extensive experiments on multiple benchmarks demon-
strate that DETRI significantly outperforms state-of-the-art
baselines, validating its effectiveness in extracting more ac-
curate and unbiased relation triplets. In future work, we plan
to further verify the effectiveness and generalization of our
debiasing framework on other zero-shot information extrac-
tion tasks.
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