
Proceedings of the 64th Annual Meeting of the Association for Computational Linguistics (Volume 1: Long Papers), pages 4930–4947
July 2-7, 2026 ©2026 Association for Computational Linguistics

Enhancing Lexical Relation Mining with Structured Sememe Knowledge

Hansi Wang1,2, Qiliang Liang1,2, Yue Wang1,2, Yang Liu1,2*

1Key Laboratory of Computational Linguistics, Ministry of Education, Peking University
2School of Computer Science, Peking University

wanghansi2019@pku.edu.cn,lql.pkucs@gmail.com,{wyy209, liuyang}@pku.edu.cn

Abstract

Lexical Relation Mining (LRM) aims to iden-
tify and classify lexical relations between word
pairs. In this paper, we focus on two sub-
types of LRM: Lexical Relation Classification
(LRC) and Lexical Entailment (LE). Existing
top-performing methods for them rely heav-
ily on Pre-trained Language Models (PLMs)
yet fail to distinguish nuanced lexical relations.
From a linguistic perspective, intralexical tree-
structured sememe information can reflect in-
terlexical relations. Inspired by this, we are
motivated to explore leveraging such structured
knowledge to enhance LRC and LE. We first
propose an automated Sememe Tree Construc-
tion (STC) pipeline to predict sememe trees;
Then, we present the SememeLRM method to
fully leverage structured sememe knowledge;
Experimental results show that it achieves a
notable 1.6% improvement on average across
benchmarks, even outperforming Large Lan-
guage Model (LLM)-based methods that con-
tain 20 times more parameters on most bench-
marks. Further results also suggest that se-
meme trees predicted by our pipeline can ri-
val the gold-standard in HowNet, extending
their applicability to lexico-semantic comput-
ing. Overall, this paper presents a poten-
tially generalizable framework for leveraging
complete sememe trees and makes significant
progress, helping to unlock the value of such
intralexical knowledge in downstream tasks1.

1 Introduction

Lexical Relation Mining (LRM) aims to iden-
tify and classify lexical relations between pairs of
words (Sun et al., 2025) (e.g., antonymy between
fast and slow). This task holds multi-faceted sig-
nificance in NLP: It provides a reasonable way
to evaluate the effectiveness and interpretability
of word embeddings, as lexical relations can be
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1The resources and codes for this paper are available at

https://github.com/COOLPKU/SememeLRM

probed more accurately through the differences be-
tween superior embeddings (Finley et al., 2017;
Jadhav et al., 2020); It benefits many downstream
tasks, such as Analogical Reasoning (Li et al.,
2020), Sentiment Analysis (Xiang et al., 2021), and
Knowledge Graph Completion (Wang et al., 2025);
Besides, it focuses on relation representation learn-
ing, which potentially facilitates other NLP appli-
cations (Ushio et al., 2021), including Information
Retrieval (Bordawekar and Shmueli, 2017) and On-
tology Learning (Bouraoui and Schockaert, 2019).

There are various subtypes of LRM specialized
in diverse relation mining objectives (Sun et al.,
2025). In this work, we focus on Lexical Relation
Classification (LRC) and Lexical Entailment (LE).
Specifically, LRC aims to assign predefined rela-
tion labels (e.g., synonymy, hypernymy, antonymy)
to word pairs, while LE is designed to quantify the
entailment degree between two words.

Recent works on LRC and LE have mainly ex-
plored fine-tuning Pre-trained Language Models
(PLMs) (Wang et al., 2021; Ushio et al., 2021;
Pitarch et al., 2023). They leverage contextualized
word embeddings and lexico-semantic knowledge
acquired during pre-training to capture latent inter-
lexical relations. Based on this, several works have
attempted to integrate additional lexico-semantic
information, such as textual definitions (Moskvoret-
skii et al., 2024) and lexical graph features (Sun
et al., 2025) for performance gains. However, these
methods still struggle to distinguish nuanced se-
mantic relations. For example, they often confuse
synonymy with hypernymy, as evidenced by the
error analysis from Sun et al. (2025). Accordingly,
it is necessary to incorporate fine-grained lexico-
semantic knowledge, like sememes, into the model
to deal with the challenges in such nuanced seman-
tic understanding scenarios.

From a linguistic perspective, word senses
can be decomposed into smaller units, and the
smallest indivisible semantic units are called se-
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Figure 1: Sememe trees of the words husband (left),
searcher (middle) and frisk (right) in OpenHowNet.

memes (Bloomfield, 1926; Goodenough, 1956;
Lyons, 1968; Ullmann, 1973). For example, the
most frequent sense of husband can be represented
by a set of sememes: {human, spouse, family,
male}. Some linguists believe that it is attainable
to describe the word senses in any language through
a finite set of sememes (Dong, 1988; Wierzbicka,
1996). To put this assumption into practice, Dong
et al. (2010) developed a Sememe Knowledge Base
(SKB), HowNet, which uses about 2,000 linguist-
curated sememes to annotate over 100,000 English
and Chinese words (Qi et al., 2022). In Open-
HowNet (Qi et al., 2019), a publicly available ver-
sion of HowNet, each word sense is structured hier-
archically as a sememe tree (Ye et al., 2022), with
the root node as the main sememe representing the
core semantic category, as shown in Figure 1.

Intralexical component organization can reflect
interlexical relations, as word senses within lexi-
cal relations often show systematic sememe differ-
ences (Wang et al., 2025). For instance, synonymy
can be formalized through identical sememe
combination (e.g., husband and hubby: {human,
spouse, family, male}); hypernymy through sub-
set containment (e.g., husband → man: {human,
male}); antonymy through single-component nega-
tion while preserving others (e.g., husband → wife:
{human, spouse, family, female}). From these
analyses, such means of semantic compositionality
hold promising prospects for LRC and LE.

Recently, researchers have explored the appli-
cation of sememe knowledge in LRM scenarios.
Wang et al. (2025) leveraged such knowledge to
enhance Link Prediction for lexico-semantic knowl-
edge graphs. While yielding notable improvements,
this exploration, like other sememe-based applica-
tions (Hou et al., 2020; Lyu et al., 2021), utilizes
sememe labels and ignores tree-structured informa-
tion due to the complexity of integration. However,
in such scenarios, tree-structured sememe informa-
tion is crucial for more precise semantic descrip-
tions, and neglecting it may impede the model from
making correct predictions of lexical relations. For
example, searcher and frisk in Figure 1 share the
same sememe labels but differ significantly in se-

mantics and lexical relations as well.
Meanwhile, there are practical deployment is-

sues in integrating sememe information to bene-
fit lexical relation mining. Not all words in the
LRC and LE datasets have sememe annotations
in HowNet, and it would be prohibitively labor-
intensive and time-consuming to manually annotate
sememes for out-of-vocabulary senses. While the
introduction of Sememe Prediction (SP) (Xie et al.,
2017) and Structured Sememe Prediction (SSP) (Ye
et al., 2022) offers a promising solution to this is-
sue, the effectiveness of predicted information in
downstream tasks lacks sufficient validation.

Inspired by the potential value of structured se-
meme knowledge and the practical challenges in its
integration into downstream LRM tasks, we are mo-
tivated to explore leveraging such sememe knowl-
edge to enhance LRC and LE. We first propose
an automated Sememe Tree Construction (STC)
pipeline. It fully predicts sememe trees, covering
the node, edge, and edge type information; Then,
we design SememeLRM, a method that incorpo-
rates structured sememe knowledge into PLM-
based models. Experimental results show that such
sememe knowledge helps PLMs better understand
nuanced lexical relations, consistently and signif-
icantly improving the performance across bench-
marks for both tasks, even outperforming Large
Language Model (LLM)-based baselines with 20
times more parameters on most benchmarks. Fur-
ther results suggest that sememe trees automati-
cally constructed by our pipeline can rival the gold-
standard in HowNet, extending their applicability
to lexico-semantic computing. We summarize the
contributions as follows:

(1) We propose an automated STC pipeline, aim-
ing to tackle the challenges of adopting structured
sememe knowledge in annotation-scarce scenarios;

(2) We propose the SememeLRM method to
fully leverage structured sememe knowledge for
enhancing LRC and LE, achieving a notable 1.6%
improvement on average across benchmarks;

(3) We present a potentially generalizable frame-
work to leverage complete sememe trees in down-
stream tasks, helping to unlock the value of such
intralexical knowledge in more NLP applications.

2 Related Works

2.1 Lexical Relation Mining

LRC methods have undergone three main devel-
opmental stages: Pattern-based methods (Hearst,
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1992; Shwartz and Dagan, 2016; Roller et al., 2018)
extract lexical relations in texts based on a set of
syntactic patterns that could indicate such relations.
Due to the ambiguity of natural language expres-
sions, these methods fail to cover implicit relations
via a closed set of patterns; Embedding-based
methods (Shwartz and Dagan, 2016; Shwartz et al.,
2016; Glavaš and Vulić, 2018; Wang et al., 2019)
use static word embeddings as classification fea-
tures, but these methods rely solely on the repre-
sentation capacity of the embeddings and thus fail
to capture and utilize dynamic contextual informa-
tion to distinguish nuanced lexical relations; PLM-
based methods (Jadhav et al., 2020; Wang et al.,
2021; Pitarch et al., 2023) leverage contextualized
word embeddings and lexico-semantic knowledge
learned during pre-training to capture latent lexi-
cal relations. To further improve the performance,
some of these methods (Ushio et al., 2021; Sun
et al., 2025) adopt parameter-efficient fine-tuning
(PEFT) to incorporate additional trainable param-
eters, or integrate supplementary lexico-semantic
information, like lexical graph features.

Similar to LRC, LE methods can also be broadly
categorized into embedding-based (Nguyen et al.,
2017; Nickel and Kiela, 2017; Vulić and Mrkšić,
2018; Yang et al., 2022; Sato et al., 2022) and PLM-
based (Pitarch et al., 2023; Moskvoretskii et al.,
2024; Sun et al., 2025). Among embedding-based
methods, some embed hierarchical structures in
hyperbolic space, as it is well-suited for modeling
hypernymy-hyponymy relations (Nickel and Kiela,
2017; Sato et al., 2022). For PLM-based methods,
many of them (Pitarch et al., 2023; Sun et al., 2025)
can also be adapted to tackle LRC by adjusting the
training objective.

Currently, PLM-based methods serve as the
SOTA for LRC and LE. However, they still struggle
to distinguish nuanced semantic relations, such as
synonymy versus antonymy (Pitarch et al., 2023)
and synonymy versus hypernymy (Sun et al., 2025),
making the integration of fine-grained semantic
knowledge a worthwhile direction for exploration.

2.2 Sememe Knowledge Base: Application
and Expansion

As a specialized lexical knowledge base, SKB de-
scribes word senses using fine-grained semantic
units, sememes. HowNet (Dong et al., 2010), the
most comprehensive SKB, has displayed its effec-
tiveness in various NLP tasks, such as Language
Modeling (Gu et al., 2018), Reverse Dictionary (Qi

et al., 2020b), Text Matching (Lyu et al., 2021),
and Word Sense Disambiguation (Hou et al., 2020;
Zhang et al., 2022). However, almost all of these
applications flatten sememe trees as semantic la-
bels for word senses, ignoring the valuable tree-
structured information (Qi et al., 2021), while it is
crucial for more precise semantic descriptions.

Currently, the applications rely heavily on gold-
standard sememe annotations in HowNet. How-
ever, it is impractical for HowNet to cover all
word senses. To enable the automated construc-
tion and expansion of SKBs, SP (Xie et al., 2017)
and SSP (Ye et al., 2022) have been proposed. The
former aims to assign appropriate sememes to word
senses from a predefined set, while the latter pre-
dicts sememes along with their hierarchical struc-
tures. For SP, MSGI (Qi et al., 2022) achieves
SOTA performance by integrating diverse infor-
mation into the model, including word sense def-
initions, multilingual synonyms, and visual infor-
mation. Compared with the multilingual and mul-
timodal information, textual definitions are more
suitable for SP as they often align with sememe
annotations and are more accessible in most appli-
cation scenarios (Wang et al., 2025). Consequently,
some definition-only methods (Li et al., 2018; Du
et al., 2020; Wang et al., 2025) tend to be more ap-
plicable. For SSP, TaSTG (Ye et al., 2022) is a rare
and valuable exploration. It incorporates sense def-
initions into a tree-attention Transformer (Vaswani
et al., 2017) to generate sememe tree sequences.
Evaluation results (Ye et al., 2022) show that joint
learning of node and edge prediction increases mod-
els’ burden, as evidenced by lower node accuracy
than SP methods. In particular, improved node ac-
curacy correlates with substantial gains in edge and
overall tree prediction. This suggests cascading
the two tasks, i.e., using more accurate SP-derived
node prediction as the foundation of SSP, may en-
hance the overall performance of tree generation.

3 Automated Sememe Tree Construction

To adopt structured sememe knowledge in scenar-
ios with limited annotations, we propose a Sememe
Tree Construction (STC) pipeline that aims to build
the sememe tree for a given word sense automati-
cally. This task builds upon two prior tasks, SP (Xie
et al., 2017) and SSP (Ye et al., 2022), while further
requiring the relation prediction between sememes
in the tree.

Given that existing SP methods outperform SSP
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Figure 2: The proposed stage-wise pipeline for STC,
from word senses to sememe trees with parent-child
relations labeled.

methods in node prediction accuracy (Ye et al.,
2022), we formulate STC as a composite task con-
sisting of four stage-wise subtasks to maximize the
quality of constructed sememe trees. The overall
pipeline is depicted in Figure 2. Specifically, All
Sememe Prediction (ASP) identifies all sememes
of the word sense; Main Sememe Prediction
(MSP) pinpoints its main sememe; Structured
Sememe Prediction (SSP) generates a sememe
tree for the word sense based on the predicted se-
meme set from ASP and the main sememe from
MSP2; Sememe Relation Classification (SRC)
identifies the relation type between parent-child
sememe pairs in the tree generated by SSP.

Across all these subtasks, we take easily acces-
sible textual definitions for word senses as input,
which extends the method’s applicability in real-
world annotation-scarce scenarios. Moreover, dedi-
cated methods are designed for each task:

For the first two upstream tasks, ASP and
MSP, we follow Wang et al. (2025) and feed soft
prompts (Hambardzumyan et al., 2021; Qin and
Eisner, 2021) and sense definitions into a PLM-
based encoder with corresponding classifiers;

For the subsequent SSP task, as LLMs have
shown decent ability in understanding sememe tree
structures (Shen et al., 2025) and achieved promis-
ing performance on various tree generation tasks,
such as Syntactic Parsing (Tian et al., 2024) and

2The main sememe predicted by MSP is added into the
sememe set from ASP to ensure input consistency for SSP.

Method Strict Edge

TaSTG 70.3 72.5
Qwen3-30B-A3B-Instruct 84.3 86.1
Deepseek-V3.2 88.0 89.7

Table 1: Restricted evaluation for the SSP task, where
Strict assesses overall tree generation, and Edge evalu-
ates the edge accuracy. Please refer to Ye et al. (2022)
for detailed descriptions of the evaluation metrics.

Semantic Parsing (Liu et al., 2025b), we attempt
to employ Qwen3-30B-A3B-Instruct (Yang et al.,
2025) and DeepSeek-V3.2 (Liu et al., 2025a), two
top-performing, cost-efficient open-source LLMs,
for sememe tree sequence generation. We com-
pare this LLM-based method with the SOTA,
TaSTG (Ye et al., 2022), on the BabelSememe (Qi
et al., 2020a) dataset. The evaluation is under
the restricted setting where the ground-truth se-
meme set is provided. Evaluation details, including
the prompt design, are provided in Appendix A.
As shown in Table 1, LLMs with 3-shot learn-
ing (Dong et al., 2024) show superior structural
organization capability and generate more accurate
sememe trees. Based on the overall performance,
we thus utilize DeepSeek-V3.2 to tackle SSP;

Finally, for the SRC task, we input soft prompts
containing both a word sense definition and a
parent-child sememe pair into a PLM-based en-
coder, which we then fine-tune for classification.

We train task-specific models for each subtask
on the BabelSememe (Qi et al., 2020a) and Se-
memeDef (Wang et al., 2025) datasets, with evalu-
ation on the test set of BabelSememe. Our pipeline
attains F1-scores of 60.3% and 68.9% on ASP and
MSP, respectively, a Strict score of 52.3% on SSP,
and an F1-score of 98.2% on SRC. More evalua-
tion details are in Appendix A. Given the inherent
challenge of this task, the results are sufficient to
ensure constructing relatively reasonable sememe
trees (Ye et al., 2022). Based on this pipeline, we
conduct automated construction of sememe trees
for WordNet (Miller, 1995), and evaluate their ef-
fectiveness in the subsequent LRM task.

4 Enhance LRM by Structured Sememe
Knowledge

4.1 Task Formulation

LRC: We frame LRC as a multi-class classifica-
tion task. Given a vocabulary V and a mutually
exclusive, exhaustive set (Pitarch et al., 2023) of
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lexical relations R = {r1, r2, ..., rk}, the task re-
quires a function fLRC that maps a pair of words
(w1, w2) ∈ V × V to a k-dimensional probability
distribution p, where each element in the distri-
bution denotes the probability of the respective
relation. At prediction time, the most suitable rela-
tion for (w1, w2) is determined as the one with the
highest probability in the output of fLRC.
LE: We frame LE as a regression task, which re-
quires a function fLE that maps (w1, w2) to a con-
tinuous entailment score es in [0, 1], denoting the
degree to which w1 is a type of w2.

In this work, structured sememe information is
utilized to tackle these tasks. Given a word w ∈ V
with a predefined sense set Dw = {d1, d2, ..., dn},
each sense di ∈ Dw is defined by a sememe tree
Tdi = (Sdi ,mdi , Edi), where Sdi ⊆ S represents
the set of sememes contained in Tdi , with S de-
noting the global sememe inventory; mdi ∈ Sdi is
the main sememe serving as the root node of Tdi ;
Edi denotes the set of directed edges that capture
the hierarchical relations between sememes in Sdi .
Each edge in Edi is formulated as (sc, τ, sp), where
sp, sc ∈ Sdi are the parent and child sememes, re-
spectively, and τ ∈ Θ (Θ is the sememe-level rela-
tional type set) denotes the relation type between
sc and sp. The set of sememe trees for w is denoted
as Tw = {Tw

di
| di ∈ Dw}.

4.2 SememeLRM Method
We propose SememeLRM, a novel method that
leverages structured sememe knowledge to im-
prove the performance on two core subtasks of
LRM: LRC and LE. The overall architecture of Se-
memeLRM is illustrated in Figure 3. Specifically,
for a word pair (w1, w2), SememeLRM employs
a Relational Graph Neural Network (R-GNN) to
aggregate tree-structured sememe embeddings into
sense-level embeddings, which are subsequently
fed into a PLM-based encoder to enhance relation
prediction between (w1, w2).

For sememe representation, we first initialize
a learnable embedding matrix for S, where each
sememe s ∈ S is assigned a dense vector es ∈ Rl.

To obtain the embedding for a word sense d, se-
meme embeddings {es | s ∈ Sd} and edge features
Ed are fed into the R-GNN module. Then, the final
hidden state of the root sememe md is extracted as
the sense-level embedding ed for d.

To incorporate the sense-level embeddings into
the PLM-based encoder, we design a prompt tem-
plate structured as: "e[CLS], et1 , ..., eto , ew1

1 , ...,

Encoder for LRM

R-GNN

mean pooling mean pooling
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Figure 3: Illustration of the proposed SememeLRM. By
introducing an R-GNN module to aggregate sememe
embeddings into sense-level embeddings, SememeLRM
incorporates structured sememe knowledge into the
PLM-based encoder, enabling the generation of more
effective relation representations for word pairs.

ew1
l1

, ew1
d1

, ..., ew1
dn1

, eand, ew2
1 , ..., ew2

l2
, ew2

d1
, ..., ew2

dn2
,

e[SEP]", where et1 to eto , and eand are embeddings
for the hard prompt tokens, like "Today, I finally
discovered the relation between ... and ..."; ew1

1 to
ew1
l1

and ew2
1 to ew2

l2
are embeddings for the tokens

of w1 and w2, respectively. ew1
d1

to ew1
dn1

and ew2
d1

to

ew2
dn2

are sememe-based sense embeddings3 for all
n1 senses of w1 and n2 senses of w2, respectively.
Notably, except for the sememe-based sense em-
beddings, all the other embeddings in the template
are obtained from the PLM’s embedding layer.

The final representations of w1 and w2, denoted
as hw1 and hw2 , are each obtained by mean pooling
over the PLM’s last hidden states corresponding
to their respective token embeddings and sense
embeddings. The final relation representation is
defined as hr =

[
h[CLS];hw1 ;hw2 ;hw1 − hw2

]
,

with h[CLS] denoting the last hidden state of the
[CLS] token. Then, hr is fed into two independent
MLPs to compute the LRC prediction distribution
p = softmax (MLPLRC (hr)), and the LE score
es = sigmoid (MLPLE (hr)).

For LRC, our goal is to minimize the cross-
entropy loss between the ground-truth distribution
and p:

LLRC = −
∑

i

y∗[i] · log(p[i]), (1)

where y∗ is the ground-truth one-hot distribution.
3The dimension of sememe-based sense embeddings is

aligned to that of the PLM embeddings.

4934



Method BLESS K&H+N EVALution CogALexV ROOT09

LexNET 89.3 98.5 60.0 44.5 81.3
SphereRE 93.8 99.0 62.0 47.1 86.1

KEML 94.4 99.3 66.0 50.0 87.8
RelBERT 92.1 94.9 70.1 66.4 91.0
NCGC 95.6 98.9 77.1 76.2 93.7
DeBERTa-large (ours) 95.4 98.8 78.7 76.4 94.2
DeBERTa-large† 95.4 98.9 78.6 76.1 94.3
DeBERTa-large + GET† 95.8 98.7 78.4 74.4 94.0

DeBERTa-xlarge† 95.7 98.7 78.4 76.1 94.5
DeBERTa-xlarge + GET† 95.9 98.8 80.5 76.5 95.4
LLaMA3-8B† 95.3 98.9 77.2 79.0 94.7
LLaMA3-8B-Instruct† 96.3 99.1 75.6 77.7 94.5

SememeLRM 96.5 (+1.2%) 99.1 (+0.3%) 81.6 (+3.7%) 78.9 (+3.3%) 95.3 (+1.2%)
SememeLRM w/ automated STC 96.4 (+1.0%) 99.2 (+0.4%) 80.5 (+2.3%) 79.4 (+3.9%) 94.5 (+0.3%)

Table 2: Weighted F1-scores (%) on LRC Benchmarks, where † denotes the results from Sun et al. (2025), while
other baseline results are mainly from Pitarch et al. (2023). Baselines are grouped into three categories by parameter
scale relative to SememeLRM: smaller, comparable, and larger. The overall best results are shown in bold, with the
second-best results underscored. For SememeLRM, the percentage improvements over DeBERTa-large (ours) are
shown in parentheses. Following Santus et al. (2016a), random relation results in CogALexV are excluded from test
set performance reporting.

For LE, our goal is to minimize the mean squared
error (MSE) loss:

LLE = (es− es∗)2, (2)

where es∗ ∈ [0, 1] is the ground-truth score.

5 Experiments

5.1 Experimental Settings
Datasets: Five widely used datasets are adopted for
the LRC evaluation, including BLESS (Baroni and
Lenci, 2011), K&H+N (Necşulescu et al., 2015),
EVALution (Santus et al., 2015), CogALexV (San-
tus et al., 2016a), ROOT9 (Santus et al., 2016b),
covering 10 types of lexical relations. We use Hy-
perLex (Vulić et al., 2017) to evaluate the graded
LE task. It has two different data splits based on
lexical and random, respectively. We adopt the
original train/validation/test splits of these datasets.
Further details and statistical information about
them are provided in Appendix B.
Baselines: For the LRC task, we compare Se-
memeLRM against a variety of top-performing
methods, including LexNET (Shwartz and Da-
gan, 2016), SphereRE (Wang et al., 2019),
KEML (Wang et al., 2021), RelBERT (Ushio
et al., 2021), NCGC (Pitarch et al., 2023), and
GET (Sun et al., 2025). For the LE task,
LEAR (Vulić and Mrkšić, 2018), HF (Yang et al.,
2022), NCGC (Pitarch et al., 2023), TaxoL-
LaMA (Moskvoretskii et al., 2024), and GET (Sun

et al., 2025) are adopted as baselines. Additionally,
for both tasks, we compare against DeBERTa (He
et al., 2021) and LLaMA3 (Grattafiori et al., 2024)
baselines, which are fine-tuned by Sun et al. (2025)
via an NCGC-like method.
Experimental Configuration: Considering the pa-
rameter scales of PLMs adopted by top-performing
baselines (Sun et al., 2025), we select DeBERTa-
large (He et al., 2021) as the base model for a fair
comparison. It features 24 layers with a hidden size
of 1024. Also, we employ R-GCN (Schlichtkrull
et al., 2018) as the R-GNN module. Further experi-
mental details are provided in Appendix C.

5.2 Overall Results
We separately evaluate the performance of Se-
memeLRM when leveraging sememe data from
HowNet and our automated STC pipeline. The
overall test results on LRC and LE are shown in
Table 2 and Table 3, respectively. From them, we
have the following observations:

(1) From the overall performance, SememeLRM
achieves the best weighted F1-scores on 2 out of 5
datasets for LRC and the HyperLex dataset for LE.
It yields consistent improvements over DeBERTa-
large across all benchmarks, with an average gain
of 1.6%, and notably larger gains on the more
challenging datasets, namely EVALution and Co-
gALexV. This demonstrates that the incorporation
of fine-grained structured sememe information pro-
vides PLMs with complementary lexico-semantic
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Figure 4: Confusion matrix comparison of SememeLRM and DeBERTa-large (ours) on EVALution dataset.

Method Lexical Random

LEAR 17.4 68.6
HF - 69.0

NCGC 79.4 82.8
DeBERTa-large (ours) 88.0 90.2

DeBERTa-xlarge† 88.1 89.8
DeBERTa-xlarge + GET† 88.7 90.1
TaxoLLaMA 70.2 59.3
LLaMA3-8B† 87.3 90.5

SememeLRM 88.8 (+0.9%) 90.7 (+0.6%)
w/ automated STC 88.6 (+0.7%) 90.5 (+0.3%)

IAA 86.4

Table 3: The Spearman ρ correlation on HyperLex. The
IAA represents the inter-annotator agreement when as-
signing LE ratings. The notations follow Table 2.

knowledge, enabling more accurate prediction;
(2) From the parameter-efficiency perspec-

tive, just adding an R-GCN module (47M), Se-
memeLRM, based on DeBERTa-large (350M),
achieves performance comparable to or even supe-
rior to methods based on DeBERTa-xlarge (750M)
and LLaMA3 (8B). This indicates that introducing
structured sememe knowledge, instead of scaling
up PLM size, facilitates more efficient and effective
mining of lexical relations;

(3) Regarding the sources of sememe knowledge,
SememeLRM, utilizing sememe information pre-
dicted by our STC pipeline, also attains a notable
average improvement of 1.3% across the bench-
marks. It achieves comparable or even better per-
formance than the gold-standard sememe data from
HowNet on four out of six benchmarks. On the re-
maining two, it still outperforms the baseline with-
out sememe information by a clear margin. This
extends the applicability to lexico-semantic com-
puting in annotation-scarce scenarios.

6 Analysis

6.1 Analysis on How Structured Sememe
Knowledge Benefits LRM

To better understand how structured sememe
knowledge enhances LRC and LE, we compare the
confusion matrices of SememeLRM and DeBERTa-
large on EVALution. As shown in Figure 4, Se-
memeLRM substantially reduces confusion be-
tween synonymy and hypernymy, a known chal-
lenge highlighted by Sun et al. (2025), while im-
proving or maintaining the performance on others.

The improvement can be largely attributed to the
structured organization of intralexical sememes,
which reflects interlexical relations: synonyms usu-
ally share nearly identical sememe trees, whereas
in a hypernym-hyponym pair, the hyponym’s se-
memes generally subsume those of the hypernym,
or their main sememes are also hierarchically re-
lated. In contrast, distributional word embeddings
may struggle to represent such systematic differ-
ences, as synonyms, hypernyms, and hyponyms
tend to appear in similar contexts, resulting in sim-
ilar embedding representations that hinder PLMs
from distinguishing these relational distinctions.

To substantiate this, we first verify whether sys-
tematic sememe differences are indeed reflected
in benchmarks for LRM. To this end, we man-
ually summarize three patterns corresponding to
synonymy, co-hyponymy, and antonymy: (a) The
two words share a sense pair with identical sememe
trees; (b) The two words share a sense pair with
the same main sememe, and neither sememe com-
bination is a subset of the other; (c) The two words
share a sense pair with only one pair of sememes
within the antonymy relation, while all other se-
memes are identical. As shown in Table 4, word
pairs within the target relation exhibit significantly
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Pattern Relation Proportion

(a) Synonymy 51.2
Non-synonymy 12.4

(b) Co-hyponymy 49.9
Non-co-hyponymy 11.1

(c) Antonymy 17.8
Non-antonymy 0.1

Table 4: Proportions(%) of samples satisfying each se-
meme pattern for target versus non-target relations.

Pattern Relation Correct Error

(a) Synonymy 56.8 37.6
(b) Co-hyponymy 50.0 30.4
(c) Antonymy 19.5 2.9

Table 5: Proportions (%) of pattern-matching samples
in the Correct and Error groups of SememeLRM.

higher proportions matching the corresponding pat-
terns than non-target pairs, validating the existence
of such systematic compositional differences in
practical LRM datasets.

We further verify whether the model can learn
and leverage these systematic differences for pre-
diction. Specifically, we split the test set into Cor-
rect/Error groups based on predictions from Se-
memeLRM, and compute the proportion of sam-
ples matching the corresponding patterns in each
group. As shown in Table 5, the Correct group
consistently exhibits higher percentages than the
Error group, indicating that the model indeed cap-
tures, learns, and leverages these patterns for pre-
diction. Although the patterns explored here are
relatively simple, it is foreseeable that the model
can also learn more complex difference patterns
for more accurate prediction. These results demon-
strate that structured sememe knowledge exactly
provides complementary compositional signals that
help address the shortcomings of distributional rep-
resentations, thereby improving the performance.

However, SememeLRM still makes certain er-
roneous predictions. To address this, we conduct
a detailed error analysis in Appendix F, revealing
that the errors primarily stem from three sources, in-
cluding taxonomy inconsistencies across resources,
the lack of relevant senses in HowNet, and the pol-
ysemousness of words.

6.2 Analysis on Why STC-Predicted Sememe
Trees Can Rival Gold-Standard

As discussed in Section 5.2, the STC pipeline
yields performance comparable to gold-standard

data from HowNet. To further explore why, we first
quantify how well the STC-based sememe trees
cover the gold-standard ones. Specifically, for each
instance in the benchmarks, three coverage metrics
are considered: main sememe node coverage, se-
meme node coverage, and (parent, rel, child) triple
coverage. The average coverage rates achieved
are 70.7%, 73.9%, and 65.9%, respectively. This
suggests that the predicted sememe trees capture
most of the node-level and structural information
in the gold-standard trees, thereby yielding similar
effectiveness as mentioned above. Moreover, as
a manually constructed SKB, HowNet inevitably
contains annotation inconsistencies, and its gold-
standard trees should not be treated as the sole
correct answer. The competitive performance of
STC-predicted trees, despite not fully matching the
gold standard, also suggests that alternative yet lin-
guistically plausible sememe annotations can be
equally effective for downstream tasks.

In addition to the quantitative analysis, we also
conduct a case study. We find that some STC-based
sememe trees, although not fully accurate, still aid
the model in predicting the correct lexical relations.
For instance, for the nouns defeat and success, the
predicted sememes for defeat ({result, fail})
are consistent with the gold-standard, while the
predicted sememes for success ({circumstances,
succeed, human}) differ from the gold-standard
(result, succeed}). Despite such differences, the
model can still recognize their antonymy relation
via the opposition between fail and succeed.

Beyond this, the case study also reveals that the
automated STC pipeline helps alleviate the prob-
lem of missing word senses in HowNet. As shown
in Table 15, HowNet lacks a sense like "protec-
tive covering on top of a motor vehicle" for roof.
This deficiency prevents the model from correctly
identifying the meronymy relation between car and
roof. By automatically constructing sememe trees
for roof based on glosses from WordNet, a new
sense is supplemented with the sememe combina-
tion {part, land_vehicle, head}, which helps
the model correctly identify the meronymy rela-
tion. This finding also indirectly validates the value
of our automated STC pipeline in expanding and
supplementing SKBs.

6.3 Analysis on the Effectiveness and
Efficiency of Different Sense Embeddings

To further illustrate the advantages of sememe-
based sense embeddings for LRC and LE, we
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Method LRC LE

DeBERTa-large (Ours) 88.7 89.1
Gloss 88.8 (+0.1%) 89.4 (+0.3%)
Sememe (SememeLRM) 90.3 (+1.8%) 89.8 (+0.8%)

Table 6: Average performance comparison on LRC and
LE between gloss-based and sememe-based representa-
tion for word senses.

compare SememeLRM against a DeBERTa-large
model incorporating gloss information from Word-
Net (Miller, 1995). Experimental results are con-
cisely summarized in Table 6, with full details in
Appendix D. These results demonstrate that using
fine-grained tree-structured semantic units outper-
forms textual sense descriptions in representing
word senses and lexical relations. This superior-
ity stems from the unique definition paradigm of
sememes: on the one hand, sememe differences
across words systematically reflect lexical relations;
on the other hand, the finiteness of sememe labels
facilitates generalization of such differences. These
intrinsic properties help reduce the complexity of
model learning and enhance robustness in nuanced
lexical relation identification.

Additionally, our statistics show that sememe-
based sense embeddings are more efficient: per
data sample, only 13.3 sememe tokens are input
to the R-GNN and 4.3 sense-related tokens to the
PLM, in stark contrast to the 95.4 tokens required
by gloss-based methods for PLM input.

6.4 Ablation Analysis

Sememe Tree Components: We analyze the con-
tribution of node, edge, and edge type information
in sememe trees. Table 7 shows that the hierarchi-
cal structure of sememes contributes the most to
the performance gains. Compared with only using
sememe labels, the integration of structured infor-
mation enables more precise descriptions of word
senses and better reflects semantic differences be-
tween them, leading to superior performance. Built
upon this, the incorporation of edge type informa-
tion further improves the performance.
R-GNN Module Variants: We also investigate
the impact of different R-GNN variants on the per-
formance. Table 7 shows that both R-GAT (Bus-
bridge et al., 2019)-based and R-GCN-based meth-
ods yield consistent performance gains. This sug-
gests that using R-GNNs is a reliable approach for
modeling tree-structured sememe knowledge, and
exploring more effective R-GNNs to leverage this

Method LRC LE

sememe set 89.2 89.5
GCN + sememe tree 89.9 89.9
R-GAT + sememe tree 90.1 90.1
R-GCN + sememe tree (SememeLRM) 90.3 89.8
R-GCN + sememe tree + all outputs fed 90.1 89.6

Table 7: Average performance comparison for abla-
tion analysis, with details provided in Appendix D.
GCN (Kipf and Welling, 2017) is used to ignore the
edge type information.

knowledge is a worthwhile research direction.
Embedding Input Strategies: We compare two
sense embedding input strategies for the PLM: feed-
ing all R-GNN outputs versus the outputs for main
sememes. As shown in Table 7, the two methods
yield comparable results, but the latter achieves
higher efficiency with fewer input tokens. This
also indicates that effective modeling of structural
information is the key to the improvements on LRC
and LE, rather than explicitly highlighting core se-
mantic categories in sense representations.

7 Conclusion

In this paper, we explore the utilization of struc-
tured sememe knowledge to enhance LRM. We
first present an automated STC pipeline to predict
sememe trees; Then, we propose the SememeLRM
method to fully leverage structured sememe knowl-
edge for the representation learning of word senses
and lexical relations; Experimental results show
that it achieves a notable 1.6% improvement on
average across benchmarks, even outperforming
LLM-based methods with 20 times more param-
eters on most benchmarks. Further results sug-
gest that sememe trees predicted by our pipeline
can rival the gold-standard in HowNet, extending
their applicability to lexico-semantic computing.
An in-depth analysis also demonstrates that struc-
tured sememe knowledge yields more substantial
performance gains than textual definitions, further
revealing the effectiveness and efficiency of Se-
memeLRM. Overall, this work makes comprehen-
sive and significant progress for leveraging com-
plete sememe trees in downstream tasks, helping
unlock the value of such expert knowledge.

In the near future, we would explore more re-
fined strategies to exploit structured sememe knowl-
edge and extend the benefits of our framework to a
broader range of lexico-semantic tasks.
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Limitations

Our work is subject to several limitations:
(1) This work primarily focuses on the English

language, where HowNet provides a substantial
amount of sememe annotations for English lexi-
cons, and large-scale datasets are available to sup-
port training of our automated STC pipeline. For
low-resource languages, however, the scarcity of
such resources may weaken the effectiveness of
SememeLRM;

(2) While this work performs an in-depth ex-
ploration of sememe tree utilization for the LRM
task, the original fine-grained edge type informa-
tion is simplified by grouping them into a small
set of general categories (detailed in Appendix A).
This choice not only reduces the complexity in
understanding sememe trees but also prioritizes
the parameter efficiency of downstream models.
Nevertheless, how to leverage such fine-grained in-
formation more effectively and efficiently remains
an open question, deserving further exploration in
future work;

(3) With regard to the efficiency of training, Se-
memeLRM utilizes an additional R-GNN module
to obtain structured sememe features. This incurs
higher memory consumption and longer training
times than the baseline methods. We also conduct a
cost-benefit analysis in Appendix E to discuss this.
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A Evaluation Details for SP
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BabelSememe (Qi et al., 2020a), with splits
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stances4. To further enhance the performance, the
SememeDef (Wang et al., 2025) dataset, containing
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4We use the version from Ye et al. (2022).
5We use a version that excludes data from BabelSememe.
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Category for SRC Relation Type in HowNet

agent agent, co_agent, experiencer, host, person_pro, possessor

patient beneficiary, content, of_part, partner, part_of_touch, patient, patient_attribute, pa-
tient_part, possession, result_whole, source_whole, target

product content_product, patient_product, result, result_content, result_event, result_is_a

instrument instrument, means, method

location location, location_fin, location_ini, location_thru, part_position, place_sect, source

time duration, duration_after_event, duration_before_event, since_period, since_point, time,
time_after, time_before, time_feature, time_fin, time_ini, time_range, time_sect

state existent, state, state_fin, state_ini, succeeding, transition

cause according_to, cause, concession, condition, purpose

modifier accompaniment, adjunct, aspect, belong, but, comment, content_compare, contrast,
descriptive, direction, domain, emphasis, event_process, host_of, manner, material,
material_of, modifier, restrictive, whole

quantity cost, degree, distance, frequency, patient_value, quantity, quantity_compare, range,
scope, sequence, times

related_to co_event, concerning, equiv, is_a, relate_to, relevant

Table 8: Mapping of relation types in HowNet sememe trees to the categorized ones for SRC.

### Sememe Tree Sequence Generation Task

#### Task Description
You are given a word definition, its sememe set, and the root node sememe.
Your task is to generate the sememe tree sequence for the given word definition.
You should refer to the provided reference examples below to understand the structural patterns.

#### Output Format Rules
1. The list starts with "START" (a virtual root node of the sememe tree, depth = 1);
2. Generate the sequence using pre-order depth-first traversal: record the current node first, then traverse all its children in
order;
3. After traversing each child node, use "BACK+number" to indicate backtracking from the current node (number = depth of
the current node before backtracking);
4. After traversing all nodes, backtrack through every ancestor including "START" itself, ending with "BACK1" to terminate
the list;
5. The output only contains the given sememes, "START", and "BACK+number";
6. The answer must be wrapped in <answer></answer> tags and formatted as a Python list of strings.

#### Output Structure
First, reason through the problem inside <think></think> tags following this 4-step format:

Step 1 - Semantic Analysis: Analyze the definition, map each sememe to its semantic role, and compare with the reference
examples to identify similar structural patterns;

Step 2 - Tree Structure: Draw the hierarchical tree with depth annotations, explicitly noting which example’s pattern it
resembles;

Step 3 - Pre-order DFS Traversal: List the visit order and backtrack sequence step by step;
Step 4 - Verification: Confirm all sememes included ✓, BACK numbers correct ✓, ends with BACK1 ✓.

Then, output only the Python list inside <answer></answer> tags.

#### Reference Examples
{Examples}

#### Input
- Text Definition: {def_text}
- Sememe Set: {sememe_set}
- Root Node Sememe: {main_sememe}

#### Output

Table 9: Prompt template for SSP, where the sememe set from ASP and the main sememe from MSP are provided.
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Method BLEU Strict Edge Vertex

TaSTG 17.0 39.7 41.2 48.2
Qwen3-30B-A3B-Instruct 35.8 51.3 52.2 60.8
Deepseek-V3.2 36.7 52.3 53.4 62.1

Table 10: Performance comparison on the SSP task,
where LLM-Based Methods are under a 3-shot learning
setting, with BLEU/Strict denoting accuracy of overall
tree generation and Edge/Vertex for edge/node accuracy.
Please refer to Ye et al. (2022) for detailed descriptions
of the evaluation metrics.

supplementary training data. Each instance in these
datasets includes both word sense definition infor-
mation and a complete sememe tree annotation.

Notably, statistics show that these sememe trees
involve 95 relation types. Such a large number in-
creases the difficulty of accurate prediction. Also,
it leads to a significant growth in the parameter size
of downstream models (e.g., R-GNN) designed
to leverage such information. To solve this is-
sue, we observe that the concept relation types in
HowNet roughly align with semantic roles (Dong
et al., 2010), and accordingly adopt 9 semantic role
labels as relation categories. We also add a modi-
fier category for non-predicative relations such as
those between concepts and their attribute values,
and a related_to category to cover any remaining
types. In this way, we group these 95 types into
11 coarse-grained categories based on their cor-
responding semantic roles, as detailed in Table 8.
This reduction can lower the complexity for models
to understand sememe trees.

We adopt DeBERTa-large (He et al., 2021) as the
base model for ASP, MSP, and SRC. The evaluation
results of each subtask are presented as follows:

For the ASP task, the pipeline achieves 62.7%
MAP and 60.3% F1-score. This performance is
comparable to that of the SOTA method MSGI (Qi
et al., 2022), which attains 67.2% MAP and 57.7%
F1-score by leveraging multilingual and multi-
modal information from BabelSememe. This in-
dicates that supplementary training data can effec-
tively enhance the performance of definition-only
methods, enabling them to rival SOTA models with
richer information inputs;

Next, MSP attains a 68.9% F1-score, signifi-
cantly outperforming ASP. This suggests that MSP
is less challenging than ASP, and framing it as an
independent module can facilitate a more accurate
prediction of the root node in sememe trees;

Building on the outputs of ASP and MSP, we

evaluate the LLM-based methods on sememe tree
sequence generation6 with a temperature of 0.6
and a top-p value of 0.95. The prompt template
for SSP is presented in Table 9. As shown in Ta-
ble 10, benefiting from both the incorporation of
ASP and MSP predictions and LLM’s superior tree-
structured organization capability, the LLM-based
methods outperform the SOTA method TaSTG (Ye
et al., 2022);

Finally, SRC achieves remarkable results with an
F1-score of 98.2%, effectively classifying parent-
child sememe relations. It validates that our reduc-
tion strategy reduces model learning difficulty and
preserves the critical relation type information to
benefit downstream tasks.

B Details of LRC and LE Datasets

To facilitate research on distributional semantics
via analogies, BLESS (Baroni and Lenci, 2011)
is firstly constructed based on WordNet (Miller,
1995), McRae norms (McRae et al., 2005), and
ConceptNet (Speer and Havasi, 2012). EVALu-
tion (Santus et al., 2015) is an expansion of BLESS,
adding synonymy, antonymy, and other relation
types. CogALexV (Santus et al., 2016a) is a chal-
lenging subset of EVALution, with words stemmed.
ROOT09 (Santus et al., 2016b) is an expansion of
CogALexV. K&H+N (Necşulescu et al., 2015) is
a non-BLESS-derived dataset in this evaluation
suite, built upon K&H (Kozareva and Hovy, 2010)
and WordNet (Miller, 1995). These datasets cover
various lexical relation types, such as random7, syn-
onymy, hypernymy, antonymy, and meronymy. Ta-
ble 11 presents the train/validation/test data statis-
tics of each relation type in the LRC datasets.

For the graded LE task, HyperLex (Vulić et al.,
2017) is a widely used dataset that contains noun
and verb pairs with entailment ratings. It has two
different data splits based on lexical and random, re-
spectively. The lexical split contains 1,133/85/269
word pairs for the train/validation/test sets, and the
random split includes 1,831/130/655 ones across
the three subsets.

All datasets for LRC and LE are open source,
released under either the Creative Commons 4.0 or

6The sememe tree can be recovered from the tree sequence
by reversing the pre-order traversal, with the START symbol
marking the initiation of traversal and the BACK symbol indi-
cating subtree completion. For example, the tree sequence for
the most frequent sense of husband is: "START human spouse
BACK3 family BACK3 male BACK3 BACK2 BACK1".

7The random relation is added to ensure the relation set is
exhaustive.
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Relation Type BLESS K&H+N EVALution CogALexV ROOT09

Random 8,529/609/3,008 18,319/1,313/6,746 - 2,228/-/3,059 4,479/327/1,566
Synonymy - - 759/50/277 167/-/235 -
Hypernymy 924/63/350 3,048/202/1,042 1,327/94/459 255/-/382 2,232/149/809
Co_hyponymy 2,529/154/882 18,134/1,313/6,349 - - 2,222/162/816
Antonymy - - 1,095/90/415 241/-/360 -
Meronymy 2,051/146/746 755/48/240 377/25/142 - -
Event 2,657/212/955 - - - -
Attribute 1,892/143/696 - 903/72/322 - -
Part_of - - 481/28/145 163/-/224 -
Made_of - - 218/13/86 - -

Table 11: Statistics for the number of word pairs of each relation type across the train/validation/test splits in the
LRC datasets.

Method LRC LE
BLESS K&H+N EVALution CogALexV ROOT09 Lexical Random

DeBERTa-large (ours) 95.4 98.8 78.7 76.4 94.2 88.0 90.2
Gloss 95.9 99.0 78.5 76.9 93.6 88.3 90.4
Sememe (SememeLRM) 96.5 99.1 81.6 78.9 95.3 88.8 90.7

Table 12: Performance comparison on LRC and LE between gloss-based and sememe-based representation for
word senses.

Apache 2.0 license.

C Experimental Configuration

We adopt DeBERTa-large (He et al., 2021) as the
base model, which consists of 24 layers with 1024
hidden units. Also, R-GCN (Schlichtkrull et al.,
2018) is employed as the R-GNN module, with its
hidden dimension set to match that of the PLM’s
hidden layer. Our statistics show that 98.5% of
sememe trees have at most 4 layers. Thus, we set
the R-GNN to 3 layers so that the features of all
the other nodes in the tree can be aggregated to the
root node in the vast majority of cases. The task-
specific MLP module consists of 1 hidden layer,
with the dimension set to double that of the PLM.

Consistent configurations are adopted across all
datasets: the batch size is set to 32, the number of
training epochs to 10, and the learning rate to 2e-
5. We use an AdamW optimizer (Loshchilov and
Hutter, 2017) and a cosine decay scheduler with a
warmup ratio of 0.1. Additionally, the max number
of sememe trees per word is set to 5, and that of
gloss tokens per word to 120.

During training, models are evaluated on the
validation set every 30 steps, and the checkpoint
achieving the best validation performance is se-
lected for the final evaluation on the test set. For
datasets without a predefined validation set, the
final checkpoint is used for evaluation.

We separately evaluate the performance of Se-

memeLRM when leveraging sememe data from
HowNet and our automated STC pipeline. Con-
sidering that HowNet has limited vocabulary cov-
erage, for words not covered by HowNet, we sup-
plement them with sememe trees predicted by the
STC pipeline. We also augment each sememe tree
with a special node linked to the root to record the
Part-of-Speech information.

For evaluation metrics, following existing re-
search (Pitarch et al., 2023; Sun et al., 2025), we
adopt the weighted F1-score for LRC and Spear-
man ρ correlation (Spearman, 1904) for LE.

All experiments are conducted with the deep
learning framework PyTorch on a NVIDIA Virtual
GPU (32GB memory).

D Complete Results for Analysis

Complete performance comparison between gloss-
based and sememe-based methods is shown in Ta-
ble 12. Detailed results for ablation analysis are
shown in Table 13.

E Cost-Benefit Analysis

We quantify the computational costs of Se-
memeLRM and compare it with the DeBERTa-
large baseline under the same experimental con-
ditions (NVIDIA Virtual GPU), as presented in
Table 14. Due to the incorporation of an R-
GCN module for structured sememe feature ex-
traction and the adoption of a larger input dimen-
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Method LRC LE
BLESS K&H+N EVALution CogALexV ROOT09 Lexical Random

DeBERTa-large (ours) 95.4 98.8 78.7 76.4 94.2 88.0 90.2
sememe set 95.4 98.8 78.9 78.0 94.8 88.6 90.4
GCN + sememe tree 96.2 98.7 80.5 78.7 95.4 88.5 91.2
R-GAT + sememe tree 96.2 98.9 80.7 79.0 95.7 89.3 90.8
R-GCN + sememe tree (SememeLRM) 96.5 99.1 81.6 78.9 95.3 88.8 90.7
R-GCN + sememe tree + all outputs fed 96.3 98.9 81.5 78.3 95.6 88.5 90.7

Table 13: Detailed performance comparison for ablation analysis.

Method Trainable Params Training Time LRC LE

DeBERTa-large (ours) 436M 1.2 min 88.7 89.1
SememeLRM 489M 2.0 min 90.3 89.8

Table 14: Cost-benefit comparison of SememeLRM and DeBERTa-large. Training time denotes per epoch on
BLESS.

(priest, clergyman)

Senses for priest: 1. {human, occupation, religion}.

Senses for clergyman: 1. {human, occupation, religion}.

True label: hypernymy

Predicted label: synonymy

(Australia, island)

Senses for Australia: 1. {place, proper_name, politics, country, australia};
2. {place, proper_name, australia}.

Senses for island: 1. {land, waters, surround}.

True label: hypernymy

Predicted label: meronymy

(car, roof )

Senses for car: 1. {land_vehicle, automatic}.

Senses for roof : 1. {part, house, head}.

True label: meronymy

Predicted label: random

(fork, hammer)

Senses for fork:

1. {tool, pick, agricultural};
2. {tool, eat};
3. {part, physiology, animal, body};
4. {part, physiology, plant, limb};
5. {route, branch};
6. {part, route, cross}.

Senses for hammer:
1. {tool, beat};
2. {tool, round, sport};
3. {beat}.

True label: co-hyponymy

Predicted label: attribute

Table 15: Examples of incorrect classifications of SememeLRM. Word senses are from OpenHowNet (Qi et al.,
2019), presented in the form of sememe sets. Within each sememe set, the first sememe serves as the root node in
the corresponding sememe tree. The structured information is excluded to facilitate table presentation. The first two
examples are primarily due to the taxonomy inconsistencies between the LRM datasets and HowNet; the third can
be attributed to the lack of relevant senses in HowNet; the final case stems from the polysemousness of words.
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sion for the MLP, SememeLRM incurs an addi-
tional 53M trainable parameters, with a correspond-
ing increase in per-epoch training time. Never-
theless, SememeLRM attains a notable average
improvement of 1.6% across all benchmarks. Im-
pressively, through such a relatively limited com-
putational investment, it can even match or outper-
form DeBERTa-xlarge (750M) and LLaMA3 (8B)-
based methods. It is thus worthwhile to introduce
structured sememe knowledge for such knowledge-
intensive tasks.

F Error Analysis

We collect the misclassifications by SememeLRM
and investigate the underlying causes of these er-
rors. Our analysis reveals that the errors primarily
stem from three sources:

First, taxonomy inconsistencies between the
LRM datasets and HowNet can lead to incorrect
predictions. For instance, as shown in the first two
examples in Table 15, priest is a synonym of cler-
gyman in HowNet, as their sememe combinations
are the same; additionally, HowNet categorizes
Australia as a place rather than an island. Due
to such differences in taxonomic systems, while
SememeLRM outputs reasonable relation labels,
the intended benefits from introducing structured
sememe knowledge may not be fully reflected in
current evaluation metrics. Accordingly, it may be
worthwhile to explore and develop more appropri-
ate evaluation metrics in future work.

Second, some errors can be attributed to the lack
of relevant senses in HowNet, like the third exam-
ple in Table 15: roof in HowNet lacks a sense like
“protective covering on top of a motor vehicle” in
WordNet (Miller, 1995). This deficiency prevents
the model from correctly identifying the meronymy
relation between car and roof. This finding also
indirectly suggests the value of our automated STC
pipeline in expanding and supplementing the SKB
resource.

Finally, the polysemousness of words can also
result in erroneous predictions. For the last exam-
ple in Table 15, an excessive number of senses
per word may interfere with the model’s judg-
ment, preventing it from accurately determining
that both fork and hammer fall under the category
of tool. This finding further suggests that it would
be valuable to explore the construction of evalua-
tion benchmarks with pre-specified word senses.

4947


