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ABSTRACT: Few-shot relation classification aims to identify semantic relations between entity pairs under limited
annotated data. Although recent prompt learning-based methods have achieved promising performance, they often
rely on manually crafted, domain-specific prompt templates, which restrict their transferability across domains. In this
paper, building upon the multi-task prompt transfer paradigm of MPT, we propose a Confidence-guided Orthogonality-
constraint Prompt Adaptation framework for few-shot relation classification, named COPA. The proposed framework
learns a shared domain-invariant prompt matrix together with domain-specific low-rank prompt matrices via multi-
domain soft prompt tuning, enabling the transfer of domain-invariant relational knowledge across domains. Unlike
MPT, to explicitly disentangle domain-invariant and domain-specific information, we further introduce an orthog-
onality constraint that encourages the shared prompt to capture invariant relational semantics while forcing the
domain-specific prompt to model complementary domain residuals. For target domain adaptation, we reuse the
shared prompt as prior knowledge and combine it with a target domain-specific low-rank matrix, followed by
a confidence-guided prompt adaptation strategy that encourages domain-invariant knowledge preservation while
facilitating efficient adaptation to the target domain. Experiments on four public Chinese datasets demonstrate that
COPA achieves consistently competitive and stable results, with 1.09%–2.08% absolute Micro-F1 improvements over
the strongest MPT-based baseline in representative settings and overall gains ranging from 0.83% to 8.72% across all
compared baselines.

KEYWORDS: Natural language processing; relation classification; orthogonality constraint; confidence-guided prompt
adaptation

1 Introduction
Few-shot Relation Classification (RC) aims to identify the semantic relation between a pair of

entities from a given text under limited labeled data. Early RC studies mainly relied on Deep Neural
Networks(DNNs), including Convolutional Neural Networks [1–3], Recurrent Neural Networks [4–6], and
Graph Neural Networks [7–9]. Although these methods have achieved promising results, they generally
depend on sufficient supervised data and task-specific architectural design, which limits their effectiveness
in few-shot settings.

In practical few-shot scenarios, traditional DNN-based methods face several challenges. They often
rely heavily on labeled data to learn robust relation patterns, resulting in poor performance under severe
data scarcity. Their learned representations are usually domain-dependent, which weakens cross-domain
generalization. In addition, such models often struggle to capture long-range dependencies and implicit
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background knowledge required for relation inference. These limitations motivate the development of more
sample-efficient approaches that can better exploit large-scale pre-trained knowledge.

With the success of transformer-based pre-trained language models, BERT [10] and its variants have
substantially advanced RC. R-BERT [11], the first BERT-based RC model, introduces entity markers to
highlight target entity positions and has inspired many extensions in specialized domains. Subsequent studies
further improve entity representation and semantic interaction modeling, demonstrating the effectiveness
of pre-trained contextual encoders for RC.

More recently, Large Language Models (LLMs) have promoted prompt learning as a promising
paradigm for few-shot RC [12–14]. Existing prompt-based methods can be broadly divided into discrete
prompts and continuous prompts. Discrete prompts leverage manually designed templates but are highly
dependent on domain expertise and sensitive to prompt wording. Continuous prompts alleviate the cost of
manual template design by learning soft prompt embeddings in a data-driven manner. Nevertheless, most
existing continuous prompt methods for RC optimize a unified prompt representation, without explicitly
modeling the distinction between domain-invariant relational knowledge and domain-specific linguistic
patterns. Consequently, they may adapt insufficiently to the target domain under few-shot supervision,
resulting in a trade-off between transferability and domain adaptability.

One of the representative prompt learning studies is MPT [15], which introduces multi-task prompt
learning to facilitate knowledge sharing among different tasks. MPT shows that shared prompt represen-
tations can effectively capture common knowledge while retaining task-specific information. However,
the setting studied in this paper is different from the original multi-task scenario of MPT. We focus
on single-task multi-domain few-shot relation classification, where all domains share the same relation
classification objective but exhibit different linguistic distributions, entity contexts, and domain-specific
relational expressions.

Inspired by MPT [15], to mitigate aforementioned issues, we propose a few-shot relation classification
approach that integrates orthogonality-constrained disentangled prompt learning with confidence-guided
prompt adaptation. The proposed method mainly differs from MPT in two aspects. Specifically, the orthogo-
nality constraint explicitly separates domain-invariant relational knowledge from domain-specific linguistic
variations, thereby improving cross-domain adaptability, while the confidence-guided prompt adaptation
strategy dynamically allocates optimization strength to enhance discriminative capacity within the target
domain under few-shot supervision. Through this design, the proposed method alleviates the dependence of
existing methods on manually designed discrete prompts and enhances the robustness of continuous prompt
learning in cross-domain scenarios.

The main contributions of this paper are as follows:
(1) We propose a disentangled prompt learning framework for relation classification, in which the prompt
representation is decomposed into a domain-invariant matrix and a domain-specific low-rank matrix. An
orthogonality constraint is further introduced to encourage the two components to capture complementary
information, thereby improving both parameter efficiency and cross-domain adaptability.
(2) We develop a confidence-guided prompt adaptation strategy for few-shot cross-domain transfer. By
dynamically adjusting the optimization strength of the domain-invariant and domain-specific prompts
according to model uncertainty, the proposed method preserves transferable knowledge while enabling
efficient adaptation to target-domain characteristics.
(3) Extensive experiments on four public datasets demonstrate that the proposed method consistently
outperforms competitive baselines in terms of Micro-F1, while also showing lower performance variance.
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2 Related Work
Domain-invariant knowledge transfer has long been utilized for few-shot RC task [16–18]. Additionally,

with the rise of large language models (LLMs), prompt learning has emerged as a new solution paradigm for
few-shot RC task, gradually gaining favor among researchers [13,14,19–21].

2.1 Domain-Invariant Knowledge Transfer Based Methods
Domain-invariant knowledge transfer methods assume a distribution over domains of a certain task,

D ∼ p(D), where each domain D is associated with a domain-specific data distribution pD(x , y), a label
space YD , a support set SD and a query set QD . The objective is to learn meta-parameters θ that encode
domain-invariant knowledge, and then to optimize the annotation-scarce target domain-specific parameters
ϕD∗ = A(SD∗ ; θ) with an adaptation operator A so that the model performs well on QD∗ . Formally, we can
proceed episodically with annotation-sufficient domains {Di}

M
i=1 and pairs (Si ,Qi) to obtain the optimal θ̂

as follows:

θ̂ =min
θ

M
∑
i=1

L (Qi ; θ , A(Si ; θ)) , L (QD ; θ , A(SD ; θ)) = 1
∣QD ∣

∑
(x , y)∈QD

� ( f (x; θ , A(SD ; θ)) , y) , (1)

where � ( f (x; θ , A(SD ; θ)) , y) represents the prediction loss of the model on the data pair (x , y).
Transfer to a target domain D∗ uses the learned θ̂ to optimize ϕ∗ = A(S∗; θ̂), and then evaluates the

model f (⋅; θ̂ , ϕ∗) on the target data. In short, the mechanism distills a compact task summary from various
annotation-sufficient domains {Di}

M
i=1 of a certain task and conditions inference on this summary so that

knowledge aggregated for the task can be used to new annotation-scarce domains.
There are some representative domain-invariant knowledge transfer based methods for few-shot

RC. MIML [16] leverages class semantic concepts to guide optimizing process, enabling more effective
initialization and faster adaptation by connecting instance-based and semantic information. Geng et al. [17]
propose a meta-learning framework for few-shot RC that leverages support instance knowledge and cross-
domain task enrichment to learn better representations from limited data. Obamuyide and Vlachos [18]
propose a model-agnostic optimizing protocol that trains relation classifiers to acquire parameters that are
easily adaptable for both well-supervised and low-resource relations.

2.2 Prompt Learning-Based Methods
Prompt learning reformulates downstream tasks as language modeling problems by bridging

pre-training and fine-tuning, thereby enabling effective utilization of pre-trained knowledge under
limited supervision. It typically consists of three components: a pre-trained language model param-
eterized by θPLM , a prompt template function P(⋅), and a verbalizer V(⋅). Given an input instance
x with entities e1 and e2, the template function transforms it into a prompted sequence, e.g.,
xprom pt = P(x) = “[x]The relation between [e1] and [e2] is [MASK]”. The Pre-trained Language Model
(PLM) then predicts the probability distribution over the vocabulary at the mask position, denoted as
p(w ∣ xprom pt , θPLM). The verbalizer maps these word-level probabilities to label probabilities: p(y ∣ x) =
∑w∈V(y) p(w ∣ xprom pt , θPLM), whereV(y) is the set of label words associated with class y. Model parameters
are optimized by minimizing the cross-entropy loss over the training set D = {(xi , yi)}N

i=1:

θ⋆PLM = arg min
θPLM

N
∑
i=1

LCE (yi , p(y ∣ xi , θPLM)) (2)
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Prompt learning reformulates RC as a masked token prediction or text generation task. By intro-
ducing natural language prompt templates to align RC with the pre-training objective, it enables models
to exploit implicit semantic, syntactic, and world knowledge encoded in pre-trained parameters. This
alignment reduces reliance on labeled data, emphasizes informative entity–context interactions, and
alleviates overfitting in low-resource settings, thereby improving sample efficiency, robustness, and cross-
domain transferability.

There are some representative prompt learning-based methods for few-shot RC. Zhang et al. [14]
propose a prompt-based method for relation classification that employs label-representing tokens, an
entity-aware contrastive module, and an attention query strategy to enhance performance in low-resource
settings. Xie et al. [20] propose a novel inductive model that leverages hard prompts to help construct
relevant subgraphs based on PLMs and enriches relation embeddings with textual descriptions for enhanced
semantic representation. Jiang et al. [13] propose RCBP which employs bidirectional prompt templates
to capture entity order and aligns the probability distributions of both prompt learning and fine-tuning,
enhanced by LLM-based data augmentation. Moslemnejad and Reed [21] propose a method that leverages
Frame Semantic Parsing to extract semantic frames and employs a RoBERTa PLM model to train dual
prompt templates within a Siamese network architecture to enhance relation classification. Liu et al. [19]
provide a comprehensive survey on prompt-based learning paradigms for various NLP tasks including
relation classification.

2.3 Challenges and Limitations
Despite their advantages, both domain-invariant knowledge transfer and prompt learning methods

exhibit notable limitations in few-shot relation classification. Domain-invariant transfer methods, though
capable of learning domain-invariant initialization via multi-domain episodic training, often suffer from
degraded adaptability under significant distribution shifts between Dtrain and Dtar ge t . The learned meta-
parameters θ̂ may retain domain-specific biases, limiting adaptation when the target support set Star ge t
is scarce. Prompt learning methods face two key challenges. (1) Optimization difficulty: In few-shot set-
tings, continuous prompt learning is under-constrained, leading to overfitting and unstable optimization.
(2) Domain adaptation bottleneck: Although prompts effectively elicit pre-trained knowledge, they lack
explicit mechanisms for transferring domain-invariant relational patterns. Consequently, when adapting
from Dsource to Dtar ge t , learned prompts may fail to generalize across domains, resulting in suboptimal
performance.

2.4 Relation to Orthogonality Constraint and Uncertainty-Based Weighting
Inspired by the prompt decomposition mechanism of MPT [15], we further incorporate orthogonality

constraint and confidence-guided prompt adaptation. In this section, we explain the motivation for these
modifications and highlight the key differences between our method and traditional practice.

Orthogonality constraint has been widely used in domain adaptation and representation learning to
encourage different latent components to capture non-redundant information. Existing orthogonality-based
disentanglement methods usually impose such constraints on feature representations, latent factors, or
domain-specific encoders, with the goal of separating shared and private representations across domains. In
contrast, COPA applies orthogonality constraint to the prompt space of a frozen LLM for few-shot relation
classification. Specifically, COPA constrains the shared domain-invariant prompt and the domain-specific
low-rank prompt to be complementary, so that transferable relational semantics and domain-dependent
residual information can be separated within a parameter-efficient prompt adaptation framework.
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Uncertainty-based weighting has been studied in curriculum learning, self-paced learning, and domain
adaptation, where instance-level confidence is often used to select reliable pseudo-labels, down-weight noisy
samples, or adjust training difficulty. For instance, Litrico et al. [22] estimate pseudo-label uncertainty
in source-free unsupervised domain adaptation and use it to reweight the classification loss, reducing
the influence of noisy pseudo-labels. Different from these methods, COPA uses confidence to regulate
prompt adaptation in a labeled few-shot target domain. The confidence score is computed from the teacher-
forced probability of the gold output sequence and is used to weight the per-example adaptation loss and
asymmetrically scale the learning rates of the domain-invariant and domain-specific prompt components.
This design allows COPA to preserve transferable prompt knowledge on high-confidence instances while
assigning stronger domain-specific updates to low-confidence instances.

The combination of these components is motivated by the transfer dilemma in single-task multi-
domain few-shot RC. Prompt decomposition provides a compact parameterization for separating shared
and domain-specific prompt knowledge, but decomposition alone does not ensure that the two components
encode non-redundant information, especially for single task. Orthogonality constraint is therefore intro-
duced to explicitly encourage complementarity between the domain-invariant and domain-specific prompts.
During target-domain adaptation, confidence-guided weighting further determines how strongly each
target instance should influence the two prompt components. Thus, prompt decomposition, orthogonality
constraint, and confidence-guided adaptation address parameterization, disentanglement, and adaptation
control, respectively.

3 Methodology

3.1 Task Definition
Given an input sentence x = (x1 , x2, . . . , xn)with two marked entities, namely the head entity eh and the

tail entity et , the goal of relation classification is to predict the semantic relation r ∈R between them, where
R = {r1 , r2, . . . , rm} denotes the predefined relation set. The entities may span one or multiple consecutive
tokens, and their corresponding entity types are denoted by th and tt .

To align symbolic relation labels with the natural language output space of large language mod-
els (LLMs), we adopt label verbalization. For each relation type r, a natural language verbalization
r̄ = (r̄1 , r̄2, . . . , r̄∣r̄∣) is defined as its textual expression. This verbalization provides a linguistically natural
form of the relation label and facilitates generation-based prediction within the LLM framework.

For example, given the sentence “The squirrel has a fluffy tail.”, the relation between eh = “squirrel”
and et = “ fluf fy tail” can be classified as Part-Whole, whose verbalization may be defined as “is part of ”.
During training, the model learns to generate such verbalizations for corresponding relation types, and
during inference, the generation probability of each verbalization is used to determine the predicted relation.

3.2 The Overall Framework
To alleviate the challenges discussed in Section 2.3, we propose COPA (Confidence-guided

Orthogonality-constrained Prompt Adaptation), which operates through three sequential and intercon-
nected stages as shown in Fig. 1, each designed to address specific challenges in few-shot cross-domain
relation classification:
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Figure 1: The framework of COPA (confidence-guided orthogonality-constrained prompt adaptation). COPA con-
sists of three stages: (1) domain-invariant knowledge acquisition, which jointly learns a domain-invariant prompt
and domain-specific low-rank prompts with orthogonality constraints to disentangle invariant and domain-specific
knowledge; (2) target domain prompt adaptation, which performs confidence-guided prompt adaptation strategy to
adapt the prompt to the target domain while preserving transferable knowledge; and (3) generation-based relation
prediction, which uses the adapted prompt to guide the LLM in generating relation verbalizations for final prediction.

(1) Domain-Invariant Knowledge Acquisition. We jointly optimize across multiple source domains to
learn a domain-invariant prompt P∗ and domain-specific low-rank prompts {Wi}k

i=1. For each domain Di ,
the effective prompt is defined as P̃i = P∗ ⊙Wi , where Wi is low-rank parameterized. An orthogonality
constraint is imposed between P∗ and Wi to disentangle domain-invariant relational knowledge from
domain-specific variations, enabling parameter-efficient modeling with improved cross-domain adaptability.
(2) Target Domain Prompt Adaptation. For a target domain, a domain-specific prompt Wt is initialized
from averaged source parameters and combined with P∗ to form P̃t = P∗ ⊙Wt . We adopt a confidence-
guided prompt adaptation strategy that encourages domain-invariant knowledge preservation in P∗ while
enabling efficient adaptation of Wt under few-shot supervision.
(3) Generation-Based Relation Prediction. Given a target input, we construct a structured prompt and use
P̃t to guide the LLM in generating relation verbalizations. The confidence of each relation is computed via the
average token-level generation probability of its verbalization. Entity type constraints are further applied to
filter incompatible candidates, and the relation with the highest confidence is selected as the final prediction.

3.3 Domain-Invariant Knowledge Acquisition
We formulate relation classification as a conditional generation task, where an LLM is prompted to

generate the verbalized relation for a given entity pair. To this end, we design a unified prompt template
as Eq. (3) (indicated by Input 1 format in Fig. 2):
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T(x) = x [Th] eh [Tt] et [R] P̃ (3)

where [Th] and [Tt] denote the type sentinel tokens of the head and tail entities, respectively, [R] is the
relation sentinel token, and P̃ is the tunable prompt. We use sentinel tokens to indicate the locations of
the corresponding information to be generated in the target sentence. The corresponding target sequence is
defined as Eq. (4) (indicated by Output 1 format in Fig. 2):

y = [Th] th [Tt] tt [R] r̄ [E] (4)

where r̄ is the label verbalization of relation r, and [E] is the end-of-sequence token.

Figure 2: The input and output format example of COPA.

For simplicity, we denote the LLM input as the concatenation of the text sequence and the prompt
P̃. In practice, the text sequence is tokenized and mapped to embeddings, while P̃ is a learnable matrix
directly defined in the embedding space. The concatenation is thus performed at the embedding level, and
the resulting sequence is fed into the LLM. We use “text_sequence P̃” to represent this input for brevity.

To capture both domain-invariant relational semantics and domain-specific linguistic patterns, we
decompose the prompt into a shared domain-invariant matrix P∗ and a domain-specific low-rank matrix Wi .
For domain Di , the effective prompt is defined as a Hadamard product of two components following Wang
et al. [15], i.e., P̃i = P∗ ⊙Wi , where Wi is parameterized in low-rank form for parameter-efficient adaptation.
The Hadamard product ⊙ is applied element-wise over the entire prompt matrix. If we suppose the rank
of Wi is 1, so Wi = uivT

i , where ui ∈ Rd , vi ∈ Rl , {Wi , P∗, P̃i} ∈ Rd×l , d denotes the number of prompt
tokens and l denotes the backbone LLM’s internal embedding dimension. This design is motivated by the
observation that relation classification involves both invariant relational knowledge and domain-dependent
surface realizations.

To explicitly disentangle these two factors, we impose an orthogonality constraint between P∗ and Wi
by minimizing the Frobenius norm:

Lor th =
k
∑
i=1
∥P∗⊺Wi∥

2
F (5)

which encourages Wi to encode complementary domain-specific residuals rather than redundant invari-
ant information.

Fig. 3 illustrates the decomposition of the prompt into a shared matrix P∗ and a domain-specific rank-
1 matrix Wi as an example. The shared component P∗ is jointly optimized across all domains to capture
domain-invariant relational knowledge. In contrast, Wi is optimized independently for each domain and is
parameterized as a rank-1 matrix, i.e., Wi = uiv⊺i , enabling parameter-efficient modeling of domain-specific
variations. This joint formulation allows P∗ to encode transferable knowledge, while Wi provides flexibility
for domain adaptation.
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Figure 3: Prompt decomposition diagram with rank-1 matrix Wi as an example.

Given an LLM M, the overall multi-domain training objective is defined as the weighted sum of the
loss function of each individual domain, which is the negative log-likelihood of the target sequence y:

L =
k
∑
i=1

λiLi + γLor th , Li = −
∣y∣

∑
j=1

log p (y j ∣ y< j , T(x),M) (6)

where λi is the weight for domain Di with ∑k
i=1 λi = 1, γ controls the strength of orthogonality constraint,

and y< j denotes previously generated tokens.

3.4 Target Domain Prompt Adaptation
After multi-domain training, the shared prompt P∗ encodes transferable domain-invariant relational

knowledge and serves as a strong prior for target-domain adaptation. To incorporate domain-specific
characteristics under few-shot supervision, we construct the target prompt as P̃t = P∗ ⊙Wt , where we
suppose Wt is a rank-1 matrix, so P̃t = P∗ ⊙Wt = P∗ ⊙ (utvT

t ).
To facilitate stable adaptation, ut and vt are initialized by averaging k source domain-specific rank-1

matrices {Wi = uivT
i }k

i=1:

ut =
1
k

k
∑
i=1

ui , vt =
1
k

k
∑
i=1

vi (7)

which provides a consensus initialization and improves convergence under limited data.
Given the structured input T(x), we freeze all parameters of the backbone model M and only adapt

the prompt parameters P̃t in the target domain. To emphasize informative hard instances for target-domain
adaptation, we introduce a confidence-guided prompt adaptation strategy. For each labeled target-domain
instance, the confidence score is computed using the teacher-forced probability of the gold output sequence,
rather than the probability of a greedily decoded prediction. Specifically, at the beginning of the e-th
adaptation epoch, we estimate the confidence score as

s(e)(x) = 1
∣y∣

∣y∣

∑
j=1

pΘ(e−1)
t
(y j ∣ y< j , T(x),M) , ω(e)(x) = 1 − s(e)(x), (8)

where y< j denotes the gold prefix under teacher forcing, and pΘ(e−1)
t
(⋅) is computed by the frozen LLM’s

decoder through the softmax operation over the vocabulary conditioned on the target prompt parameters
from the previous epoch. Thus, s(e)(x)measures how confidently the current prompt-adapted model assigns
probability to the ground-truth relation description.
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To avoid introducing a coupled optimization between the confidence estimator and the prompt param-
eters within each gradient step, ω(e)(x) is recomputed only at epoch boundaries and is kept fixed during
the e-th epoch. Moreover, the uncertainty weight is treated as a constant coefficient when optimizing the
prompt parameters, i.e., gradients are not propagated through ω(e)(x). The weighted adaptation objective
is therefore defined as

L(e)
ad a pt = − ∑

x∈Dt

sg [ω(e)(x)]
∣y∣

∑
j=1

log pΘ t (y j ∣ y< j , T(x),M) , (9)

where sg[⋅] denotes the stop-gradient operation.
The uncertainty-weighted objective assigns larger weights to low-confidence instances, which are more

likely to reflect target-domain-specific patterns insufficiently captured by the transferred domain-invariant
prompt. Therefore, the model focuses more on informative and difficult target-domain samples during
adaptation. We further modulate the learning rates of the domain-invariant and domain-specific prompt:

η(e)
task(x) = ηtask (1 − sg [ω(e)(x)]) , η(e)

domain(x) = ηdomainsg [ω(e)(x)) , (10)

where ηtask and ηdomain are base learning rates for the invariant prompt and the domain-specific prompt,
respectively. This formulation ensures that: (1) For high-confidence instances, ω(e)(x) is small, and the
adaptation mainly preserves and slightly refines the invariant prompt initialized from P∗. (2) For low-
confidence instances, ω(e)(x) becomes larger, assigning stronger updates to the domain-specific prompt
matrix Wt so that the model can better capture target domain-specific patterns.

3.5 Generation-Based Relation Prediction
In the target-domain inference stage, we apply the adapted prompt P̃t to predict relations for test

instances. Unlike the training stages, entity types are explicitly provided as auxiliary inputs, allowing the
model to focus on relation prediction under type constraints. For an input sentence x with head entity eh of
type th and tail entity et of type tt , the structured input is defined as

T(x) = x [Th] th eh [Tt] tt et [R] P̃ (11)

where [Th], [Tt], and [R] are sentinel tokens, and P̃ denotes the adapted prompt.
We adopt a generation-based scoring strategy for relation prediction. For each candidate relation r ∈R,

we obtain a label verbalization r̄ = [r̄1 , . . . , r̄∣r̄∣] via a generation-and-selection strategy. Specifically, the LLM
used in COPA first generates multiple candidate verbalizations, and then selects the most suitable one based
on semantic consistency, clarity, and conciseness. The confidence score of relation r is computed as the
average token-level generation probability:

cr =
1
∣r̄∣

∣r̄∣

∑
j=1

pr̄ j (12)

where pr̄ j = p(r̄ j ∣ T(x), r̄1 , . . . , r̄ j−1 ,M). This yields a stable sequence-level confidence estimate for each
candidate relation.

To improve both efficiency and accuracy, we further introduce entity type compatibility constraints.
Specifically, only relations compatible with the observed entity types (th , tt) are retained:

Rcom patib l e = {r ∈R ∣ T CM[th , tt , r] = 1} (13)
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where T CM is a type compatibility matrix. For instance, the relation “married_to” is only meaningful
when both entities are of type “Person”, so T CM[Per, Per, married_to] = 1. The final prediction is then
obtained by

r̂ = arg max
r∈Rcom patibl e

cr (14)

This generation-based paradigm effectively leverages the generative knowledge of LLMs, while the
adapted prompt and type constraints further improve prediction interpretability, efficiency, and accuracy.

4 Experiments

4.1 Datasets and Experimental Settings
To ensure fair evaluation, the datasets used for domain-invariant knowledge acquisition are disjoint

from those used for validation. The training domains include SKE1 (50 relations, from general domain
Baidu Baike), FR2KG [23] (19 relations, from company research reports), and IPRE [24] (34 relations, from
general domain for inter-personal relationship extraction). To mitigate domain imbalance, 1000 samples are
uniformly selected from each dataset, evenly covering all relation types.

For evaluation, we use four public Chinese datasets: SanWen [25] (9 relations, from Chinese literature
text), DuIE [26] (49 relations, from news, entertainment, etc.), ACE 2005 Chinese Corpus2 (18 relations, from
newswire, broadcast news, weblog), and FinRE [27] (44 relations, from financial and economic domain).
Few-shot settings are simulated by sampling K ∈ {8, 16, 32} instances per relation only from the training
split of each target dataset. Thus, for a dataset with R relation types, the training set contains R × K labeled
relation instances. This follows a low-resource per-relation evaluation protocol rather than an conventional
N-way-K-shot setting. For each K, sampling is repeated 5 times, and each split is trained 5 times, resulting
in 25 runs. The test split is kept fixed and strictly disjoint from the sampled few-shot training instances in all
replications. No data point used for target-domain prompt adaptation is included in the subsequent test set,
thereby avoiding data leakage. Performance is reported as the average Micro-F1.

We report the statistics and relation overlap in Appendix A. It should be noted that the source datasets
used for multi-domain training consist of heterogeneous texts from broad domains, and their general topical
categories may partially overlap with those of the evaluation datasets. However, this does not invalidate the
cross-domain evaluation setting. The source and target datasets are strictly disjoint at both the dataset and
instance levels. Moreover, these datasets differ in relation schemas, entity distributions, annotation criteria,
and textual styles, resulting in clear distributional shifts. Our goal is not to require source and target domains
to be completely unrelated, but to examine whether domain-invariant relational knowledge learned from
heterogeneous source domains can be transferred to unseen target datasets under few-shot supervision.

All experiments are conducted on Ubuntu 22.04.4 with two NVIDIA Quadro GV100 GPUs
(32 GB). The model is implemented with PyTorch [28] and HuggingFace Transformers. We adopt Qwen-
7B3 [29] and DeepSeek-7B4 [30] as backbone LLMs for COPA, while prompt-based baselines use Qwen-7B.
Hyperparameter settings are provided in Table 1.

1https://aistudio.baidu.com/datasetdetail/18801.
2https://catalog.ldc.upenn.edu/LDC2006T06.
3https://huggingface.co/Qwen/Qwen2-7B.
4https://huggingface.co/deepseek-ai/DeepSeek-R1-Distill-Qwen-7B.

https://aistudio.baidu.com/datasetdetail/18801
https://catalog.ldc.upenn.edu/LDC2006T06
https://huggingface.co/Qwen/Qwen2-7B
https://huggingface.co/deepseek-ai/DeepSeek-R1-Distill-Qwen-7B


Comput Mater Contin. 2026;89(1):23 11

Table 1: The relevant hyperparameters for experiments.

Hyperparameter Value
The rank of the domain-specific low-rank matrix 1

The strength of orthogonality constraint γ 0.05
Loss function weight for each domain λi , i ∈ {1, 2, 3} 1/3

Learning rate for domain-invariant knowledge acquisition 0.1
The proportion of warmup steps to the total training steps 10%

Weight decay for learning rate of domain-invariant knowledge acquisition 1e–4
Learning rate for shared matrix P∗ during target-domain adaptation ηtask 5e–4

Learning rate for low-rank matrix W t during target-domain adaptation ηdomain 5e–3
Number of prompt tokens d 100

Hidden size of backbone Qwen-7B 3584
Hidden size of backbone DeepSeek-7B 3584

4.2 Validation Experiments
4.2.1 Baseline Methods

We compare COPA with several representative few-shot relation classification baselines from two
categories.

Neural network-based methods. SRE-HGNN [7] enhances sample representations via heterogeneous
graph modeling and adaptive neighbor selection. HCRP [31] improves prototypical learning with relation-
prototype contrastive learning and task-adaptive strategies. Proto-MCE [3] adopts multichannel encoding
and dependency tree attention, further augmented by pseudo-labeling and entropy-based instance selection.

Prompt learning-based methods. MRC-SP [32] is a multilingual prompt-based relation classification
method. GenPT [12] reformulates relation classification as a generative infilling task with entity-guided
decoding. LabelPrompt [14] models labels as learnable tokens and introduces entity-aware contrastive
learning. Prompt Tuning [33] updates task-specific soft prompts while freezing pretrained model parameters.
Multitask Prompt Tuning [15] learns a transferable prompt across domains, but does not explicitly enforce
disentanglement or confidence-guided adaptation. For Prompt Tuning and Multitask Prompt Tuning,
we adopt the same generation-based relation prediction as COPA, denoted as PT-GRP and MPT-GRP,
respectively.

4.2.2 Validation Experimental Results and Analysis
The experimental results are summarized in Table 2, which reports the average Micro-F1 scores with

standard deviations. The best and second-best results are highlighted in bold and italics, respectively. Fig. 4
further visualizes the performance distribution across 25 runs using box plots, where the dots within the box
plots indicate the mean value across the 25 runs. The line chart reflects the trend of micro-F1 scores under
different data scales.
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Table 2: Micro-F1 (%) values of methods on different datasets.

Model SanWen DuIE ACE 2005 FinRE

K = 8 K = 16 K = 32 K = 8 K = 16 K = 32 K = 8 K = 16 K = 32 K = 8 K = 16 K = 32

N
eu

ra
lN

et
w

or
k SRE-HGNN [7] 51.15 55.17 58.63 65.34 68.16 70.32 63.21 65.54 68.75 36.25 38.63 40.17

(±1.15) (±1.42) (±1.70) (±1.27) (±1.56) (±1.69) (±1.37) (±1.49) (±1.56) (±1.32) (±1.60) (±1.95)
HCRP [31] 56.37 59.82 60.43 68.67 71.25 73.86 67.49 69.84 71.79 39.18 41.76 43.28

(±1.75) (±1.73) (±1.65) (±1.82) (±1.62) (±1.37) (±1.23) (±1.46) (±1.59) (±1.60) (±1.41) (±2.06)
Proto-MCE [3] 52.49 56.63 59.17 66.31 70.25 71.39 64.73 68.53 70.41 38.54 40.73 41.81

(±1.32) (±1.45) (±1.51) (±1.47) (±1.71) (±1.56) (±1.91) (±1.62) (±1.86) (±1.56) (±1.44) (±1.65)

Pr
om

pt
Tu

ni
ng

MRC-SP [32] 53.76 57.51 60.37 67.61 70.83 71.46 65.71 69.06 70.86 38.17 40.27 41.06
(±1.54) (±1.46) (±1.34) (±1.80) (±1.41) (±1.79) (±1.43) (±0.95) (±2.11) (±1.59) (±1.42) (±1.37)

GenPT [12] 56.67 60.54 61.38 68.64 71.53 72.86 68.39 70.12 71.57 39.67 40.83 41.95
(±1.37) (±1.21) (±1.43) (±1.36) (±0.86) (±1.26) (±0.81) (±1.48) (±1.27) (±1.34) (±1.24) (±0.85)

LabelPrompt [14] 56.27 60.37 61.25 68.07 71.76 73.49 68.74 70.06 71.94 40.18 43.03 45.25
(±1.25) (±1.19) (±0.89) (±0.97) (±1.26) (±1.33) (±1.03) (±1.26) (±1.14) (±0.83) (±1.27) (±0.88)

PT-GRP [33] 58.27 61.03 61.87 69.52 72.02 73.86 68.79 71.88 73.17 40.15 42.01 44.65
(±1.15) (±1.09) (±0.92) (±1.25) (±1.14) (±1.12) (±1.17) (±1.24) (±1.16) (±1.19) (±1.21) (±1.08)

MPT-GRP [15] 58.63 61.83 62.64 69.83 72.18 74.27 68.84 72.04 73.58 41.26 42.11 44.18
(±0.81) (±0.79) (±0.75) (±0.75) (±0.84) (±0.73) (±0.86) (±0.73) (±0.85) (±0.79) (±0.71) (±0.61)

COPA
(deepseek) 59.15 62.12 63.81 71.69 72.87 74.15 69.05 73.53 74.16 41.53 42.54 44.83

(±0.62) (±0.77) (±0.71) (±0.84) (±0.91) (±0.75) (±0.81) (±0.87) (±0.77) (±0.83) (±0.79) (±0.72)
COPA (Qwen) 59.87 62.93 64.12 71.53 73.92 75.66 70.22 73.38 74.67 42.73 43.86 46.26

(±0.87) (±0.65) (±0.58) (±0.76) (±0.81) (±0.54) (±0.73) (±0.69) (±1.08) (±0.68) (±0.63) (±0.57)

Figure 4: The box plots and trend of Micro-F1 values of different methods on K(8, 16, 32) annotated samples
(horizontal axis) across 4 datasets (vertical axis).

As shown in Table 2 and Fig. 4:
(1) Overall performance. COPA consistently outperforms baselines, achieving improvements of 0.83%–
8.72% in Micro-F1. This gain is mainly attributed to two factors. First, the orthogonality-constrained prompt
disentanglement separates domain-invariant semantics from domain-specific variations, enabling more
effective knowledge transfer while avoiding redundant encoding. Second, the confidence-guided prompt
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adaptation dynamically allocates optimization strength based on prediction uncertainty, preserving general
knowledge while improving discrimination on target-domain instances.
(2) Stability. COPA achieves relatively lower standard deviations across all settings, indicating enhanced
robustness. This stability is attributed to the domain-invariant knowledge encoded in the shared prompt
P∗ and the confidence-guided prompt adaptation mechanism, which together reduce overfitting and ensure
more consistent performance under limited supervision.
(3) Advantage of prompt-based methods over Deep Neural Network (DNN) methods. Most prompt-
based methods outperform DNN-based approaches across datasets and shot settings, indicating their
superior suitability for few-shot relation classification. This advantage stems from their ability to better
exploit the rich semantic knowledge encoded in pre-trained language models, whereas DNN-based methods
are more constrained by limited labeled data and thus exhibit inferior performance.

4.2.3 Comparison with Other LLM-Based Adaptation Baselines
To further compare COPA with stronger LLM-based adaptation strategies, we add three baselines

using the same Qwen-7B and DeepSeek-7B backbones. First, Zero-shot In-Context Learning(ICL) directly
prompts the frozen LLM with the relation classification template and candidate relation verbalizers. Second,
Few-shot ICL augments the prompt with K labeled demonstrations selected from the target-domain training
set for each test instance. Since our K setting denotes K labeled instances per relation class, including all
R × K instances as demonstrations is infeasible for datasets with many relations; therefore, the ICL baseline
uses K demonstrations per query. Third, LoRA [34] fine-tunes the same LLM on K samples per relation
setting using the LLaMA-Factory5 framework, providing a stronger but more expensive adaptation baseline.

For few-shot ICL, we construct the prompt using the template shown below, which includes the task
instruction, candidate relation labels, labeled demonstrations, and the test instance. For zero-shot ICL, we
use the same template while removing the demonstration section.

ICL Prompt Template (English Translation Version)
You are an expert in Chinese relation classification. Given a sentence and two marked entities, your
task is to identify the semantic relation between the head entity and the tail entity.
Candidate relation labels: {relation_label_list}
Example 1: Sentence: {demo_sentence_1}; Head entity: {demo_head_1}; Head entity type:
{demo_head_type_1}; Tail entity: {demo_tail_1}; Tail entity type: {demo_tail_type_1}; Relation:
{demo_relation_1}. Example 2: ......
Now classify the following instance.
Sentence: {test_sentence}; Head entity: {test_head_entity}; Head entity type: {test_head_type}; Tail
entity: {test_tail_entity}; Tail entity type: {test_tail_type}.
Please choose the most appropriate relation label from the candidate relation labels. Only output the
relation label. Do not output any explanation.
Relation:

As shown in Table 3, with the best results in bold and the second-best in italics:
(1) Zero-shot and few-shot ICL perform worse than trainable adaptation methods, and few-shot ICL shows
larger variance, indicating its sensitivity to demonstration selection. This may suggest that ICL may require
sufficiently large and capable LLMs to fully exploit the information provided by demonstrations. In our

5https://github.com/hiyouga/LLaMAFactory.

https://github.com/hiyouga/LLaMAFactory
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7B-scale backbone setting, demonstration-based prompting alone may be insufficient for stable few-shot
relation classification.
(2) LoRA achieves strong results on DuIE and FinRE, as it updates additional LLM parameters and have
relatively more training data for these two datasets, thus provides a stronger but more expensive adaptation
baseline. Nevertheless, COPA remains highly competitive and achieves the best overall average performance,
with particularly strong results on SanWen and ACE 2005. These results show that COPA offers an effective
and parameter-efficient alternative to more expensive LLM adaptation methods.

Table 3: Micro-F1 (%) values of LLM-based adaptation methods

Method SanWen DuIE ACE 2005 FinRE

K = 8 K = 16 K = 32 K = 8 K = 16 K = 32 K = 8 K = 16 K = 32 K = 8 K = 16 K = 32
Zero-shot (deepseek) 53.34 (±0.14) 67.53 (±0.17) 66.44 (±0.21) 35.31 (±0.16)

Zero-shot (Qwen) 54.22 (±0.11) 68.35 (±0.14) 65.97 (±0.18) 34.86 (±0.15)
Few-shot (deepseek) 55.41 57.73 58.45 69.85 70.52 70.97 67.71 68.25 68.57 36.82 37.51 37.94

(±1.81) (±1.62) (±1.63) (±2.56) (±2.35) (±1.96) (±1.97) (±1.68) (±1.49) (±2.63) (±2.41) (±2.07)
Few-shot (Qwen) 55.64 58.23 58.64 69.73 70.86 71.25 67.83 68.38 68.51 37.12 37.81 38.14

(±1.77) (±1.67) (±1.41) (±2.34) (±2.47) (±2.04) (±1.88) (±1.72) (±1.45) (±2.75) (±2.48) (±2.13)
Lora (deepseek) 54.82 57.87 61.38 72.21 74.18 76.65 67.75 69.73 72.85 42.17 44.26 47.83

(±1.06) (±1.12) (±1.13) (±1.12) (±0.97) (±1.13) (±1.03) (±1.15) (±0.93) (±1.05) (±0.87) (±0.94)
Lora (Qwen) 54.75 57.69 61.71 71.57 74.35 77.16 67.92 71.19 73.63 42.41 44.83 48.02

(±1.02) (±0.93) (±1.08) (±1.05) (±1.07) (±0.85) (±1.13) (±0.91) (±0.94) (±1.13) (±0.96) (±0.87)
COPA (deepseek) 59.15 62.12 63.81 71.69 72.87 74.15 69.05 73.53 74.16 41.53 42.54 44.83

(±0.62) (±0.77) (±0.71) (±0.84) (±0.91) (±0.75) (±0.81) (±0.87) (±0.77) (±0.83) (±0.79) (±0.72)
COPA (Qwen) 59.87 62.93 64.12 71.53 73.92 75.66 70.22 73.38 74.67 42.73 43.86 46.26

(±0.87) (±0.65) (±0.58) (±0.76) (±0.81) (±0.54) (±0.73) (±0.69) (±1.08) (±0.68) (±0.63) (±0.57)

4.3 Parameter Analysis
4.3.1 Effects of Rank of Domain-Specific Matrix

To investigate the impact of the rank of the domain-specific low-rank matrix, we conduct a sensitivity
analysis on COPA (Qwen) by varying the rank from 1 to 3 across multiple datasets under K ∈ {8, 16, 32}
settings. The results are reported in Table 4, where the best results are highlighted in bold. Fig. 5 illustrates
the corresponding Micro-F1 trends.

Table 4: Parameter sensitivity results (Micro-F1%) of rank across datasets with different K settings.

Rank SanWen DuIE ACE 2005 FinRE

K = 8 K = 16 K = 32 K = 8 K = 16 K = 32 K = 8 K = 16 K = 32 K = 8 K = 16 K = 32
1 59.87 62.93 64.12 71.53 73.92 75.66 70.22 73.38 74.67 42.73 43.86 46.26
2 59.62 62.88 64.31 71.45 74.06 75.88 70.26 73.33 75.16 41.24 42.37 46.14
3 58.36 60.59 63.94 71.18 73.27 75.07 69.14 72.76 74.87 40.68 42.14 45.87

Table 4 and Fig. 5 show that increasing the rank does not consistently improve performance. Although
rank = 2 yields slight gains in some cases, the improvement is marginal relative to the increased parameter
cost (The number of learnable parameters for low-rank matrix doubles). When the rank is further increased
to 3, performance generally degrades, likely due to optimization difficulty under limited supervision for more
parameters. Therefore, we adopt rank = 1 in experiments for a better trade-off between effectiveness and
parameter efficiency.



Comput Mater Contin. 2026;89(1):23 15

Figure 5: Micro-F1 scores with respect to rank under different K settings across datasets. Broken y-axes are applied for
better visualization.

4.3.2 Effects of Learning Rates
To examine whether the performance of COPA(Qwen) is dominated by the asymmetric learning rates

of domain-invariant and domain-specific prompt components, we conduct a sensitivity analysis on the
learning-rate ratio. Specifically, we fix the domain-invariant learning rate ηtask as 5e−4 and vary the domain-
specific learning rate ηdomain from 5e−4 to 1e−2, corresponding to ratios of 1×, 2×, 5×, 10×, and 20×. We
also include a symmetric high-learning-rate setting where both learning rates are set to 5e−3. The results are
shown in Table 5 and the best and second-best results are highlighted in bold and italics, respectively.

Table 5: Results (Micro-F1%) of sensitivity analysis of task/domain learning-rate ratios.

ηtask ηd omain Ratio SanWen DuIE ACE 2005 FinRE

K = 8 K = 16 K = 32 K = 8 K = 16 K = 32 K = 8 K = 16 K = 32 K = 8 K = 16 K = 32
5e–4 5e–4 Symmetric 58.44 61.37 62.72 70.87 72.54 74.68 68.54 71.83 73.15 41.22 42.47 44.91
5e–4 1e–3 2× 58.74 61.93 63.18 71.25 72.89 75.15 68.94 72.37 73.72 41.36 42.84 45.68
5e–4 2.5e–3 5× 59.27 62.14 63.34 72.14 74.23 76.04 69.89 72.67 74.08 42.87 44.26 46.97
5e–4 5e–3 10× 59.87 62.93 64.12 71.53 73.92 75.66 70.22 73.38 74.67 42.73 43.86 46.26
5e–4 1e–2 20× 58.13 60.81 62.34 69.58 72.11 74.16 68.35 72.01 73.38 40.92 42.35 44.12
5e–3 5e–3 Symmetric 57.78 59.86 62.41 69.19 71.54 73.45 67.93 71.58 73.17 40.34 41.87 43.85

Table 5 shows that moderate learning-rate asymmetry is beneficial. The 5× and 10× ratios achieve the
best average performance. In contrast, the symmetric settings and the overly large 20× ratio perform worse,
indicating that domain-specific prompts require faster adaptation, but excessive domain-side updates may
hurt stability. These results show that COPA is not dominated by a single 10× learning-rate choice; instead,
it remains robust under moderate asymmetric ratios.

4.4 Ablation Experiments
4.4.1 Ablation Study on Model Components

We conduct ablation studies to evaluate the contributions of orthogonality constraint in Domain-
Invariant Knowledge Acquisition stage and confidence-guided prompt adaptation strategy in Target Domain
Prompt Adaptation stage, and denoted method without orthogonality constraint as “-OC”, method without
confidence-guided prompt adaptation strategy as “-CGPA”, method without both fall back to MPT-GRP.
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The ablation results in Table 6 demonstrate the effectiveness of both orthogonality constraint (OC) and
confidence-guided prompt adaptation (CGPA). Removing OC leads to consistent but moderate performance
drops, indicating its role in learning more discriminative domain-invariant representations. In contrast,
removing CGPA results in more significant degradation, particularly under higher-shot settings, highlighting
its importance in effective target-domain adaptation. When both components are removed (i.e., MPT-GRP),
performance declines most substantially, suggesting that OC and CGPA are complementary and jointly
contribute to the overall performance.

Table 6: Ablation study results(Micro-F1%) of orthogonality constraint and confidence-guided prompt adaptation
strategy.

Method SanWen DuIE ACE 2005 FinRE

K = 8 K = 16 K = 32 K = 8 K = 16 K = 32 K = 8 K = 16 K = 32 K = 8 K = 16 K = 32
COPA(Qwen) 59.87 62.93 64.12 71.53 73.92 75.66 70.22 73.38 74.67 42.73 43.86 46.26

-OC 59.24 62.34 63.56 70.82 73.31 75.14 69.85 73.06 74.26 42.32 43.22 45.82
(−0.63) (−0.59) (−0.56) (−0.71) (−0.61) (−0.52) (−0.37) (−0.32) (−0.41) (−0.41) (−0.64) (−0.44)

-CGPA 59.03 62.15 62.87 70.16 72.93 74.71 69.07 72.59 73.87 41.71 42.64 44.58
(−0.84) (−0.78) (−1.25) (−1.37) (−0.99) (−0.95) (−1.15) (−0.79) (−0.80) (−1.02) (−1.22) (−1.68)

MPT-GRP 58.63 61.83 62.64 69.83 72.18 74.27 68.84 72.04 73.58 41.26 42.11 44.18
(−1.24) (−1.10) (−1.48) (−1.70) (−1.74) (−1.39) (−1.38) (−1.34) (−1.09) (−1.47) (−1.75) (−2.08)

4.4.2 Ablation Study on Prompt Structure
To further validate the effectiveness of each component in the prompt structure, we conduct detailed

ablation studies on four datasets using COPA based on Qwen. The Micro-F1 results are reported in Tables 7
and 8.

Table 7: Micro-F1 (%) of Ablation experiments on DuIE and SanWen based on COPA (Qwen).

No. Inputs Targets DuIE SanWen

K = 8 K = 16 K = 32 K = 8 K = 16 K = 32
1 x [Th] eh [Tt] et [R] P̃ [Th] th [Tt] tt [R] r̄ [E] 70.28 73.62 75.17 59.31 62.27 63.74
2 x hard_prompt∗ [Th] th [Tt] tt [R] r̄ [E] 69.34 72.14 73.95 58.17 60.74 62.04
3 x th eh tt et [R] P̃ [R] r̄ [E] 68.06 70.21 72.43 57.23 58.19 60.86
4 x eh et [R] P̃ [R] r̄ [E] 67.84 70.02 72.15 56.64 57.41 59.82
5 x P̃ [R] r̄ [E] 60.17 62.28 64.12 50.85 52.16 54.43
6 x r̄ 56.83 60.53 61.87 49.48 51.17 52.86

Note: *hard_prompt ∶ the rel ation between [Th] eh and [Tt] et is [R].
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Table 8: Micro-F1 (%) of Ablation experiments on FinRE and ACE 2005 based on COPA (Qwen).

No. Inputs Targets FinRE ACE 2005

K = 8 K = 16 K = 32 K = 8 K = 16 K = 32
1 x [Th] eh [Tt] et [R] P̃ [Th] th [Tt] tt [R] r̄ [E] 41.26 43.21 45.18 69.84 72.18 73.58
2 x hard_prompt∗ [Th] th [Tt] tt [R] r̄ [E] 40.61 41.73 44.05 69.17 71.35 72.61
3 x th eh tt et [R] P̃ [R] r̄ [E] 40.18 40.77 43.22 68.25 70.43 72.13
4 x eh et [R] P̃ [R] r̄ [E] 39.66 39.92 41.39 67.23 68.61 69.88
5 x P̃ [R] r̄ [E] 36.71 38.76 39.55 61.75 63.83 64.76
6 x r̄ 36.46 37.53 39.62 61.06 62.38 64.12

Note: *hard_prompt ∶ the rel ation between [Th] eh and [Tt] et is [R].

Tables 7 and 8 present the ablation results of different prompt structure variants. The full prompt
design (Row 1), which uses entity type sentinel tokens as input and generates both entity types and
relation verbalizations, achieves the best performance, indicating that this formulation better aligns with
autoregressive decoding and promotes deeper semantic understanding.

Replacing the soft prompt with a manually designed hard prompt (Row 2) leads to inferior results,
highlighting the effectiveness of learnable prompts over manual template design. Providing entity types
explicitly as input (Row 3) degrades performance, suggesting reduced reliance on contextual inference.
Further removing entity type information (Row 4) and both entity and type information (Row 5) results in
additional performance drops, with the latter showing the largest decline due to substantial information loss.

Finally, the sequence-to-sequence fine-tuning baseline (Row 6) performs worst, demonstrating the
superiority of prompt-based learning for relation classification with LLMs.

4.5 Significance Tests
Since the gains of COPA (Qwen) over -OC and COPA (deepseek) are relatively small(0.3%–0.6%) and

within one standard deviation, we conduct paired two-sided t-tests between COPA (Qwen) and these two
comparisons and mark significant improvements at p < 0.05 in Table 9.

Table 9: Paired t-test results for COPA (Qwen) against -OC and COPA (deepseek).

Dataset K -OC COPA (deepseek)

t-Stat p-Value Significance t-Stat p-Value Significance

ACE_2005
8 1.71831307 0.09861590 FALSE 4.64061532 0.00010356 TRUE
16 1.51581560 0.14262740 FALSE −0.64057314 0.52786943 FALSE
32 1.55459905 0.13313076 FALSE 2.05217273 0.05121412 FALSE

DuIE
8 3.42525275 0.00221559 TRUE −0.75731806 0.45623085 FALSE
16 2.90430464 0.00778103 TRUE 4.27007297 0.00026576 TRUE
32 2.71074885 0.01220202 TRUE 6.91305943 3.77892739e–07 TRUE

FinRE
8 2.67564083 0.01322380 TRUE 5.79595334 5.63903147e–06 TRUE
16 3.39200259 0.00240438 TRUE 6.09097186 2.72548448e–06 TRUE
32 2.20740933 0.03709226 TRUE 8.55053224 9.52583202e–09 TRUE

(Continued)
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Table 9 (continued)

Dataset K -OC COPA (deepseek)

t-Stat p-Value Significance t-Stat p-Value Significance

SanWen
8 2.24615915 0.03416676 TRUE 3.02145189 0.00589703 TRUE
16 3.70584324 0.00110406 TRUE 4.37514553 0.00020347 TRUE
32 2.60978015 0.01536079 TRUE 1.42840704 0.16606039 FALSE

The results show that COPA (Qwen) significantly outperforms COPA (deepseek) in most settings.
However, the differences are not significant on ACE_2005 with K = 16 and K = 32, DuIE with K = 8,
and SanWen with K = 32, indicating that the advantage of COPA (Qwen) over COPA (deepseek) is not
uniform across all datasets and K settings. For the comparison between full COPA (Qwen) and -OC,
the improvements are statistically significant on SanWen, DuIE, and FinRE, while none of the gains on
ACE_2005 reach significance, suggesting that the contribution of the orthogonality constraint may be
relatively moderate in some cases.

5 Conclusion
In this paper, we propose COPA, a confidence-guided orthogonality-constrained prompt adaptation

framework for few-shot relation classification. By combining orthogonality-constrained prompt disen-
tanglement with confidence-guided prompt adaptation, COPA effectively captures transferable relational
knowledge while enabling stable target-domain adaptation under limited supervision. Experimental results
on four public datasets demonstrate that COPA consistently outperforms strong baselines in terms of
Micro-F1, with lower variance. In future work, we will explore extending COPA to cross-lingual relation
classification for low-resource cross-domain and cross-lingual transfer.
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Appendix A Dataset Characterization
To better substantiate the cross-domain setting, we further characterize the source and target datasets

from three aspects: text register, relevant statistics, and relation-set overlap. Specifically, we report text

https://aistudio.baidu.com/datasetdetail/18801
https://catalog.ldc.upenn.edu/LDC2006T06
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register and domain, the number of relations (#Rel.), average sentence length (Avg. Sent. Len.), average entity
length (Avg. Ent. Len.), average entity distance (Ave. Ent. Dis.), normalized relation overlap (normalized)
Overlap (S , T) = ∣RS∩RT ∣

∣RT ∣
and Jaccard similarity coefficient (Jaccard) Jaccard(S , T) = ∣RS∩RT ∣

∣RS∪RT ∣
in Table A1.

For FR2KG, since it is a document-level relation extraction dataset, 55.88 denotes the average sentence length,
while the value in parentheses, 2213.83, denotes the average document length. Entity distance is defined as
the absolute character distance between the start positions of the head and tail entity mentions.

Table A1: Dataset statistics and relation overlap comparison.

Dataset Split Role Register/Domain #Rel. Avg. Sent.
Len.

Avg. Ent.
Len.

Avg. Ent.
Dis. Normalized Jaccard

SKE∗ Source Encyclopedia/General 50 54.63 4.50 21.82 — —

FR2KG Source
Company
Research

Reports/Financial
19 55.88

(2213.83) 8.54 724.68 — —

IPRE Source
Inter-personal

Relation-
ship/General

34 53.94 2.62 14.99 — —

SanWen Target Chinese Litera-
ture/Literary 9 62.56 3.02 15.27 0.030928 0.029126

DuIE Target
News,

Entertainment,
etc./General

49 54.63 4.48 21.74 0.505155 0.500000

ACE
2005 Target

Newswire,
Broadcast News,

Weblog/News
18 28.24 4.45 7.40 0.061856 0.053571

FinRE Target Economic
Text/Financial 44 54.80 4.78 15.15 0.020619 0.014286

Note: *SKE refers to Schema-based Knowledge Extraction dataset (https://aistudio.baidu.com/datasetdetail/18801).
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