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Abstract

In relation extraction task, graph attention network, as the dominant model, often faces the
challenge of attention bias caused by complex semantic environment. Existing approaches
ignore decoupling and build fine-grained models to filter and directly interact the multiple
levels of information overlapping in word vectors (word, phrase, clause, and sentence level),
but using methods that focus only on context (such as additional knowledge or structure).
Ignoring overlapping multilevel information leads to limited performance improvement of
the model for attention bias, but also increases the processing cost. To overcome this core lim-
itation, we propose a model to decouple and process multiple levels of semantic information
from the spectrum domain: Frequency-domain aware Gated Graph Attention Network (FD-
GGAN-RE). The network first uses spectral decomposition to decouple contextual word
vectors into spectral domain vectors containing different levels of semantic information.
Then, use Frequency Feature Selective Gate layer to realize adaptive semantic filtering,
reducing the influence of irrelevant semantics on the subsequent graph attention calculation.
Final the Frequency-domain graph attention layer realizes the direct interaction of multiple
levels of semantic information in the spectrum domain, avoiding the attention bias caused
by the context graph attention mechanism interacting with word vectors containing multiple
levels of semantic overlap. SemEval and KBP37 scored 90.33 and 69.06 respectively for F1,
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which was 27% faster than GATs while F1 scored 0.15 and 0.84 higher, respectively. Fre-
quency graph attention visualization further demonstrates the model’s capability to capture
complex key semantics, while presenting a frequency-based approach that holds potential
for application in other natural language processing tasks.

Keywords Relation extraction - Attention mechanism - Frequency-domain techniques

1 Introduction

In Natural Language Processing (NLP), Relation Extraction (RE) focuses on identifying
relations between the given entity pair from unstructured text, which is critical for applications
such as knowledge graph construction [1], information retrieval [2], and question-answering
systems [3]. In neural relation extraction (RE) tasks, graph neural networks (GNN) [4], Graph
Convolutional Networks [5] and graph attention mechanisms(GAT) [6] have become effective
modeling methods. Among them, GATs, with its unique attention allocation strategy, makes
full use of contextual information in sentences through information transfer mechanism, and
shows excellent performance and advantages in dealing with entity relationship modeling.
However, GATs assigns scores of higher attention score to language elements that may not
be task-relevant in complex semantic environments, thus reducing the accuracy of RE. For
example, in the sentence “The narrative comprises the interplay of two themes that...”, the
relation between “narrative” and “interplay” is “Other”. But because the model focuses on
“comprises”, “themes” or other words, the model may mispredict its relation as “component-
whole.”

Existing methods are mainly context-based improved modeling, which can be summa-
rized into two technical routes: methods based on external knowledge enhancement, such as
syntactic information [7], and methods based on graph neural network structure optimiza-
tion, such as multi-head mechanism [8]. Because it is difficult to decouple the multi-level
semantics (including sentence, clause, phrase, and word information) in the implicit space
of word vectors, the context method does not model the filtering of an interaction among
multi-level semantic features. Instead, it directly performs coarse-grained interaction on word
vectors that overlap multi-level semantic information using the context graph attention. These
directly lead to the limited optimization effect of the context-improved model with additional
consumption, and the graph attention weight is still skewed.

Inspired by [9, 10], we use frequency domain variation to achieve word vector decoupling
and solve this problem in the frequency domain. After the spectral decoupling of the word
vector, the frequency domain vector will be recognized to contain the information of words,
phrases, clauses and sentences according to the frequency level, which realizes the multi-
layer information decoupling which is difficult to achieve in context method [11]. Then,
a frequency feature selection gate module reduces the deviation of the graph attention by
achieving fine-grained feature dimension spectrum filtering on the frequency independent
component of the task. As a supplement, the frequency domain graph attention module solves
the attention shift caused by semantic overlap in coarse-grained context attention by directly
interacting the multi-level context information in the frequency domain. To sum up, in this
paper, we formally propose Frequency-Domain aware Gated Graph Attention Network for
Relation Extraction (FD-GGAN-RE). This is an innovative frequency-domain enhanced
graph attention framework, which realizes the difficult problem of multilevel information
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Fig. 1 The left side shows the overall architecture of the FD-GGAN-RE model framework, which consists
of three main parts: pre-training Language model, frequency domain gated attention module and prediction
module. The frequency domain gating attention module connects Multi-scale information decoupling layer,
Frequency-Domain Selective Gate Layer, Frequency-Domain Graph, Attention Layer, Multi-scale information
aggregation layer connected in sequence. On the right is the specific architecture of these four layers

overlap in context graph attention with innovative initiatives in spectral decoupling and
spectral domain processing, and significantly reduces the attention bias in the GATs.
The main contributions of this paper are as follows:

(1) A learnable Frequency Feature Selective Gate layer is proposed to realize fine-grained
semantic component selection by spectral filtering, effectively suppress noise interference
and strengthen mission-critical frequency components to achieve constraints on graph
attention weight shift in RE.

(2) An interpretable Frequency-Domain Graph Attention layer is established for the first
time, which solves the problem that traditional graph attention is difficult to distinguish
multi-layer semantic features in RE. This breakthrough also provides a new way to study
graph attention from spectral perspective in other natural language processing.

(3) Our FD-GGAN-RE achieves F1 score 90.33 and 69.06 on SemEval and KBP37, outper-
forming existing context-based graph RE models by 0.15 and 0.84 F1 score with 27%
faster computation. Frequency-specific attention visualization demonstrates interpretable
pattern alignment with linguistic relational markers.

2 Method
In this section, the FD-GGAN-RE model is introduced. As shown in Fig. 1, the proposed

FD-GGAN-RE model consists of the Pre-trained language module, the Frequency-Gate-
Graph-Attention module, and the Prediction module.

2.1 Pre-Trained Language Module

Given an input sentence S = {w1, w2, ..., w,} and a pair of entities (w,, , w,,), where each
entity may consist of multiple words, for example, entity w,, could be a sub-sequence of words
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(c) Different frequency bands correspond to different sentence components

Fig.2 The figure shows the situation of different sentence components corresponding to different frequency
segments from the perspective of frequency domain. (a) represents the context-amplitude characteristic curve
of the sentence under a certain feature after embedding layer. (b) is the amplitude-frequency characteristic
curve of negative frequency band sentence features, which is divided into four parts according to frequency
band level: low, medium and low, medium and high. (¢) represents the relationship between elements in the
sentence and different frequency bands. As the length of the box in (¢) increases, it contains more and more
words, and the slower the overall change, the lower the corresponding frequency in the band

{wi, wit1, ..., w;}, and entity w,, could be a sub-sequence of words {w), wp41, ..., wy},
wherel <i < j<nandl <p <gq <n.

First, pre-trained language models, such as BERT[12], are utilized as contextual encoders
to generate the hidden contextual representation Hy = {ho—_1, ho—2,...,ho—n}, Ho €
R"%4 of the input sentence S, where d denotes the dimension of the word representation,
and n represents the sentence length.

Following the extraction of the contextual representation, the content of the [CLS] token,
hcis, is employed to capture the global information of the entire sentence.

2.2 Frequency-Gate-Graph-Attention module

In this chapter, the i-th Frequency-Gate-Graph-Attention module is taken as an example to
elaborate four sub-layers of the Frequency-Gate-Graph-Attention module: Multi-scale infor-
mation decoupling layer, Frequency Feature Selection Gate layer, Frequency-Domain Graph
Attention layer, and Multi-scale information aggregation layer. Specifically: the module con-
sists of kK modules, where i (1 < i < k) represents the i-th module.Its input is H;_.

2.2.1 Multi-Scale Information Decoupling Layer

After obtaining the sentence representation H;_1, we use the spectral method to solve the
problem that the traditional context graph model is difficult to decouple the entangled word
vectors of multilevel language components. Based on the prior research [10], spectral decom-
position can be achieved through Fourier transform in the sentence dimension, enabling
hierarchical deconvolution of linguistic information across four levels of granularity (words,
phrases, clauses, and sentences). Specifically, as shown in Fig. 2, amplitude-frequency vec-
tors systematically encode these different language levels through frequency distributions -
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lower frequencies correspond to global sentence-level semantics, while progressively higher
frequencies capture fine-grained clauses, phrases, and word-level features. Formally, we
implement this via Real Fast Fourier Transform (RFFT) following [13]. Specifically, H;_
is first transposed and input it to the decoupling layer as Equation 1.

Hj; = RFFT(H' ) )

where Hl.T71 € R4*" is the transposed input contextual representation matrix and the dimen-

sions of Hy, are Hy, € R?*(5+1) which represents the frequency-domain representation
without the negative frequency band. The frequency-domain representation H y, contains the
real part A s, and the imaginary part By, as Equation 2:

Hfp = Af + Byi 2)

Due to Fourier decomposition, the multilevel information coupled in the sentence is divided
into different frequency bands, which is convenient for subsequent models to directly operate
on the hierarchical information.

2.2.2 Frequency Feature Selective Gate layer

After obtaining the decoupled frequency domain tensor H,, filtering is required. Unselective
retention of all hierarchical features may compromise relationship prediction effectiveness
because some frequency components introduce interference noise. Therefore, it is necessary
to integrate band selection module to suppress interference when screening core relation
features. In the context graph attention method, attention bias occurs because the decoupling
difficulty processing does not distinguish between these information.

We propose the requency Feature Selective Gate layer to filter the noise information adap-
tively by taking the frequency feature as the basic unit to suppress the interference. Because
the traditional fixed threshold method (such as low-pass, high-pass, bandpass filtering) may
lose key information for uniform filtering of specific frequency bands, for example, low-pass
filtering may inhibit high-frequency information, resulting in word-level information loss.
Meanwhile, the previous adaptive method [13] takes a single frequency vector as the basic
unit of spectrum filtering, but because the vector contains multiple feature dimensions of
heterogeneous distribution, the use of a unified filter transform operator will damage feature
retention and reduce the accuracy of pattern recognition.

Specifically, it is believed that the frequency-domain variation information of a single
dimension d can reflect how information is retained across the % + 1 dimensions. Therefore,
a Frequency-domain projection layer is used to consider whether each 5 4 1 dimensional
information component under each d dimension should be removed, as follows: first, the
filtering component is computed through the Frequency-domain projection layer as Equation
3:

H, = Wy)Ays + (Wp)By, +D 3)

where Ay, and By, are the real and imaginary parts of the frequency-domain representation
H,, respectively. W, and W}, are the weight matrices of the projection layer, and b is the bias
vector. Through this approach, we integrate and project each feature dimension of the real
and imaginary parts of the frequency vector into H),, . By obtaining the distribution features of
each heterogeneous feature dimension, this mechanism can build an adaptive gating module
with adaptive resolution of feature distribution. Next, the filtering gate G; is calculated using
the sigmoid function as Eq. 4:

G; = sigmoid(H),) 4)
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In this way, the distribution of real and virtual information of each heterogeneous feature
component can be considered at the same time, so as to realize the learning of the whole
information. Finally, the obtained H,; is multiplied with both A ;, and By,, resulting in the
selected frequency information Hy, as Eq. 5, Eq. 6 and Eq. 7:

Hy = Ag + Byl (&)
Ag =GioAy (6)
By, = Gio By, @)

where o denotes element-wise multiplication.

Through these steps, the adaptive filtering of the difficult multi-level information in the
context domain is realized, which provides a better input for the subsequent graph attention
mechanism.

2.2.3 Frequency-Domain Graph Attention layer

After the filtering operation is complete, we need to interact with the retained task-related
information. In the traditional graph attention performs attention operations on word vec-
tors to interact relevant information. However, due to the overlapping of multiple layers of
information in the context vector hiding space, the attention of context graph can not achieve
accurate weight allocation of multiple information interactions, resulting in errors. By achiev-
ing fine-grained global information interaction under the condition of avoiding overlapping
of multiple information by paying attention to the spectral domain vector directly, so as
to ensure the reduction of the graph attention weight offset. In addition, since the spectral
domain vector represents the change of the whole sentence information, the spectral domain
attention can also realize the global information interaction that the context graph attention
mechanism is difficult to achieve. On this basis, this paper proposes a method to exchange
information from frequency domain instead of context domain: frequency-domain graph
attention mechanism.

Specifically, in the frequency domain environment, the frequency domain vector composed
of real and imaginary parts exhibits unique physical characteristics. In view of this, from the
new perspective of frequency domain physics, we comprehensively consider three common
similarity calculation methods to determine the graph attention weight. They are cosine
similarity method [14], Gaussian kernel method [15], and dot product attention method [8].
Next, we will introduce these three methods.

(1) Cosine Similarity Method

Cosine similarity method quantifies the similarity between two vectors by calculating
the angle between them. In this method, the L2 norms of the input matrices || H ng_ || is first
calculated using the following formulas Eq. 8:

IHg || = \J(AL)? + (BL)? (®)

To obtain the vector in the standard direction, we performed L2 normalization on H, Z as
Eq. 9:
HT

Hyorm:, = —2. 9
norm; ”Hg” ( )
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Finally, the cosine similarity is used to obtain the attention score matrix Wy, as Eq. 10:
War, = R(Horm; - conj(H,,, ) (10)

where conj(x) denotes the conjugate of *, )i represents the real part of a complex number.
(2) Gaussian Kernel Method

Gaussian kernel method considers the actual distance between vectors in a multidimen-
sional space rather than the direction. In this method, we first compute the pairwise
differences between the complex vectorsdisg, as Eq. 11:

(Dg)mn = \/||(Ag,-),{1 — (ADIN? + 1(Bg)E — (B2 (1D
where Dy, € RG+HDx(5+1)

Next, we construct the Gaussian kernel function as Eq. 12:

2
W — Dgi
att; = €Xp —2072 (12)

where o is the width parameter of the Gaussian kernel.
(3) Dot Product Method

The dot product attention method considers both the direction and the magnitude of the
vectors. In this method, we take into account the physical properties of complex domains,
and the final similarity score we obtain is Equation 13:
w R(H,, - conj(Hy,))
att; — \/d7

where 1/dy is the scaling factor used to normalize the dot product, ensuring that the values
do not become too large.

13)

In the above three methods, we capture the similarity of frequency vectors that can be
explained from a physical point of view. In a specific application, choose one of these methods
to calculate the final attention score.

In this paper, the ¢-Entmax [16] activation function is introduced to implement the soft
pruning of attention in order to enhance the sparsivity of W, to reduce the focus on irrelevant
information. This facilitates the sparsity of the attention weight matrix , reducing the offset
of attention, as in the Equation 14:

Wg‘m = a-Entmax (W, ) (14)

where W, is the sparsified attention score matrix.This sparse operation adaptively removes
the parts of the connection that are similarly too small, and in this way adaptively trims the
connection.

Finally, the sparsified attention score matrix Wi, is combined with the selected frequency
information Hg, through weighted summation to obtain the attention output matrix in the
frequency domain H,, as Eq. 15:

Hy, =0 (Ag) +0(Bg)i =0 (We, - Ap) +i-o(We, - BT (15)

@ Springer
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where A, and By, are the real and imaginary parts of the selected frequency information
H,, as Eq. 5, respectively, o () is the nonlinear function and 7 is the imaginary unit.

By paying attention to the graph directly in the frequency domain, the model can avoid
the sparse interaction of the multi-dimensional information in the context graph network in
the state of semantic overlap and achieve stronger global information interaction ability than
the context graph attention.

2.2.4 Multi-Scale Information Aggregation Layer

After obtaining the sentence frequency domain tensor H,, after filtering and interacting, it
needs to be used to predict the final relation. We reverse it back into context to get a scale
that contains the context domain as Equation 16:

H! = IRFFT(H,,) (16)

where the function IRFFT (%) is the Inverse Real Fast Fourier Transform (IRFFT) and the
dimension after the inverse transform is HiT € R4*" Next, Hl.T is transposed back to its
original shape, yielding the processed contextual representation H; as Equation 17:

H; = Transpose(H,") 7

where H; € R"*4,

2.3 Prediction Module

After obtaining the output Hx from the K -th layer, the feature representations of entities e
and e; need to be extracted. The feature representation of each entity is obtained through the
following max-pooling operation:

The feature representation of entities e; and e; are given as Eq. 18:

hey, = max(Hy,), he, = max(H,,) (18)
where H,, = {hi—i, hi—(i+1), - hk—j}, He, € RUTHDXd and H, = {4,
hk—(p+1ys - Be—g), Hey € R(P=4+1xd represent the contextual representation corre-
sponding to entity e and e; within Hy = {hx_1, hx—2, ..., h,}, Hi € Rnxd respectively.

Next, these two entity feature representations are concatenated with the content of the
[CLS] token /.5 and input into the final Prediction module. The concatenated feature repre-
sentation is given as Eq. 19:

hfinal = [hcls; hel ) hez] (19)

where [h¢g; he, s he, ] denotes the concatenation of the [CLS] token’s content with the feature
representations of entities e and e;.

Finally, a fully connected layer is used to classify the concatenated features to predict
the relation between the entity pair (or another task objective). The specific classification
formula is as Eq. 20:

y = softmax(Wy; - hfinal + bour) (20)

where y is the probability distribution of the final prediction, W, is the weight matrix of
the full connection layer, and b,,,; is the bias term of the full connection layer.

Through these operations, the feature representations of entities e and e, are combined
with the global information from the [CLS] token and input into the prediction module for
the prediction task.

@ Springer
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3 Experiments

This chapter provides a detailed overview of the experiment setup, including the datasets used,
experiment settings, evaluation metrics, hyper-parameter design, and the baseline models
compared to the proposed approach. The specific experimental platform is shown in Appendix
A.

3.1 Datasets

SemEval 2010 Task 8[17] is a relation classification dataset containing relation pairs
extracted from natural language sentences. The dataset includes 19 relation categories,
consisting of 9 initial relations, each with two directional versions, making a total of 2*9
directional relations, along with an “Other” category. The dataset is divided into two parts:
the training set with 8,000 samples and the test set with 2,717 samples.

KBP37[18] is a relation classification dataset extracted from news texts, containing 37
relation categories and a total of 21,046 samples. The dataset is split into three parts: 15917
samples for training, 1,724 samples for validation, and 3405 samples for testing. The large
number of classes and the increase in sentence length in this dataset pose a greater challenge
to relational classification.

3.2 Evaluation Metrics

For the SemEval 2010 Task 8 dataset, the official evaluation standard is followed, with the
Macro F1 score as the primary evaluation metric. The Macro-F1 score represents the average
of the F1 scores across all classes, making it particularly suitable for scenarios involving
imbalanced class distributions. The specific formula is shown in Eq. 21, Eq. 22, and Eq. 23.

C
1 TP;
P L= — —_— 21
femac =2 ; TP; + FP; @D
c
1 TP;
R L= — —_ 22
€Cmac; C IZI: TP; + FN; (22)
1 ¢ 2 x Pre x Rec
Flpe = — Z mac; mac; (23)
C 4 Premac; + ReCmac;

i=1

where C is the number of classes, Prep,c; is the precision for class 7, and Recpac; s the recall
for class i.

For the KBP37 dataset, the Micro-F1 score is used as the evaluation metric. The Micro-F1
score measures overall accuracy across all test samples, making it appropriate for cases where
the class distributions are relatively balanced. The specific formula is shown in Equation 24,
Equation 25, and Equation 26.

C
- . TP;
Pregic = # (24)
Zi=1(TPi + FP;)
C
- TP;
Rece = — =izl 1T 25)

Zicz ((TP; +EN;)
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Table' Hyper-parameter it O eyt module SemEval KBP37
as
learning rate 2.2e-05 2.2e-05
batch size 32 32
layers 2 2
warming up 0.07 0.14
weight decay 0.03 0.02
dropout 0.001 0.001
o 1.6 1.9
attention method Cosine Similarity Cosine Similarity

Fl.. — 2 X Prepic X Recmic 26)
me Premic + Recmic

where TP;, FP;, and FN; are the true positives, false positives, and false negatives for class
i, respectively.

3.3 Hyper-parameter Settings

In the experiments, fine-tuning was performed on the hyper-parameters of the model. Specif-
ically, the hyper-parameter settings of two datasets are shown in Table 1. Additionally, the
spectral processing parameters were set to the default configurations of the torch.fft.rfft and
torch.fft.irfft modules in the PyTorch library [19]. No modifications were made to these
parameters in this study, and all operations were based on the characteristics of the input
data. The specific parameter ranges are detailed in Appendix B.

3.4 Baseline models

To verify the validity of the frequency domain model proposed in this paper: FD-GGAN-RE,
this chapter will choose the current advanced context-domain graph neural network as the
relationship extraction model, and compare the model proposed in this paper. The comparison
model is as follows:

C-AGGCN [20] a complete dependency tree structure to construct the attention weights
of sentences through multi-head adaptive attention.

C-DAGCN [7] took into account the impact of the distance between words on the model
and added the distance as an external knowledge to the graph neural network path weight to
guide model update.

C-GCN [21] proposed a dependency tree pruning method with the shortest path center
distance K to reduce the influence of noise words and irrelevant words on the model print.

A-GCN [22] incorporated syntactic knowledge into graph neural networks to improve the
accuracy of attention weight update.

C-GCN-MG [23] proposed a graph segmentation strategy that divides dependency trees
into parts and applies the GCN model to multiple subgraphs to learn information from
different parts.

DP-GCN [24] proposed a method to dynamically select whether there is a connection
between words through hard gating and the reflection mechanism to achieve the pruning goal.

@ Springer
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Table2 The previous experimental results obtained on this dataset are listed in the table, where * represents the
results reproduced under the same hyper-parameters as the FD-GGAN-RE model and $ denotes methods that
were not originally used in RE tasks but have been reproduced in the context of RE. ¢ represents experimental
results that are not available on this dataset. Modified method represents the way in which the model is
improved on a context-based graph neural network. KG stands for external knowledge, MS stands for model
structure and FQ stands for frequency domain method

Test module Modified method SemEval KBP37

Pre Rec F1 Pre Rec F1
C-AGGCN MS @ ¢ 85.7 o @ @
C-DAGCN MS+KG @ @ 90.15 6831  68.13  68.22%
C-GCN KG @ ¢ 84.8 @ @ @
A-GCN MS+KG @ @ 89.85 6842  67.80  68.11%
C-GCN-MG KG @ ¢ 82.4 & @ @
DP-GCN MS @ @ 86.4 & @ ¢
Bi-SDP-Att MS+KG 83.5 86.4 85.1 @ ¢ 64.39
DAGCN MS+KG @ ¢ 86.0 @ ¢ @
CEGCN KG 1o} [] 86.1 @ 10} []
WAGCN MS @ @ 87.1 @ ¢ ¢
DPR-GHAN MS+KG & ¢ 89.53 @ ¢ 66.61
SPB FQ 89.21 89.32 89275 6691 6733  67.12%
AFS FQ 89.67  89.61 89.64%5 6946  68.84  68.65%
FD-GGAN-RE  FQ 90.52  90.05 9033 69.5 68.63  69.06

Bi-SDP-Att [25] proposed a dual syntactic fusion dual graph neural network, using mul-
tiple external grammars to improve attention accuracy.

DAGCN [26] proposed a two-graph neural network using a context graph neural network
connected by double affine modules and a grammar-dependent graph neural network.

CEGCN [27] proposed a method to guide the graph attention weight by the dependency
connection distance between entities and words.

WAGCN [28] proposed a graph attention network with different links, and directly used
the attention mechanism to update the weight of attention.

DPR-GHAN [29] Based on the pruning of the original dependency tree, this method
expanded the context information of each word and added dependency syntax information
for graph attention network modeling.

SPB [30] This method proposes an adaptive gating mechanism for processing vectors
after frequency-domain transformation. However, it has not been applied to RE tasks. In this
paper, we reproduce this method on RE tasks while ensuring that the input for prediction
consists of sentence and entity pair representations.

AFS [31] This method proposes an adaptive gating mechanism to process vectors after
frequency-domain transformation, and incorporates a self-attention mechanism to handle the
context vectors after inverse transformation. Although this approach has not been applied
to RE tasks, in this paper, we reproduce it on RE tasks while ensuring that the input for
prediction consists of sentence and entity pair representations.
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Table 3 F1 scores of the ablation studies

Test module SemEval KBP37
BERT only 88.85 66.08
BERT w/ Frequency Feature Selective Gate layer 89.43 67.32
BERT w/ Frequency-Domain Graph Attention layer 89.86 67.86
BERT w/ All Layers (FD-GGAN-RE) 90.33 69.06

3.5 Comparison of results

As shown in Table 2, the FD-GGAN-RE model outperforms the context graph attention and
frequency domain model compared to the F1 scores of the SemEval-2010 Task 8 dataset and
the KBP37 dataset. This improvement is due to the fact that our model takes into account the
errors caused by multi-level information coupling in the context domain. After decoupling
by frequency method, adaptive frequency gate is used to filter information and frequency
domain graph attention mechanism is used to fine-grained exchange information of different
information dimensions, thus making the model more accurate in complex language structure.
The improved gating mechanism combined with frequency-domain graph neural networks
surpasses the original frequency domain approaches.

4 Analysis

This chapter analyzes the proposed model, focusing on the impact of different modules on
performance, particularly the contributions of the frequency-selective gating and frequency
attention mechanisms.

4.1 Ablation Studies

By progressively removing or replacing key modules, their impact on performance was
observed. The following model configurations were compared: a baseline model using only
the BERT encoder, a model incorporating the Frequency Feature Selective Gate layer, a model
incorporating the Frequency-Domain Graph Attention layer, and the full model combining
both the Frequency Feature Selective Gate layer and Frequency-Domain Graph Attention
layer.

The results of the ablation test are shown in Table 3. With the addition of additional
modules, the performance of the model is gradually improved. At the same time, we observe
that the F1 score of SemEval and KBP37 is increased by 0.58 points and 1.24 points by the
introduction of frequency feature selection gate layer alone, and the F1 score is increased by
1.01 and 1.78 points, respectively, by the introduction of frequency domain attention layer
alone. The higher performance of the Frequency-Domain Graph Attention layer compared
to the Frequency Feature Selective Gate layer indicates that the interaction model is more
important than the filtering model for the relationship extraction task. The integration of the
filtering and interaction model at the same time can realize the learning of information, and
the effect of the model is better.
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Table4 F1 Scores for Different

Counts of Frequency-Domain Count SemEval KBy
Gate Attention module 1 89.76 68.21
2 90.33 69.06
3 89.43 68.06
4 88.86 67.64

Table 5 Time and space complexity of the four models

Model Time Complexity Space Complexity
BERT Only O (bnd,) O (bnd)

FD-GGAN-RE O(bdnlogn + bndy) O(bnd)

A-GCN O(bn2(d + d,)) O (bn(d + d,))
C-DAGCN O (bn*(d + de + dexira)) O(bn*(d + de + dexira))

4.2 Analysis of Frequency-domain Gate Attention module Count and Task Efficiency

This section investigates how the number of Frequency-domain Gate Attention modules
impacts model accuracy. By varying the number of these modules, the study evaluates their
effect on the model’s performance for a given task, aiming to identify the optimal module
count. The number of modules was adjusted between 1 and 4, while all other hyper-parameters
remained constant. Experiments on two datasets produced the results shown in Table 4.

The findings indicate that the best F1 score is achieved when the module count is set to 2.
Increasing the number to three or more layers did not enhance accuracy and led to a slight
decline. This decline is likely due to increased model complexity, resulting in overfitting or
redundancy, which hindered the model’s ability to effectively capture information. On the
other hand, using only one module led to insufficient convergence. As a result, two modules
were determined to be the optimal choice.

4.3 Speed and Runtime Memory Usage Comparison: Frequency domain model vs.
Syntax-Enhanced Model

In this section, the FD-GGAN-RE model is compared in terms of speed and memory to the
two most competitive contextual graph neural network improvement models: the A-GCN
[22] model, the C-DAGCN [7] model, and the BERT pre-trained model.

As shown in Fig. 3, experimental results show that FD-GGAN-RE model can process
the same task significantly faster than the context-based improved graph neural network
model. Context graph network improvement models can significantly improve accuracy by
integrating external information or more additional connection modules such as multi-head
modules, but this improvement comes at the cost of reduced processing speed and increased
memory consumption. Since the FD-GGAN-RE model only relies on the sentence itself to
realize the adaptive operation, it achieves better performance in terms of time and memory.

As shown in Table 5, despite sharing the same asymptotic time complexity in their rela-
tional modeling components, A-GCN and C-DAGCN exhibit significantly slower inference
speed compared to BERT Only and FD-GGAN-RE. A-GCN and C-DAGCN incorporate rich
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Comparison of Running Time, Memory Usage, and F1 Score

300.43
300 4 Running Time (s)
Memory Usage (MB) 261.25
250 | F1 Score (KBP37)
200 1
0
(0]
S
f_U 150 4
>
100 A
66.08 69.06 68.11 68.22
207 33.44 33.44
14.00 16.00 22.00 24.00
BERT Only FD-GGAN+RE  A-GCN(context) C-DAGCN(context)

Models

Fig.3 The total running time(s), memory usage for each batch(MB), and F1 score on the KBP37 test set for
the different model tests when the test batch size is 50. The best values have been highlighted

Table6 F1 Scor.es for Di.fferent Count SemEval KBP37

frequency domain Attention

Methods Gaussian Kernel 89.83 68.32
Dot Product 89.97 68.62
Cosine Similarity 90.33 69.06

syntactic representations to enhance linguistic expressiveness. These enhancements are fused
into the n x n pairwise interaction matrix, effectively increasing the hidden dimension from
d tod + d, + dexira- As a result, the constant factor in their time complexity becomes sub-
stantially larger, leading to higher computational load per token pair. Moreover, the explicit
construction of high-dimensional relational tensors (e.g., [b, n, n, d + d.]) causes a sharp
increase in peak memory usage.

4.4 Performance Comparison of Different Attention Methods

In this experiment, the performance comparison of attention mechanisms showed clear
differences among the three methods (see Table 6). Cosine similarity achieved the best results,
with a noticeable advantage over the other two methods. The dot product method performed
moderately well but lagged behind cosine similarity, while the Gaussian kernel method had
the lowest accuracy, showing a more significant drop in performance.

Specifically, after the Fourier transform, the numerical ranges of the real and imaginary
parts of different vectors may vary significantly due to the characteristics of the signal and
the computations involved in the transformation process. In this case, when using dot product
or Gaussian kernel methods to compute attention weights, the model may overly focus on
the magnitude of the vectors (i.e., semantic intensity) rather than the directional similarity
between vectors (i.e., semantic similarity), thereby introducing errors. In contrast, cosine
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Table 7 F1 Scores of Different Domain Gates in RE Model

Layers SemEval KBP37
Context gate + Context GAT 89.46 66.96
Frequency gate + Context GAT 89.93 68.32
Context gate + Frequency GAT 89.70 67.73
Frequency gate + Frequency GAT (FD-GGAN-RE) 90.33 69.06

similarity eliminates the influence of length differences by normalizing the vectors, focusing
on the angular similarity between them. This approach is better able to capture semantic
relevance, especially in the vector space after Fourier transformation, avoiding attention
allocation biases caused by excessive differences between the real and imaginary parts.

Overall, cosine similarity provided a clear advantage, while the dot product method
remained competitive but slightly weaker. The Gaussian kernel method, however, demon-
strated a substantial performance gap, making it the least favorable choice.

4.5 Effectiveness of selective gate in frequency domain

In order to verify the necessity of fine-grained gating in spectral domain after spectral domain
decoupling, we carry out experiments to compare the combinations of different modules in
different domains. Four experimental Settings were designed: frequency gate combined with
frequency GAT, context gate combined with frequency GAT, frequency gate combined with
context GAT, context gate combined with context GAT. It can be divided into two groups:
frequency gate and context GAT and context gate and context GAT, frequency gate and
frequency GAT and context gate and frequency GAT. The four models are represented on
two data sets as shown in Table 7.

According to the experimental results of Table 7, the performance of the model com-
bined with context gates is degraded in the experiment. This phenomenon is similar to [32].
The main reason for this decline is thought to be the way context gates process information.
Because each feature point in a context contains interwoven information from multiple layers
of context, applying a uniform gating operation can weaken or lose fine-grained informa-
tion, introducing errors. Instead, frequency gates decouple multiple levels of information by
Fourier transform, and then selectively filter the information dimensions to avoid potential
information loss that may occur. This also proves the necessity of filtering in the spectral
domain.

4.6 Effectiveness of Selective Gate in Feature Dimension

In order to verify the necessity of adaptive learning in the feature dimension of the proposed
selection gate, I compare the pre-defined non-adaptive method with the vector-level adaptive
filtering: the pre-defined gated vector method and the mean feature filtering method. Here is
an introduction to the two methods:

Predefined Gating Vector Method follows [30] and uses a predefined gating vector
& to filter the frequency components across all feature dimensions uniformly. The input
frequency domain feature tensor is Hy, € RI*®/2+1) "\where h represents the number of
feature dimensions and n/2 + 1 is the number of frequency components. The predefined
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Table 8 F1 scores of different filtering mechanism in RE model

Filtering mechanism SemEval KBP37
Predefined Gating Vector Filtering Method 89.72 67.78
The Mean Feature Vector Filtering Method 89.89 67.85
The Feature Filtering method(FD-GGAN-RE) 90.33 69.06

vector £ € R"/>+! generates gating values via the gate function, and these values are applied
to all feature vectors through element-wise multiplication. After those operations, the selected
frequency information Hy, is as Equation 27:

Hy = Af ©0(§) + (By, © 0 (§))i 27

where o (§) represents the output of the predefined vector after passing through the function
Equation 4.

Mean Feature Vector Filtering Method first calculates the mean of each frequency
component across the feature dimensions. The input tensor H y, is averaged along the feature
dimensions to obtain H j, € R™?*+1 This mean feature representation is then divided into
the real part A £; and the imaginary part B - The frequency-domain full connection layers
are applied to these components using weight matrices W, and Wj,, with an added bias term
b. The vector filtering is then performed using the Equation 4 function. As shown in the
Equation 28, the selected frequency information Hy, is:

Hy = Af, ©0 (Wy-Ayg)+ Wy Bj)+D)
+(Bf, @0 (Wy-Af)+ (W Bp) +b))i (28)

As shown in Table 8, the proposed Feature Filtering method have the highest performance,
and the overall performance of the Mean Feature Vector Filtering method is slightly better
than that of the Predefined Gating Vector Filtering method. This proves the necessity of fil-
tering from the feature dimension. The predefined gating vector method uses a fixed gating
mechanism for all feature dimensions, but it cannot be dynamically adjusted according to
different word vector distributions. This may account for its weaker performance. The mean
eigenvector filtering method enhances adaptability under different distributions by learning
the average variation of the feature dimensions. However, this method may lose the distri-
bution change information specific to each feature dimension, and the performance is lower
than the feature dimension filtering effect.

4.7 Effectiveness of Attention in Frequency domain

A comparative experiment was conducted on the model in both the context and frequency
domains to validate the necessity of applying the fine-grained graph attention mechanism
in the frequency domain. Specifically, after performing the frequency gating operation, the
inverse Fourier transform was immediately applied to restore the contextual information,
followed by the attention operation to compute the attention matrix. For this attention matrix,
several pruning methods were tested, including pruning based on the shortest dependency
path (SDP), the shortest dependency path alone, entity-centered pruning with a distance of 1
(SDP& location word)[22], and no pruning. Unlike time-domain models, current frequency-
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Table9 F1 Scores of Attention in Two Domains

Attention Domain Model F1 Score
SemEval KBP37
Context domain No pruning 89.93 68.32
SDpP 89.52 67.77
SDP& location word 89.63 68.32
Frequency domain FD-GGAN-RE 90.33 69.06

domain models lack highly interpretable pruning schemes, such as those based on entity-pair’s
short dependency path pruning. Comparative experiments were conducted on two datasets
with the results shown in Table 9.

The experimental results show that although the context-domain graph attention mecha-
nism can capture some key information, its performance lags behind that of the frequency-
domain attention mechanism. This phenomenon proves the inadequacy of context graph
attention in dealing with word vectors with multiple layers of interweaving context informa-
tion in implicit space.

Through the comparison of different pruning methods without context pruning, it is found
that the effect of pruning only considering SDP is not as good as considering SDP + position
words, and the performance of both methods decreases to a certain extent. From a context
perspective, overpruning can remove important information and degrade model performance.
From the perspective of poor compatibility between pruning methods and frequency domain
gating, pruning-based graph attention ignores the global spectrum information of the con-
text, which also leads to performance degradation. This also shows that adding additional
knowledge in the context brings additional noise to the model and does not address the core
deficiency of coarse-grained attention.

4.8 Case study

In this case, two sentences are selected to verify the effect of the Frequency Feature Selective
Gate layer and the Frequency-Domain Graph Attention layer. The selected two sentences are
from the SemEval test set and the kbp37 test set. The first original sentence is: “The dramatic
<el> streaks </el> we see in the sky are caused by <e2> particles </e2> that incinerate
before they hit the ground.” The marking relation of this sentence is Cause-Effect(e2, el).
Figure 4 shows the Attention weights generated by the Frequency-Domain Graph Attention
layer w/o and w/ the Frequency Feature Selective Gate layer. Without frequency gating,
the model failed to accurately capture causality in the sentence, incorrectly predicting it
to be of the Other type. After adding gating, the model successfully identifies the correct
Cause-Effect(e2, el) relation. The second sentence is: “After local newspapers reported that
funds from <el> Arizona </el> State ’ s foundation were going to support undocumented
students and that public funds may have been involved in administering the aid Mr . <e2>
Martin </e2> says his office was flooded with hundreds of calls including about a dozen
from donors to the university who were very upset”. If no gating is added, the relation is
predicted as “per:stateorprovinces_of_residence(e2,el)”, and if gating is added, the relation
is predicted as “per:employee_of(e2,e1)”. The real relation is “no relation”. Figure 6 shows
the Attention weights of the sentence w/o and w/ the Frequency Feature Selective Gate
layer, respectively. In addition, the entire frequency band is divided into four frequency
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Fig. 4 Frequency-Domain Graph Attention weight of “The dramatic <el> streaks </el> we see in the sky
are caused by <e2> particles </e2> that incinerate before they hit the ground.”

bands: low frequency [0, 6), mid frequency [6, 13), mid frequency [13, 26)and high frequency
[26, 50), corresponding to four semantic components: sentence level, clause level, phrase
level and word level respectively to illustrate semantic interaction. By averaging all attention
components in the frequency band, the attention score of each frequency in the four frequency
bands is obtained, as shown in Fig. 5 and Fig. 7.

As shown in Figs. 4 and Fig. 6, the frequency-domain graph attention mechanism shares a
common feature with the traditional context graph attention mechanism: both tend to assign
a higher attention weight to the area near the diagonal, reflecting the attention to their own
information. Moreover, even with the addition of frequency feature selection gates, frequency
domain graph attention pays more attention beyond the diagonal than contextual attention.
This broad focus is a key factor in the superiority of frequency-domain graph attention over
traditional contextual attention. Due to the information decoupling, the frequency domain
graph attention is not subject to the error caused by the overlap of multi-level information.
At this time, the wide distribution of attention focuses on the frequency vector reflecting the
change of global multi-level information, which is in sharp contrast to the coarse-grained
word vector interaction in the context-based graph attention model.

We use sentence 1 to illustrate how the model behaves on a dataset with short sen-
tences. When the model of Frequency Feature Selection Gate layer is added, as shown in
Fig. 5, the attention scores of word level and phrase level hardly change. The attention of
low-frequency sentence-level information to clave-level information decreased by 30%, the
attention to phrase-level information increased by 57%, and the attention to word-level infor-
mation increased by 900%. At the same time, the attention of clause information to phrase
information increased by 30%, and the attention to word information increased by 800%.
This interference is not an increase in noise, but an optimization of balanced information at
all levels. And phrase information. From the semantic level of the word, the similarity of the
entity pairs “stripes” and “particles” in sentence 1 is low. If there is no frequency feature to
select the gate layer model, then the model tends to predict the wrong answer. This change
in focus allows the model to focus more on the core message of “caused” at the word level
and “caused by” at the phrase level.

We use sentence 1 to illustrate how the model behaves on a dataset with long sentences. As
shown in Fig. 7, low-frequency sentence-level information’s attention to itself increased by
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Fig. 5 Weighted average attention weight of “The <el> singer </el> demonstrates his sensitivity during
the <e2> song </e2> by suggesting that he would bring flowers.”
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Fig.6 Frequency-Domain Graph Attention weight of “After local newspapers reported that funds from <el>
Arizona </el> State ’ s foundation were going to support undocumented students and that public funds
may have been involved in administering the aid Mr . <e2 > Martin </e2> says his office was flooded with
hundreds of calls including about a dozen from donors to the university who were very upset.”

10%, clave-level information’s attention to itself increased by 12.5%, phrase-level informa-
tion’s attention to itself increased by 8%, and word information’s attention to itself increased
by 4%. We infer that this is due to the overall length of the kbp37 data set being higher than the
Semeval data set. In this case, sentence-level, clause-level, and phrase-level information will
have more task-independent information shifts due to the length of the sentence. However,
from the perspective of frequency, although the frequency feature selection gate improves the
performance of the model by limiting the attention of the model to the frequency information
similar to itself, it also brings shortcomings. From the perspective of the context domain, the
change of gated selection and attention due to the change of sentence length distribution will
increase the attention weight deviation caused by similar semantics. This also shows that
more modules are needed to constrain the information errors caused by long sentences.
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Weighted average attention weights of four frequency bands w/o Frequency Feature Selective Gate layer ~ Weighted average attention weights of four frequency bands w/ Frequency Feature Selective
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Fig.7 Weighted average attention weight of “After local newspapers reported that funds from <el> Arizona
</el> State * s foundation were going to support undocumented students and that public funds may have
been involved in administering the aid Mr . <e2> Martin </e2> says his office was flooded with hundreds
of calls including about a dozen from donors to the university who were very upset.”

5 Related Work
5.1 Frequency Domain Methods in Natural Language

Modeling text context from the frequency domain is a new approach to understanding natural
language tasks. [33] proposes a spectral perspective method for constructing word sequence
embedment. [11] and [30] propose manual selection and adaptive frequency filters to filter
frequency vectors, respectively. [13] and [32] introduce adaptive vector filters to filter the
context frequency vector and word feature vector respectively in the aspect based sentiment
analysis task to increase the context attention and exchange information. All of these methods
consider the direction level, not the feature level, which can lose information. Aggregate the
completed information directly and model the information interaction using context diagrams.
This method ignores the coarse-grained attention of context graph neural networks, which
lacks the in-depth study of frequency domain tasks.

5.2 Context based Graph Attention Neural Networks in Relation Extraction

The core challenge of graph neural network in relation extraction task is how to effectively
assign interaction weights between nodes in the process of attention mechanism to ensure
reasonable interaction between different parts of the sentence. [20] suggests modeling tasks
using multi-head graph attention networks. In order to further improve the performance of
the model, a dense connection mechanism is introduced to change the graph network link
mode to obtain more information. [28] proposes a hierarchical connection method on the
basis of words to obtain different levels of information. However, this approach of adding
more layers by adding more links causes the model to execute slower and also causes the
model to introduce more intensive information resulting in irrelevant errors.

Another way is to provide additional prior knowledge to the model by introducing external
information, which improves the accuracy of attention weight distribution. Therefore, the
combination of external knowledge and graph neural network is also applied to the relation
extraction task [23]. Considering the different importance of different position information in
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the task, the graph neural network of the sentence is split into multiple subgraphs according
to the relationship between the word to be predicted and the entity pair. [22] incorporates
dependency types into the network to adjust the allocation of attention weights and integrates
them into word representations to improve accuracy. Building on this method, [7] further
includes information about the distance between words. [29] considers the importance of
context and adds a further layer of context information to each graph neural network layer that
already contains external information, thus expanding the scope of information interaction.
These methods are limited in improving the accuracy of the model, and they also introduce the
prior information constructed by non-relational extraction tasks, which leads to the increase
of preprocessing overhead and computational cost while introducing additional errors.

[26] proposes the use of multiple models to combine multiple external knowledge sepa-
rately. [23] Changes to the model were made while external knowledge was introduced. But
these approaches do not escape the core problem contained above. At the same time, the
introduction of these two methods is to fit the features of the sentence context by introducing
more structures without considering the embedding layer, which leads to multiple layers of
information overlapping. This is also the shortcoming of the above method.

6 Limitations and Future Work

This study focuses on Fourier-based frequency-domain methods for relation extraction but
lacks exploration of diverse frequency variations and evaluation on broader NLP tasks. Future
work will explore advanced frequency techniques, such as wavelet transforms, and extend
applications to tasks like entity recognition and sentiment analysis, potentially paving the
way for more innovative research directions.

7 Conclusion

This paper proposes a novel Frequency-Domain aware Gated Graph Attention Network for
Relation Extraction (FD-GGAN-RE), designed to address the limitation of conventional
context-based graph attention networks in fine-grained modeling of multi-level semantic
information—a shortcoming that often causes the attention mechanism to deviate from the
true semantic focus. By decomposing semantic signals in the frequency domain, our model
explicitly separates high-frequency components (corresponding to fine-grained, local fea-
tures) from low-frequency components (representing global, structural features), effectively
reducing semantic redundancy and enabling targeted modeling at different semantic granular-
ities. Experimental results show that FD-GGAN-RE achieves F1 scores of 90.33 on SemEval
2010 Task 8 and 69.06 on KBP37, outperforming state-of-the-art context-based graph neural
network methods while also significantly improving inference speed and reducing GPU mem-
ory consumption. Furthermore, analyses on both long and short sentences demonstrate that
the model can accurately identify and suppress redundant semantic information, highlighting
its strong interpretability. These results validate the effectiveness of integrating frequency-
domain analysis into relation extraction. We believe this approach opens up new directions
for future research in this field. Moreover, frequency-domain graph attention holds promise
for advancing other NLP tasks beyond relation extraction, such as sentiment analysis and
machine translation.
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Appendix A Computing Platform and Environment Configuration

The following Table 10 provides detailed information about the computing platform and
environment configuration used in this study.

Table 10 Computing Platform and Environment Configuration

Category Details

CPU 16 vCPU Intel(R) Xeon(R) Platinum 8352V CPU @ 2.10GHz
GPU RTX 4090

Memory 90GB

Storage 50GB

ubuntu 22.04

Python 3.7.16

PyTorch 1.12.0

CUDA 11.3

cuDNN 8.3.2

Appendix B Hyper-parameter Tuning Range and Step Size

This paper employs a grid search method to systematically explore all possible combinations
of hyper-parameters within predefined ranges in order to determine the optimal configuration.
The hyperparameter for the attention method is selected from three options: Dot Product
Method, Gaussian Kernel Method, and Cosine Similarity Method. For numerical hyper-
parameters, their tuning ranges are specified in Table 11.

Table 11 Hyperparameter

Tuning Range and Step Size Hyperparameter Tuning Range Step Size
learning rate [2.0 x 1073,3.0 x 1077] 1.0x 107
batch size 2(3.6] 1
layers [1,4] 1
Warming up [0.01, 0.2] 0.01
weight decay [0.01,0.1] 0.01
dropout [0.001, 0.01] 0.001
o [1.0,2.0] 0.1
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