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Introduction

Welcome to the Evaluation Workshop of CCL 2024, abbreviated as CCL24-Eval. Since 2017, the yearly CCL
conference has included evaluation workshops to facilitate proposal of important new tasks and
accompanying evaluation metrics, and release of new datasets in the language information processing
community in China. We expect participants to thoroughly utilize state-of-the-art models and propose
novel approaches to help us understand the technique boundaries and potential directions for future
research.

The major change of CCL24-Eval, compared with previous ones, is that we publish selected overview
reports and system reports at ACL/CCL anthology, making it easier for future researchers to read and cite
the papers. We also plan to release the talk videos and slides on the CCL 2024 website. All our efforts are
aimed at promoting technique accumulation and peer communication. CCL2024 -Eval includes 10 tasks, 4
tasks on semantic parsing, 3 tasks on native Chinese learners’ test, 2 tasks on multi-modal data processing,
and 1 task on ancient Chinese processing. Each task has an organizing committee responsible for defining
the task, providing training/dev/test data, collecting submissions, running evaluation, releasing results, and
writing an overview report. For each task, the organizing committee builds a separate reviewer pool,
probably including the committee themselves, for reviewing system reports of the same task. Each team is
encouraged to submit a system report, especially if they have achieved good results or attempted novel
approaches. Each system report is reviewed by at least two reviewers, and is required to make
corresponding modification according to their reviews. The overview reports are reviewed by at least two
members of the CCL24-Eval committee.

Finally, we have accepted 10 overview reports and 36 system reports. Here we sincerely thank all reviewers,
organizers, and participants for their hard work.

Hongfei Lin, Bin Li, Hongye Tan
July 2024
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System Report for CCL24-Eval Task 1: Construction of CFSP Model
Based on Non-Finetuning Large Language Model

Fugeng Huang®', Zhongbin Guo”', Wenting Li®| Haibo Cheng®
“School of Software and Microelectronics, Peking University, Beijing, 102600, China
®School of Computer and Technology, Beijing Institute of Technology, Beijing, 100081, China
“School of Information Engineering, Beijing Institute of Graphic Communication, 102600, China
INational Engineering Research Center for Software Engineering, Peking University, 100871, China
¢2301210243@stu.pku.edu.cn
1120220508@bit.edu.cn

¢dfwentingli, hbcheng}@pku.edu.cn
Abstract

Chinese Frame Semantic Parsing (CFSP) is an important task in the field of Chinese Natural
Language Processing(NLP). Its goal is to extract the frame semantic structure from the sentence
and realize the deep understanding of the events or situations involved in the sentence. This
paper mainly studies the application of Large Language Model (LLM) for reasoning through
Prompt Engineering without fine-tuning the model, and completes three subtasks of Chinese
Framework Semantic Parsing tasks: frame identification, argument Identification and role identi-
fication. This paper proposes a Retrieval Augmented Generation (RAG) method for target words,
and constructs more refined sample Few-Shot method. We achieved the second place on the B
rankings in the open track in the “CCL2024-Eval The Second Chinese Frame Semantic Parsing”
competition®.

1 Introduction

Chinese Frame Semantic Parsing (CFSP) is a research method based on frame semantics (Charles J.
Fillmore, 1982), which is based on the semantic representation and annotation of Chinese FrameNet
(CFN) (You et al., 2007; You and Liu, 2005; Li et al., 2024), and achieves the purpose of semantic parsing
by extracting the frame semantic structure of sentences (Gildea and Jurafsky, 2002). This method is of
great significance for a series of downstream tasks such as reading comprehension (Guo et al., 2020a;
Guo et al., 2020b; Wang et al., 2016), text summarization (Guan et al., 2021a; Guan et al., 2021b), and
relationship extraction (Zhao et al., 2020).

1.1 Task Definition

Table 1 presents the ‘Deciding’ framework within the Chinese FrameNet, which illustrates the cognitive
process of making decisions among various explicit or potential options. Framework elements refer to
the participants in the semantic scene corresponding to the framework. For example, ‘Cognizer’ in the
“Deciding” framework is one of the framework elements.

TCorresponding authors.
“https://tianchi.aliyun.com/competition/entrance/532179
©2024 China National Conference on Computational Linguistics
Published under Creative Commons Attribution 4.0 International License
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Frame name Deciding

The cognitive person makes a decision in a variety of explicit or
potential choices, which may be an entity or a behavioral process.
Cognizer

The cognitive decides to do something.

Decision

The decision represents the entity or process determined by the
cognitive.

Possibilities

The cognizer decides which one to choose from a range of possi-
ble options.

Topic

Guided by “about”, it indicates the matters involved in the deci-
sion, and sometimes the matters involved also indicate the general
content of the decision.

Time

Indicates the relative position of the occurrence, progress or end
of the action behavior or state in the time dimension, including
both time points and time periods.

Frame definition

Frame element

Table 1: An example of “decision” frame in Chinese FrameNet (CFN)

This evaluation divides Chinese Frame Semantic Parsing into three downstream tasks: Frame Identi-
fication (FI) (Su et al., 2021), Argument Identification (AI) and Role Identification (RI). The task of FI
is the core task in the research of frame semantics. It requires finding an activated frame for the target
word in a given sentence according to its context, which can help the computer identify the key infor-
mation and semantic framework in the sentence, so as to better understand the meaning of the sentence
(Hermann et al., 2014). The main purpose of Al task is to determine the position of argument (i.e. frame
element) involved in each target word in the sentence, so as to help the system more accurately identify
the semantic role of argument. The RI task aims to determine the semantic role of each argument in its
own framework, which plays a vital role in information extraction, relationship extraction and machine
translation. The following figure shows the specific work examples of the three downstream tasks of
CFSP.

_ Frame Element
SF Lk, FEARRITIRE ERRFSHTIMERTARTLSIHA
e s T

Role Identification

1
| Argument Identification Frame Identification
1

44 P ARSI | [ Deciding] |

Figure 1: Schematic diagram of Chinese Frame Semantic Parsing task

With the continuous progress of technology, ChatGPT and other Large Language Model (LLM) con-
tinue to appear, researchers have also carried out a series of research on the CFSP task based on LLM.
The baseline scheme given by the evaluation task shows that under the guidance of Chain of Thinking
(CoT), the performance of the three subtasks of CFSP in Zero-Shot and Few-Shot scenarios is not ideal,
and LLM cannot understand the text from the perspective of frame, argument and role (Li et al., 2023).
This research is mainly committed to using LLM to effectively complete the three downstream tasks
under the task of CFSP through the improved scheme.

Proceedings of the 23rd China National Conference on Computational Linguistics, pages 1-9, Taiyuan, China, July 25 - 28, 2024.
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1.2 Contribution

Our main contributions can be summarized in the following four points:

1. We build a hierarchical index Retrieval Augmented Generation (RAG) system based on target
words, use the target word information to filter out some options.

2. We use HanLP to segment sentences, and use the BM25 (Robertson et al., 1994) retrieval algorithm
to index, which effectively improves the sample quality of LLM in the Few-Shot scenario.

3. We establish balanced Few-Shot sample categories to ensure that each target word category has a
certain amount of data closest to the problem.

4. We change the input from the model to text, and then conduct post-processing to convert it back to
the list, so as to avoid wasting attention on the mapping relationship in the learning process of the
model.

2 Related Work

Due to the late appearance of LLM, the relatively novel architecture, and the rapid development and up-
dating speed, there are few researches on the application of LLM in the Chinese Frame Semantic Parsing
tasks. Yang (Yang et al., 2023) represents the first attempt at leveraging large pre-trained language mod-
els (LLM) for SPARQL generation to address Chinese knowledge graph question answering. (Li et al.,
2023) tested the effect of ChatGPT on FI task in Zero-Shot and Few-Shot scenarios, and tried to design
the Cot to carry out multiple rounds of dialogue, guiding ChatGPT to better complete the tasks of Al and
RI, but the final performance was not ideal as well.

3 Model

3.1 Baseline Evaluation

The baseline model given in this task mainly guides LLM by building the Chain-of-Thought (CoT)
prompting method (Wei et al., 2023), and tests the results of ChatGPT in the Zero-Shot and Few-Shot
scenarios. The specific operation and effect are shown in the following figure:

Input Sentence: 191033%7 (EEnEHE) F—5

Target Word
Zero-Shot Prompting

Model Input \

Few-Shot Prompting

Model Input
Given a sentence: {input sentence} where the target

word is "{target word}". According to my given

Given a sentence: {input sentence} where the target
word is "{target word}". According to my given
sentence and the semantic scene of the target word
in the sentence, find all arguments that match the
candidate frame elements in the sentence, and
complete the matching of arguments and frame
elements.

o /

[‘Agent’: EE' ]

[ Theme’: * (FahiAH) F—5']
[ ‘Time’: ‘19108’ ]
[ ‘Location’: ? "]

sentence and the semantic scene of the target word
in the sentence, find all arguments that match the
candidate frame elements in the sentence, and
complete the matching of arguments and frame
elements.

For example, the answer to sentence “fhE A R{RIT
BRIAGRINSF—ZESMAITRRRE, FEES
SREITFR. " is THEARRT, EEEEET, [

\ B\ Wil [SE—FEamaEN, WaT.

[ ‘Announcer’: S£E |
[ ‘Content: * (S5AIAE) HF—5']
[‘Time’: ‘19104’ ]

Figure 2: Example of comparison between the effects of Few-Shot and Zero-Shot

https://www.hanlp.com/
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It is not difficult to see that compared with Zero-Shot input, The output of the model in Few-Shot
scenario is much better, reducing the output of useless information and capturing the corresponding
arguments and roles more accurately. The research results of (Li et al., 2023) also show that the accuracy
rate of LLM for FI task can only reach 37% in the scenario without samples, while it is significantly
increased to 53% in the scenario with samples, which is enough to show the importance of giving samples
of corresponding target words for Chinese Frame Semantic Parsing tasks.

3.2 Model Construction

Through the effect analysis of the baseline model, we found that the target word is undoubtedly the
key to identify the semantic framework, which directly affects the performance of LLM on FI task.
Therefore, we build a hierarchical index RAG system (Chen et al., 2024) based on target words, which
uses keyword information to filter out a certain amount of options, reduces the length of tokens, and
avoids the decline of LLM reasoning ability caused by long tokens.

At the same time, because the Few-Shot scenario greatly improves the performance of LLM, the
sample quality provided to LLM is also an important link to determine the performance of the model.
Therefore, we first use the HanLP tool to segment the sample sentences to make the sentence structure
clearer. Then, in order to make the ability of the model to identify each frame similar, we constructed
a balanced Few-Shot sample category. For each target word category, we matched the nearest pieces
of data as a Few-Shot, ensuring that each category of the target word had the same number of data as
samples, and at the same time using BM25 (Robertson et al., 1994) to ensure that the selected data were
the closest to the problem.

As for the specific principle of BM25 retrieval algorithm, we first analyze the morpheme of the sen-
tence to generate morpheme ¢;. In this study, we directly regard the process of word segmentation
through hanlp as morpheme analysis, and each word segmentation is regarded as morpheme ¢;. Then,
for each search statement d, the correlation score of each morpheme ¢; and d is calculated. Finally, the
correlation score of g; relative to d is weighted and summed to obtain the correlation score of the sentence
and d. Its general formula can be written as below:

Score(Q,d) = i IDF(q;) - R(gi,d)

Where @ is the desired statement, IDF'(¢;) indicates the weight of morpheme ¢; in the set of at-
tributive sentences, which is called Inverse Document Frequency (IDF). That is, when many sentences
contain ¢;, The discrimination of g; is not high, so the importance of using ¢; to judge correlation is low,
the lower the 1 D F'(q;). The specific weight calculation method is as follows:

N —n(¢)+0.5

IDF(q;) =1
(¢:) = log n(g;) + 0.5

Where R(g;,d)indicates the correlation score between morpheme ¢; and sentence d. In this study,
BM?2S5 algorithm in elasticsearch™ is applied, and its correlation calculation method is as follows:

fi- (k1 +1)
fi+ K
dl
avgdl

R(gi,d) =

K=k -(1-b+b- )

k1 and b are set to 1.2 and 0.75 by default, f; represents the frequency of morpheme ¢; in Sentence d,
avgdlrepresents the average length of all sentences.
To sum up, the correlation score formula of BM25 algorithm in the study can be integrated as follows:

fi- (k1 +1)

Score (Q,d) = iIDF (gi) -

“https://www.elastic.co/cn/elasticsearch
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On this basis, the framework set corresponding to selected sentences is selected as a candidate frame
for LLM to choose and judge. The overall RAG system construction process is as follows:

=T —/I\IJ.IHE — R [ Content I?erceptlon Segmentation ]

‘ ~ HanlP :
[Filter out all sentences with the target words “M" “EI\ Nl

PN 5B (B STo5, HERHRITISE, RE—EFITFX

HISCIRIS00KIERY, MASp 7 b Ted, . _[Bwzs])
SJEPRBEERN: W TWRA B ERA 769 ~—Select Top krelevent chunks
BSOS, ERBIER ISR

105 RAAIFRIEE

/
.

(Candidate Framework |

UM e

SHEFSBITEN (W HwRA ‘EE@)\ 14\
RANBEET, ERRNER TN — MY

Figure 3: Hierarchical indexing RAG system based on target words

After the above operation, we noticed that about 13% of the data candidate frame information in the
test set was empty, and the test found that the probability of the frame identified by LLM belonging to
the given semantic frame was less than 4%. We made a special treatment for the target words of this part
of Zero-Shot. By giving all the frame options to LLM for judgment, the probability of identifying the
frame belonging to the given semantic frame increased to 94.6%.

For Al and FI tasks, we note that LLM is often not good at regular mapping, but is sensitive to
semantics. It can effectively improve the performance of the model by handing over the mechanical
work to pre-processing and post-processing. Therefore, based on the same construction of RAG system
and high-quality Few-Shot samples, we change the input from the model to text, and then conduct post-
processing to convert it back to the list, in order to reduce the computational load on the model, rather
than waste its attention on the mapping relationship. We also incorporated the Agent features of LLM
and limited the specific output format of LLM in prompts. The specific conversion process and prompt
example are shown below:

You are a framewor! semantics expert|, | will provide you with some examples to identify all argument scopes that
belong to the target word. Output all argument scopes|in the form of a Pithon character list|, do not answer any other
content. The target words in all sentences are: 'M' &', Output Format

[Examples):

[(DEFSPIERE: "N BWHA B BWA | FRXNEHEE, ERRIIER ST — 8.
target words 'M' ‘2", argument scope: [BRBRIA', "BERIA', {RAGXA %{ﬁ]]

[MFrEBETH, RHEMNTRE, ME—E~ .
target words 'M' 2", argument scope: [#iE, T1751] ‘ Fe
[MINEZIHIEORI300KEER, (hEEEE 7= NGT,
target words '\ 'El', argument scope: [XUE, HZE', 'Huk[', 'B00KEEES', "EEEEH 7 2N\ ]

t Selected by RAG System

Here is the sentence where you need to determine the argument scope of the target words 'M' ‘2l

fth5eh T M—MLAHE S — S B TR [

Figure 4: Sample semantic enhancement conversion process example

Proceedings of the 23rd China National Conference on Computational Linguistics, pages 1-9, Taiyuan, China, July 25 - 28, 2024.
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4 Experiment

4.1 Experimental Setup

The following table shows the official data distribution of this evaluation (Yang et al., 2024). The exper-
imental research in this paper is all based on the ChatGPT (gpt-3.5-turbo) model of Openai'.

Training set  Validation set Test(B) set Total
Sentences 10700(700) 2300(300) 4600(600)  17600(1600)
Frames 671(32) 354(24) 504(33) 695(86)
Frame Elements 947 649 796 987
Lexical Units 2359 670 572 3132

Table 2: CFN2.1 Dataset distribution

4.2 Evaluation Matrix
1. Frame Identification (FI)

The only evaluation criterion for FI task is the accuracy:

correct

Floce = total

Where correct indicates the correct quantity predicted by the model, total is the total number of
frames to be identified.

2. Argument Identification (Al)

Al task adopts precision (P), recall (R) and F1-Score (F'1) were used as evaluation indexes.

_ InterSec(gold, pred)

Al

F Len(pred)

InterSec(gold, pred)
Al =
Len(gold)
2 x Al p X Al R
Alpy =
£ Al p+ Al R

Of which, gold and pred represent the real results and the predicted results respectively,
Intersec(x) means to calculate the number of tokens shared by both, Len(x) indicates to calculate
the number of tokens.

3. Role Identification (RI)

RI task also use P, R and F'1 as evaluation indexes.

R — Count(gold N pred)
P Count(pred)
Rl — Count(gold N pred)
R Count(gold)

2 X RIP X RIR
RIp; =
" TRIp + Rl

Where gold and pred represent the real and predicted results respectively, C'ount () indicates that
the number of set elements is calculated.

Thttps://platform.openai.com/docs/models/gpt-3-5-turbo
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The final total evaluation score is the score obtained by weighting the three downstream tasks in the
proportion of (0.3,0.3,0.4), i.e

Score = 0.3 X Flee +0.3 x Al +0.4 X Rl

4.3 Evaluation Results and Analysis

The following table lists the scores of each evaluation index of the top three teams of the open track in
this evaluation task:

Team ID Score Alr RIp Alp Rlp Fl,. Alp RIp
Tangled 48.77 53.84 38.66 44.81 4397 58.62 4891 41.14
Our Team 40.12 67.85 19.52 52.18 14.53 5254 58.99 16.66
UIR-MASTER 21.48 3887 194 66.64 283 3890 49.10 2.30

Table 3: CFN data distribution

It can be seen that our team’s model has shown excellent results in Al task, and the effect in FI task
is similar to that of the first team. Model’s performance in RI tasks is poor, and the model needs to be
further improved and optimized.

5 Other and Future Work

In terms of model optimization, we analyze and discuss the performance of LLM in Chinese Frame Se-
mantic Parsing tasks. Combined with the relevant research of (Chen et al., 2024), we believe that we
can try to use BAAI General Embedding (BGE) (Chen et al., 2024) for semantic embedding in subse-
quent research, and by using the complementary nature of different ranking algorithms, the Reciprocal
Rank Fusion (RRF) (Cormack et al., 2009), which has excellent results in previous studies, can get better
search results by mixing their ranking results, so as to obtain better data, and then improve the analytical
ability of the model.

In addition, we used the Qwen1.5-7B model* in the local validation phase to evaluate the first 1000
data sets in the test (B) set. Using the above-mentioned statement processing method, we have achieved
an accuracy rate of 11.2%, and it is estimated that the accuracy rate of more than 45% can be obtained
on the whole test (B) set. It can be seen that after reducing the difficulty of the task, LLM with smaller
parameters can also perform well. In the future, we can try to use more open source LLM combined with
fine-tuning operations in the corresponding fields to achieve better performance.

Finally, due to the limitation of funds and competition time, we only used the gpt-3.5-turbo model
which released a year ago for experiments. We believe that the use of more advanced LLM (such as
gpt-40%) will bring considerable performance improvement in the future.

6 Conclusion

In this study, we have developed a hierarchical index Retrieval Augmented Generation (RAG) sys-
tem based on target words to improve the efficiency and accuracy of Chinese Frame Semantic Pars-
ing (CFSP). By leveraging target word information, our approach filters and indexes documents, which
significantly enhances the performance of semantic parsing tasks. The key components of our system
include data preparation, text tokenization using the HanLP tokenizer, index creation, data insertion into
Elasticsearch (ES) indices, cluster configuration, and index population.

Our hierarchical indexing method ensures efficient and scalable retrieval, which is critical for handling
large datasets in CFSP. The utilization of the BM25 retrieval algorithm further optimizes the quality of
samples in Few-Shot scenarios, ensuring balanced and relevant data for the model. By refining the input
and post-processing stages, we reduce the computational load on the model, allowing it to focus on
semantic understanding rather than mapping relationships.

*https://huggingface.co/Qwen/Qwen1.5-7B
Shttps://platform.openai.com/docs/models/gpt-40
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The results of our implementation demonstrate a marked improvement in the retrieval and parsing
processes, highlighting the effectiveness of our hierarchical index RAG system. This approach not only
enhances the performance of existing models but also provides a scalable solution for future CFSP tasks.
As we move forward, exploring the integration of more advanced language models and fine-tuning tech-
niques will be essential to further optimize and refine our system.

Our work underscores the importance of efficient indexing and retrieval methods in natural language
processing and sets the stage for future advancements in the field of Chinese Frame Semantic Parsing.
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Abstract

This paper addresses three subtasks of Chinese Frame Semantic Parsing based on the BERT
and RoBERTa pre-trained models: Frame Identification, Argument Identification, and Role Iden-
tification. In the Frame Identification task, we utilize the BERT PLM with Rotary Positional
Encoding for the semantic frame classification task. For the Argument Identification task, we
employ the RoBERTa PLM with TS position encoding for extraction tasks. In the Role Iden-
tification task, we use the ROBERTa PLM with ALiBi position encoding for the classification
task. Ultimately, our approach achieved a score of 71.41 in the closed track of the B leaderboard,
securing fourth place and validating the effectiveness of our method.

Keywords: Chinese Frame-Semantic Parsing Relative Position Encoding Multi-Target Words

1 Introduction

The Chinese FrameNet (C'F'N) is a Chinese lexical semantic knowledge base for computer use, based
on Fillmore’s Frame Semantics theory and referencing FrameNet from the University of California,
Berkeley, with Chinese real corpus as the basis (Hao et al., 2007). Frame semantic parsing involves a
deep understanding of the entities or meanings involved in a sentence, which is of great significance in
downstream tasks such as text summarization, relation extraction and reading comprehension.

The basic structure of frame semantic parsing is as follows: as shown in Figure 1, in the example
sentence “M ¥ $52800K = F 5 1 2] 18 #4600 K B & 1R & FH BT (“From Renginggang Vil-
lage at an altitude of 2800 meters to Zhanniangshe Outpost at an altitude of over 4600 meters”), the
phrase “M...... U ” (“from ...... to...... ) can activate a “moving path” frame, where “J&
%2800 (“at an altitude of 2800 meters”), “{= % < #1 (“Renqinggang Village™), “IG1K4600% K~
(“at an altitude of over 4600 meters™), and “/& I & 15 ff” (“Zhanniangshe Outpost”) are the four argu-
ments of the example sentence. The attributes of the arguments are respectively “feature, starting point,
feature, end point”.

Chinese Frame Semantic Parsing is a semantic parsing task based on Chinese Frame Semantic re-
sources. This task consists of the following three subtasks: frame identification, argument identification,
and role identification. The frame identification task involves identifying the corresponding frame cat-
egory from candidate frame categories based on the target word given in the sentence. The argument
identification task determines the boundaries of the arguments in the frame based on the target word in
the sentence. The role identification task determines the names of the frame elements corresponding to
each argument based on the results of argument identification. Therefore, this paper categorizes the frame
identification task and role identification task as classification problems, and the argument identification
task as an extraction task.

©2024 China National Conference on Computational Linguistics
Published under Creative Commons Attribution 4.0 International License
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Target Words
Arguments

Mo ER2800k B CFRA F] Bik46002K 8 EIREIHET
| | | |

Feature Starting Point Feature End Point

Moving Path
:Entity Categories :Entity Attributes

Figure 1: Training Data Examples

2 Related Work

In the task of Chinese Frame Semantic Parsing, traditional machine learning algorithms were initially
used, such as maximum entropy (ZEFHE et al., 2011), conditional random fields (2535 4L, 2010), “OBI
data type” annotation, and greedy algorithms (5 {% et al., 2014). However, with the continuous develop-
ment of deep learning algorithms, Zhao et al. (FXZL3HE et al., 2016) used DNN for frame identification,
Suhaifeng et al. (Su et al., 2021) utilized frame relationships and definitions for frame identification,
Zhou et al. (Zhou et al., 2021) identified frame elements and frames together in end-to-end tasks, and
utilized the relationship between target words and frame elements to assist in frame identification during
decoding. Wang et al. (ERZHZ et al., 2022) proposed a Chinese Frame Semantic Role Labeling method
based on self-attention mechanism to obtain long-distance information from sentences.

The Chinese FrameNet (CFN) contains extensive resources and applications that are significant for
natural language understanding tasks such as frame disambiguation and semantic role labeling. CFN
mainly focus on common knowledge within contexts(Li et al., 2024), utilizing a combination of top-
down, bottom-up, and expert manual curation methods for its creation. (Liu et al., 2023) used different
end-to-end frameworks for parsing and employing data augmentation and voting methods to further
improve prediction accuracy. (Li et al., 2023) propose an entity classification model based on Rotary
Position Embedding (RoPE).(Huang et al., 2023) used a multi-task pipeline strategy and pre-trained
language models to address the problem of Chinese Frame Semantic Parsing.

3 Methodology

3.1 Extraction Method for Span Type Data

In the task of Argument Identification, we need to “extract” entities from sentences. In addition to the
token prediction extraction method for “OBI” data, our paper adopts an extraction method for a type of
data called “span” data, where predictions are made for the start and end of the arguments. We treat each
given sentence “s” as a “span” type data and label it with a “head-tail matrix”. The head-tail matrix is
an upper triangular matrix, and can be used as follows: the row number (vertical coordinate) represents
the starting index of the predicted argument, while the column number (horizontal coordinate) represents
the ending index of the predicted argument. “1” is marked at the start and end indices of the predicted
argument, while “0” is marked in all other positions of the matrix.

As shown in Figure 2, the predicted arguments for the given sentence include “J&$%2800°K”, “{=F
RIFS, IR 46002% K and “E IR & 05 I, Taking “V3%2800°K” as an example, the elements at the
starting index (the row corresponding to “J&”) and the ending index (the column corresponding to “>K”)
in the head-tail matrix should be marked as “1”, and the pair of (starting index, ending index) should be
treated as an extracted argument span.
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Figure 2: An example of using H-T matrix of “span” data

3.2 Method of Frame Identification Based on Multiple Target Words

The main task of Frame Identification is to map the semantic structure of a sentence onto a predefined
semantic frame. Each frame represents a specific event, action, or situation and defines the roles asso-
ciated with it, known as frame elements. For example, a “purchase” frame may include roles such as
buyer, seller, product, and price.

The target word refers to the word or phrase in the sentence that triggers or activates a specific semantic
frame. For instance, in the sentence “/NHRZ | —3E 2R (“Xiao Ming ate an apple”), the target word
“Iz” (“ate”) activates the semantic frame of “eating”. In more complex cases, there may be multiple
target words in a given sentence. For example, in the sentence “M\ - L FFf, /NA—HAE2S], B
FI| 5515 77 /K B (“Starting from the morning, Xiao Ming has been studying until taking a break in the
evening”), the target phrase “M...... ..., ” (“from. .. ... to...... ”’) activates the semantic frame
of “time span”. Unlike the activation of semantic frames with single target words, multiple target words
often accompany complex grammatical structures, requiring techniques such as dependency parsing to
accurately understand the relationships between sentence structures and components. In our paper, we
attempt to use the mean or maximum attention scores of individual target words in the sentence as the
predicted scores for the case of multiple target words.

3.3 Rotary Position Embedding(RoPE)

Traditional Transformers adopt either learned or sinusoidal absolute position encoding, lacking rela-
tive positional relationship information. However, Rotary Positional Encoding (RoPE) (Su et al., 2024) is
an improvement upon the additive positional encoding usually applied in Transformers (X + P), which
provides relative positional information between tokens. RoPE further assists the attention model in
memorizing directional (preceding or following) information between tokens by employing multiplica-
tive positional encoding (X ® P).

3.4 ALiBi Relative Position Encoding

Since the self-attention mechanism in T'rans former is independent of the text order, it is usually
necessary to provide explicit positional signals to the Trans former. The original Trans former uses
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sinusoidal or learned positional embeddings. Although absolute positional encoding is simple to imple-
ment and suitable for fixed-length sequences, it performs poorly when handling sequences of different
lengths and capturing relative positional relationships. In contrast, relative positional encoding excels in
capturing the relative relationships between elements and achieving translational invariance, making it
more suitable for variable-length sequences. Recently the use of relative positional embeddings has be-
come more common. Relative positional embeddings do not use fixed embeddings for each position but
generate different learned embeddings based on the offsets between the key and query being compared
in the self-attention mechanism.

ALiBi (Attention with Linear Biases) positional encoding adds a linearly decreasing penalty propor-
tional to the distance to the dot product of key and query in the Attention model.

g1 k1 0

q2- k1 gz k2 -1 0

as-ki 45 k> G5k 4+ -2 1 o m
Ga-k1 a-k2 qa-k3 Qs Ka N 2 -1 0

qs-k1 gs-k2 gs-k3 gs - ks gs - ks -4 -3 -2 -1 0

Figure 3: ALiBi

As shown in Figure 3, the left diagram is similar to the traditional T'rans former, where the initial
attention score is obtained through the dot product of key and query. The right diagram shows a relative
distance matrix, where the elements of the matrix are the differences between the indices ¢ and j of g;
and k;. The third term m is a fixed slope parameter, which depends on the number of heads in the
Attention (Press et al., 2021).

3.5 TS5 Relative Position Encoding

The T'5 relative position encoding is similar to the ALi B position encoding, where a penalty term is
added to the inner product of the k and ¢ in the corresponding self-attention score matrix. The difference
is that this penalty term is not the same linearly decreasing penalty as in ALiBi. For example, let x;
and x; represent the tokens at position 7 and j respectively. According to the original T'rans former

(h)

principle formula (1), the inner product ei? of the k and q in sel f — attention is computed, and then a

penalty term r;; is added according to formula (2) to obtain é(h), followed by a softmax operation on

ij
él(?), as shown in formula (3). The relative position encoding r;; is a scalar value. The T'5 (Roberts et

al., 2019) uses a partitioning method to map various relative position information into a total of 32 types.
For example, the relative position information between nearby tokens is more important and thus needs
to be more precise. Conversely, distant relative positions do not need to be as precise, so T'5 divides
these distant positions into different regions, using the same value within the same region, as shown in
the mapping relationship in T'able 1.

) (o )T
n szQ (m]WK)

Cij- = Vd,/H ’ W
él(?) = 62(-?) + 7ijs (2)
ozg?) = softjmax {ég?)} . 3)
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rGi—j) ] 0] 1 345|677 8|88 [8[9[9[9]9
i—j |16 17 | 181920 |21 |22 |23 |24 25|26 27 |28 29 30 ---
r(i—j) | 10| 10| 10| 10| 10 | 10 | 10 | 11 | 11 [ 11 | 11 | 11 | 11 | 11 | 11

[\

Table 1: TS5 Relative Position Mapping

3.6 Warm-up Strategy

The warm-up learning strategy involves starting with a small learning rate at the beginning of training
and then gradually increasing it to the preset learning rate. The purpose of this is to update the model
parameters more stably in the early stages of training, preventing model instability or divergence caused
by an excessively high initial learning rate. The linear warm-up strategy refers to starting the learning
rate from a small value and linearly increasing it to the preset learning rate. The expression for updating
the learning rate is as follows:

(Irmax Th“o) X t‘ @

In this context, Ir; is the learning rate at the ¢-th iteration, lrg is the initial learning rate (usually set to
a very small value), and Irp,, is the preset maximum learning rate (usually the final target learning rate).
t is the current iteration number, and 7' is the total number of warm-up steps. According to the above
formula, it is clear that within the first T" steps of training, the learning rate increases linearly from the
initial value Irg to the maximum value Iry,.x. After exceeding 7' steps, the learning rate further decreases
until convergence.

Iry = 1Irg +

0.0010

0.0008 -

0.0006

0.0004

Learning Rate

0.0002 1

0.0000

T T T T
0.0 0.2 0.4 0.6 0.8 1.0
x (Proportion of total steps)

Figure 4: Warm-up Linear Strategy

Figure 4 shows the change in the learning rate during the training process using linear warm-up. In the
example shown in the figure, lr,,x = 0.001, Irg = 0, and 7" accounts for 0.1 of the total training steps.

4 Model Description
4.1 Task 1: Frame Identification

According to the given sentence s =< w1, -+ ,wj, -+ ,Wj,* -+ ,wy, > of length n and the context
of the target word ¢, we aim to find the most likely frame f; to be activated from the frame set F' =
{f1, f2,- -+, fr}, which can be formulated as:

fi = argmax P (f; | s,t). 5)
1<5<T
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The probability P (f; | s,t) is estimated as follows: In the given sentence s, the target word ¢ has
the first and last characters wy; and wy;, respectively. We obtain word vectors wzf = E (wy, s, f) and
W{ = E (wy, s, f) using word embedding methods, and then compute the relative information between
the two word vectors I (w{ , w!

j ) . For each frame f in the frame set F:

N eXp(I(sz’W§>>
P(f]st)~ Zexp(1<wif’wf)>‘

feFr

(6)

The architecture of the frame identification task model is illustrated in Figure 5.

Figure 5: Frame Identification Model

In the model framework shown in Figure 5, for each frame f; in the frame set /', given the boundaries
of the target word w;, w;, a corresponding score can be computed as:

Sy =S¢ (wf, wﬁ) . @)

The activated semantic frame should then be:

f = argmax (softmazx (S (w;, wj))) , (8)
1<t<T
where:
S (Wiv Wj) N [Sl<wi17 w]l')v SQ(wi27 wjz)v T 7ST(wiTv ij)] )

The loss function during model training is defined as:

CrossEntropyLoss = CrossEntropyLoss(S (wi, wj) , real_frame_label). (10)
4.2 Task 2: Argument Identification

The main purpose of the argument identification task is to determine the positions of each argument
(i.e., frame element) involved by each target word in the sentence. That is, given a sentence s =<
w1, Wa, ..., W, > and a target word ¢, the task is to find the set of arguments T matched with the target
word in the set of all consecutive ordered word elements 7" = {¢1, t2, ..., t y } within the sentence.

As the training samples provided contain the starting and ending indices of the arguments under the
corresponding framework, this problem can be converted into a multi-classification task. Following the
approach of Global Pointer (738#K, 2021), this paper adopts the extraction method of predicting the
heads and tails of span-type data. For a sentence s of length n, there are a total of n(n + 1)/2 candidate
arguments. If the sentence s has k argument indices, then this extraction task is transformed into a
multi-label classification problem of selecting k out of n(n + 1)/2.

For a sentence s of length n, after encoding, it yields a vector sequence [vy, va, ..., v,]. Based on the
Trans former transformation, vector sequences [q1, g2, ..., ¢ and [k1, ka, ..., ky,| are obtained. Then
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RoPE (rotary positional encoding) is introduced, where a transformation matrix R; satisfies R R; =
R;_;. According to formula (11), rotation is applied to ¢ and & to calculate the attention score (i, j)
between the ¢-th and j-th word elements, explicitly incorporating relative positional information into the
attention score. Meanwhile, for T'ask2, our paper introduces the 7'5 position encoding, adding a penalty
term for relative position to the attention score, and obtains [ogits according to formula (12). Based on
the discriminant formula (13), the indices (¢, j) where logits(i,j) = 1 are obtained, which represent
the predicted argument scopes. Finally, our paper employs the loss function used in Global Pointer as
shown in formula (14).

s(i, ) = (Rigi)" (Rjkj) = of R} Rjkj = af Rj_ik;, (1D
logits(i,j) = s(i,j) — m *T(i,7), (12)
1, iflogits(i,7) > 0,
i, = [ iflosits(in) > 13
0, iflogits(i,j) <O,
Lossar =log | 1+ Z e logits(bi) | 4 jog | 1+ Z e logits(i1) | | (14)
(i,j)epP (1,5)€Q
/J output layers : : m(;z‘(
L | e i . )
P | | I ; togis !
DT e | Linews —— ! | Loss  ocoooe- .
. ‘ I 4 I R, 2 f N = i P O
+ | | I ; ‘ -
% ‘ — ‘ N A L e e
----- — A —

Figure 6: Argument Extraction Model

4.3 Task 3: Role Identification

For the task of the role identification, our paper fully leverages the prediction results from the frame
classification module and the argument identification module. Based on the identified argument spans,
it further predicts the role classification of each identified argument for a given target word. This task
involves finding the corresponding argument ¢; from the argument role set C' = {cy, ¢, - - , c¢p}, which
is essentially similar to T'ask1 as a classification task.

In our paper, we “wrap” the target word with SpecialT oken such as < t > and < /t >. For different
sentences, the number of targets and the relative position between targets and arguments are various, SO
we have to deal with following scenarios.

The scenarios for when there is one target word are divided into two cases as shown in Figure 7: the
target word is either before or after the target argument.

For the case where there are two target words, it is divided into three scenarios as shown in Figure
8: both target words are before the target argument, both target words are after the target argument, and
the target argument is between the two target words. At this point, we have implemented the process
of incorporating the frame classification module’s prediction results as frame features and the argument
identification module’s prediction results as argument features into the input text. These features are then
successfully restored in the final prediction results to obtain the predicted outcome.

The overall model architecture for T'ask3 is shown in Figure 9. Similar to previous tasks, it involves a
pre-trained model and a linear layer to produce results through argument frame activation and the RoPE
process. However, before applying attention score regularization, the ALiBi method is used to enhance
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Figure 8: two target words

relative position information. The loss function for T'ask3 has the same form as the loss function in
Task1, as shown in Equation (10).

| Result

logits

| : 1 D sommax |

L } mmwves | Rore | 2 / — = ' | Prodicton
: | ' 1 \ :
| | i L J

inner_dim *2 ! H L

| Roberta !

wHS> A

Figure 9: Role Identification Model

S Experiments

5.1 Selection of Bert Hidden Layers

The BERT model consists of multiple layers of Transformer encoders, where the hidden layers can be
divided into different levels, with preceding layers (F',indicating the initial hidden layers) and succeeding
layers (L,indicating the final hidden layers) carrying different types of information. Lower-level hidden
layers (F') typically capture more local and fundamental lexical-level language features, such as word
context and relationships between words, and can be regarded as feature extractors to some extent. As
the depth increases, hidden layers (L) gradually capture more abstract and semantically rich information,
capable of extracting sentence-level language features.

In the experimental section, we compared the effects of different compositions of BERT output layers
(averaging the last four layers L1 + L2 4+ L3 4 L4, averaging the first two layers and the last two layers
L1+ L2+ F1+4 F2, and using only the last layer L1) on the model’s performance on the validation set.
The results are shown in Table 2.
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hidden layers taskl acc | task2 f1 | task3 f1
L1 0.732 0.791 0.688
L1+L2+L3+L4 | 0.738 0.778 0.749
L1+L2+F1+F2 0.721 0.783 0.692

Table 2: Performance for Different Hidden Layer Configurations

It can be observed that, for classification tasks: taskl and task3, averaging the last four hidden layers
as the output layer for BERT yields the best performance. However, for the extraction task: task2,
directly selecting the last hidden layer as the output layer for BERT achieves the best performance.

5.2 Selection of Linear Warm-up Parameters

By using learning rate warm-up, the initial learning rate during training is kept small, allowing the
model to gradually adapt to the training process. The learning rate is then gradually increased to reach a
predefined higher value, thereby improving training efficiency and model performance. Through experi-
mentation, we identified the optimal proportion of the linear warm-up phase (in the total training phase)
that performs best on the validation set. The results are shown in Table 3.

T proportion | taskl acc | task2 f1 | task3 f1
0.02 0.666 0.742 0.701
0.05 0.678 0.788 0.721

0.1 0.738 0.791 0.749
0.12 0.733 0.776 0.747
0.15 0.735 0.751 0.732

0.2 0.729 0.744 0.725

Table 3: Performance for Different Warm-up Percentage

According to the table above, setting the linear warm-up phase in the as first 10% of the total training
phase yields the best performance for the model.

5.3 Selection of FGM Adversarial Training Hyper-parameters

The basic idea of FGM is to generate adversarial perturbations by computing gradients of the loss
function with respect to the input data based on the original data, and then adding the perturbation to the
original data. Typically, the magnitude of the perturbation is controlled by a hyperparameter called e. We
found the best € on the validation set through implementation, and the experimental results are shown in
Table 4.

€ taskl acc | task2 f1 | task3 fl
0.5 0.711 0.758 0.723
0.75 0.733 0.767 0.733

1 0.738 0.791 0.749
1.5 0.698 0.777 0.742

2 0.694 0.759 0.745

Table 4: Performance for Different e

After experimentation, it was found that setting the perturbation magnitude to 1 resulted in the best
performance for all three tasks.

5.4 Model Architecture Comparison

For the selection of which type of position encoding to use for each task, this paper conducted ablation
experiments, including experiments with the basemodel, basemodel + ALiBi, basemodel + ALiBi +
Voting, basemodel + T'5, and basemodel + T5 + V oting.
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First, we compared two base models. We found that BERT performed better on taskl. In contrast,
RoBERTa showed superior performance on task2 and task3. Additionally, incorporating positional
encodings into the RoOBERTa model further improved the results.

For taskl, whether switching to the ROBERTa model or adding various positional encodings, the
performance was not as good as the base model. However, for task2 and task3, simply switching to
the RoBERTa model almost always yielded better results than adding various positional encodings to
the base model. Therefore, most of our experiments were based on the ROBERTa model for various
treatments.By combining RoBERTa with ALiBi, TS5, ALiBi+Voting, and T5+Voting, where the first two
methods add information from different relative position methods and the last two methods combine the
punishment of relative position information with different weights through an ensemble approach, it was
found that there was no significant improvement in performance, and even a slight decrease. By further
comparing these effects in the T5 model experiments, we had the following conclusions displayed in
table 5. It was found that in task2, RoBERTa + T'5 performed the best, with an F1 score reaching a
maximum of 0.791. In task3, RoBERTa + ALiBi performed the best, reaching 0.749.

Model Architecture task1 acc | task2 f1 | task3 f1
BERT 0.738 0.781 0.735
RoBERTa 0.711 0.786 0.738
RoBERTa+ALiBi 0.722 0.785 0.749
RoBERTa+ALiBi+Voting 0.715 0.784 0.739
RoBERTa+T5 0.732 0.791 0.743
RoBERTa+T5+Voting 0.728 0.787 0.740

Table 5: Performance for Different Model

5.5 Final Model

We determined the best model architectures as well as their hyper-parameters for each sub-task through
grid search,the result is shown in the Table 6.

Sub-task Model Architecture | Hidden Layers | T proportion | € | performance
Frame Identification BERT L1+L2+L3+L4 0.1 1 0.738
Argument Identification | RoBERTa + ALiBi L1 0.1 1 0.791
Role Identification RoBERTa + T5 L1+L2+L3+L4 0.1 1 0.749

Table 6: Final Model

6 Conclusion

Our article first acknowledges a drawback of traditional Transformer models regarding position en-
coding, namely the lack of relative positional information.” It proposes addressing this issue by incor-
porating directional information between tokens into entity classification models through the use of ”71'5”
and ”ALiB1” position encodings. Additionally, it considers scenarios involving multiple target words
and enhances the performance of the model in the context of framework identification tasks through ag-
gregation. Through experimentation, comparisons were made regarding various hyperparameters such
as the composition of BERT’s hidden layers, linear warm-up parameters, adversarial training parameters,
and various model architectures. The best combination on the validation set was identified, resulting in
achieving the fourth position on the closed-track B leaderboard. Our article also has some shortcomings.
For instance, in the framework identification task, we were unable to find downstream model architec-
tures that could effectively leverage RoOBERTa. As a result, we had to settle for using BERT only, which
led to a performance gap compared to the first-place result. Improving the framework identification
model to obtain more accurate and comprehensive framework semantic parsing results is a direction
worthy of further research.
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Abstract

We participate in the open track of the Chinese frame semantic parsing (CFSP) task, i.e., CCL24-
Eval Task 1, and our submission ranks first. FSP is an important task in Natural Language Pro-
cessing, aiming to extract the frame semantic structures from sentences, which can be divided
into three subtasks, e.g., Frame Identification (FI), Argument Identification (AI), and Role Iden-
tification (RI). In this paper, we use the LLM Gemini 1.0 to evaluate the three subtasks of CFSP,
and present the techniques and strategies we employed to enhance subtasks performance. For FI,
we leverage mapping and similarity strategies to minimize the candidate frames for each target
word, which can reduce the complexity of the LLM in identifying the appropriate frame. For Al
and RI subtasks, we utilize the results from small models as auxiliary information and apply data
augmentation, self-training, and model ensemble techniques on these small models to further
enhance the performance of subtasks.

1 Introduction

Chinese Frame Semantic Parsing (CFSP) is a fine-grained semantic parsing method based on Chinese
FrameNet (CFN) (You and Liu, 2005; Li et al., 2023a), which is first proposed during CCL2003-Eval
(Li et al., 2023a). It aims to extract frame-semantic information from a sentence (Wang et al., 2020).
Previous works have shown that CFSP can help various downstream tasks, including text summarization
(Guan et al., 2021a; Guan et al., 2021b), reading comprehension (Guo et al., 2020a; Guo et al., 2020b),
relation extraction (Zhao et al., 2020), etc.

CFN, proposed by Shanxi University, is constructed based on the theory of Frame Semantics, with
English FrameNet (Fillmore et al., 2003) as a reference and Chinese realistic corpora as the data foun-
dation (Li et al., 2024). It is a structured representation of knowledge that establishes relationships
between vocabulary and concepts through frames. In the CCL2023-Eval CFSP task, part of the CFN
data is released for the first time. Compared to the previous evaluation, this evaluation adds information
on constructional target words. Constructional target words refer to the words within a construction that
are considered central or core. These words play a crucial role in activating the meaning of the entire
construction. A construction is a fixed expression unit in a language that has specific form and mean-
ing (Boas, 2021; Willich, 2022). It can be a single word, a phrase, or even a sentence. For example,
in the phrase “Z 3K 1~ E(love to buy or not)”, the construction is “Z+V+/+V (love + V + not +V)”,
where “V” represents a verb. Table 1 provides an example of the frame “#& %% (Change position on a
scale). The concept expressed by this frame is the relative positional change of a certain attribute of an
entity, and its lexemes (also called target word) are “#g /=i (increase)”, “M...2/... (from...to)” and so on.
The word “¥& = is a general target word, while “J...El|” is a constructional target word. The frame
elements are used to capture the semantic information related to the frame in a sentence. Different frame
clements are assigned different meanings, for example, “#/J{H(Initial value)” means the starting point of
the entity’s attribute value change.

©2024 China National Conference on Computational Linguistics
Published under Creative Commons Attribution 4.0 International License
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Frame Name 4% (Change position on a scale)

UHERFOR LSRN L (AT EN) M EL AR, R ENEEEAE

(The framework represents the relative change of an entity along a certain dimension (i.e., attribute),
with its attribute value transitioning from an initial value to a final value.)

Frame Definition

fe_name fe_def

EREEE L BEE—E2EMNEY)(Something with a certain
quantity value on an attribute)

SR RS 02 L AU JE 14 (The entity’s attributes with
changing quantities)

N , S 3 ) ainy 3 5 . . IS
Wi (Initial value) *ﬁ—‘ﬁ’]@ PE{EAF (L AL S.(The starting point of the entity’s
attribute value change)

Frame Elements et = S IaN=1 :
%E(Fin al value) SCiR R fE ﬁ?] Eﬁifﬁ(The final quantity value reached
by the entity)

SEiR2E ] B E AR 1L 2 BT IR (The state of the entity

before undergoing changes in attribute values)

SEREE T B E R AL 2 5 BB 2R A5 (The state reached
by the entity after undergoing changes in attribute values)
SEARERAE R T A B AR (The extent of the entity’s variation
along a certain dimension)

SEAR (Entity)

J& M (Attribute)

WIAIR A (Initial state)

YR (Final state)

AR IiE (Difference)

fE[X [8](Value range) BB R Z BhTEE (The range of variation in attribute values)

Table 1: An example about “& 2% (Change position on a scale) frame in Chinese FrameNet.

H bri]

EHE , (KE B K& M (65 7] 3 (205 K], 2 Mk &%

A

Figure 1: An example of CFSP.

This evaluation divides CFSP task into three subtasks: Frame Identification, Argument Identification
and Role Identification. Frame Identification (FI) aims to find the corresponding frame for the target
word in all frames according to its meaning in the sentence. Frame elements, also referred to as argu-
ments, can be a single word or a span in the sentence. The goal of Argument Identification (Al) is to
locate all arguments within the sentence and determine their boundaries. The purpose of Role Identifica-
tion (RI) is to assign appropriate semantic role labels to the identified arguments. Taking Figure 1 as an
example, the constructional target word in the sentence “IT L5, (REBICEEMN657E(2957, &
B (Over the past five years, the number of registered cars has increased from 0.65 million to 2.95
million, showing a growth trend)” is “M\...2]”, which corresponds to the frame “& % (Change position
on a scale)” in table 1. In this sentence, there are multiple arguments related to this frame, i.e., “UT f1
) JREBILEE”, ©65/77, <2955, “If[A], “SLAk>, “HI{H”, and “#4{H” are their corresponding
semantic role labels, respectively.

In this CFSP evaluation task, there are two tracks: open and closed. The open track allows the use
of LLM such as ChatGPT for inference. In the open track, we leverage the LLM Gemini (Team et
al., 2023) released by Google to evaluate three subtasks of CFSP. For FI subtask, we provide a small
number of relevant frames for each target instead of all frames for LLM to select from. For Al and RI
subtasks, we enhance the performance of Gemini on CFSP based on the results of frame identification
and argument identification from small models, respectively. All of our datasets and codes are available
athttps://github.com/yahuil9960717/CCL2024-CFSP-LLM.git.
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2 Related works

CCL2023-Eval (Li et al., 2023a) propose CFSP task based on CFN for the first time. The existing works
of CFSP mainly use neural network-based methods (Li et al., 2023b; Huang et al., 2023; Liu et al.,
2023; Guan et al., 2023), where Li (2023b) propose a method based on rotational positional encoding
(Su et al., 2021) to calculate the attention signal between entities, which has a significant effect on FI
subtask. Huang (2023) use a variety of optimization strategies during training to improve the robustness
of the model, for example, Exponential Moving Average (EMA) and Fast Gradient Method (Miyato et
al., 2016). For FI subtask, Liu (2023) transform CFSP into a word-based graph parsing task, identifying
the frame of the target word together with the corresponding arguments in an end-to-end framework.
For Al and RI subtasks, they transform CFSP into a tree parsing task to enhance the ability to identify
argument boundaries and roles by modeling the internal structure of arguments. Guan (2023) attempt
various pre-trained models for different sub-tasks and explore multiple approaches to solving each task
from the perspectives of feature engineering, model structure, and other tricks.

In the era of LLM, the performances of LLM on most NLP tasks are still well below the supervised
baselines (Sun et al., 2023). Li (2023a) test the ability of the LLM on different subtasks of CFSP
using ChatGPT (gpt-3.5-turbo-16k) (Brown et al., 2020). They construct different prompts for the three
subtasks on part of the test set and guide the model to generate more reliable results by designing the
chain-of-thought. Finally, they find that the performance of ChatGPT on the three sub-tasks of CFSP is
not ideal.

For this, we propose different strategies to enhance LLM performance in CESP task. Given the re-
striction on the token number in an LLM prompt, for FI subtask, we provide relevant frames in the LLM
prompt instead of all frames as candidate frames for each target word. The Al subtask is based on the
FI subtask, and RI is a further refinement of the argument. Considering that FI, Al and RI are three
interrelated subtasks and the performance of the small model is better than LLM in these subtasks, we
utilize the results of small models to parse Al and RI subtasks.

3 Methods

Prompting is a recently-mainstream for LLM and LLM-friendly evaluation method (Zhou et al., 2023).
The performance of a task is highly related to the information contained in the prompt. For this, we
design appropriate prompts for the three subtasks.

For FI subtask, we need to provide candidate frames for each target word in the prompt. To mitigate
the issue of excessively long prompts, we obtain a small number of candidate frames for each word
based on the mapping relationships between target words and frames in the given training and dev data.
After providing the target word and its triggered frame in the prompt, we can parse the Al task using
LLM. Similarly, after providing the target word and its corresponding arguments in the sentence in the
prompt, we can parse the RI task. Due to the relatively low performance of the LLM in the Al and
FI subtasks, we use small models to obtain FI and Al results, which are then used to assist AI and RI
subtasks, respectively. To enhance the performance of the small models, we employ data augmentation
techniques (including copying and generating data) for the FI task and self-training methods for the Al
task. In both tasks, we adopt model fusion techniques (i.e., multiple model voting) to further improve
the model performance.

3.1 Frame Identification

The FI subtask is to identify the frames triggered by the given target word in the sentence from a total
of 715 provided frames. If we treat all frames as candidates in the prompt for each target word, the
performance of FI subtask will be low (Gemini 1.0 obtains an accuracy of only 15.5% on FI for testA
). We suspect that this is probably because it exceeds the maximum number of tokens limit imposed
by Gemini in a prompt. The maximum number of tokens allowed in a prompt for Gemini 1.0 is 2048.
However, just the length of the Chinese name of all the frames connected by commas is 2940, which is
too long for a single prompt.
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Stratigies of FI subtask. For this, we reduce the number of candidate frames for each target word.
Specifically, we identify all corresponding frames for each target word through the mapping between
words and frames in the dataset (there are a total of 4,093 target words with corresponding candidate
frames in the testB). For target words without an existing mapping (507 target words in the testB), we
compute the cosine similarity between the word vectors of the target words and each frame, selecting the
six most similar frames as candidates. We chose six because the average number of frames per target
word in the dataset is six. Some frame names are long and not tokenized, such as the frame “Z& {4 %
~E 5 [8] 284, (Change event time)”. In such cases, we use Jieba for tokenization. The word vectors we
use are from FastText °, but some target words or tokenized frame names might not be in FastText. In
these instances, we sum the word vectors of each character from the tokenization to obtain the final word
vector representation.

FI prompt. After obtaining the candidate frames for each target word, we designed appropriate task
formats to accommodate the generative characteristics of LLM. Figure 2 shows an example of a prompt
we provided. In the prompt, we present the LLM with a sample, and the model selects the most suitable
frame based on the sample, the input text, the target word, and the candidate frames for the target word.

YA€ )T AIEL B PRTAARTE B AR A G) 7 BiE S, WHEZREE & R R R & B iniaf A
HIREZR - E LT AT ER AT U H

ZNiIE

B\

text: “BUTIEHLA BRITTE - DM AN BT SR ERE SR A 1 il e
target:“IK A%

HEZREE S [ WA —20, ‘Ht]”

B 1

TR

LRI

text:“fRER, A ZEA N — IR — 2 35 A 2

target:“ ... 5"

MESRE G [ EHNERERN, NEYR, BX, BN, B, ik
T H A ) B PRI

Figure 2: An example prompt for the FI subtask.

3.2 Argument Identification

The Al subtask refers to identifying the arguments relevant to specific semantic frames triggered by the
target word in a sentence. Therefore, it is necessary to first obtain the right frames for target words.
However, the FI performance of Gemini is relatively poor, and errors in FI propagate to the Al subtask.
We utilize the FI results of the small model as the basis for the Al subtask.

Stratigies of Al subtask. For the small model, we adopted the models proposed by Li (2023b) (A se-
quence labeling model based on rotation position encoding) and Liu (2023) (A word-based graph parsing
model). In the training set, we observe a severe imbalance in the distribution of frames, as illustrated
in Figure 3. 76 frames had no corresponding examples, while 14 frames had over 100 corresponding
examples. To improve the performance of the small model, we utilize the LLM to generate examples
for frames without any examples. For frames with fewer than 15 examples, we augment the existing
examples by duplicating them to reach a total of 15 examples. Figure 4 illustrates the prompt we used
for sentence generation with the large model. Specifically, we train the models using the original training

Ohttps://fasttext.cc/docs/en/crawlvectors.html
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Figure 3: The distribution of the number of example sentences corresponding to each frame.

data ‘ train ‘ dev ‘ testB ‘ frames
CEN | 10,700 | 2,300 | 4,600 | 715

Table 2: Data statistic of CFN.

data along with the constructed data. Each model is trained three times, and the final results are obtained
through voting.

Al prompt. Finally, the performance of the FI task on the small model is 72%. After obtaining the
FI results, we design an appropriate prompt to use Gemini to parse the Al task. Figure 5 provides an
example of our prompt.

3.3 Role Identification

Stratigies of RI subtask. The RI subtask aims to assign semantic labels to the arguments identified in
the sentence that are related to the frame. Therefore, we first need to identify all the arguments in the
sentence. We use the small model to obtain more accurate Al results for RI subtask. Like the Al subtask,
we also use the models proposed by Li (2023b) and Liu (2023). To enhance the performance of the
small model, we employ the self-training and ensemble techniques. Specifically, we first use a trained
model to predict the data from CoNLL09 and CPB1.0. Then, we used the predicted data to train a new
model. This model is then fine-tuned on the training data. The final argument result is selected by voting,
and the performance of the Al task on the small model is 84%.

RI prompt. After obtaining the Al results, we design an appropriate prompt to use Gemini for parsing
the RI task. Figure 6 provides an example of our prompt.

4 Experiments

4.1 Data and Settings.

Table 2 shows the data statistic of CFN. For the Al subtask, we generated 1,509 of data using Gemini
1.0 and constructed 4,688 of data using the copying method. For the RI subtask, we provided a total of
124,270 of data from CTB1.0 and CoNLLO09 for self-training.

For the small model, we use the model settings of Li (2023b) and Liu (2023). For the FI subtask,
after voting by 6 models, we selected the results with votes greater than or equal to 2 as the FI results.
Similarly, we consider results with 2 or more votes as the final Al results. As for the RI subtask, we find
that results with 3 or more votes are more reliable.
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FERFTIR B AEZRFIEZRE R, RS ZHEXER20M0)F, HARiRHEZE ) B iniE S
W), Lljsonk& = .

ERERWT:

NEZR PR 5

MEZRTE SCUAARIE B R E ), BRE 57 BB K ) A AU ) 81 2 IS 57 A R Y B 47
N E

TN

TEZRAIR: FE

MEZRRE S e iAsA B it 7 m i sh - HH A EEFRIA R, BN BT3P R
R, A AR BRES HIRZ Lo

gy 2~ A

{text’: IZENZ, RS, R, 0, 0 AT, R, e, CAE R, e g R, R,
JHRE, RS, TE, TR, AR, WEE, A, W, i, T, 01 3 HY,
REPCHZA, e ], Ctarget: [RE], Ctext': [IEE, R, (BT, RS, EAY, HAR,
“target’: ["[E]J3°]}

Figure 4: An example prompt for the Al subtask.

Organizer | Score
SUDA 48.77
DVTC 40.12
UIR-ISC | 21.48

Table 3: Reproduction results of the top three teams.

The LLM settings are configured as follows for all subtasks. The primary model utilized is Gemini 1.0,
specified by the parameter model = “gemini-pro”. For the generation process, the following configuration
is applied: “temperature” is set to 0, “top_p” to 0.95, and “top_k” to 0. Other settings remained at their
default values.

4.2 Evaluation Metrics.

We use the evaluation metrics provided by the official. The FI subtask employs accuracy as the metric,
while the AI and RI subtasks adopt precision, recall, and F1 scores as measures. The formulas are as

follows:
the right number of frames

ACC= Total number of frames M
P W @
e
Fl= QPZ L 4)

where gold and pred denote the correct and predicted results, respectively. For the Al subtask, Count ()
represents the number of tokens in results, whereas it signifies the number of elements in the Argument
Role Identification task.
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5 BARA B RAER Sy, TR TTARE A T X A B R A E .

BiHg=l. BRI ITTENZE IR, BEWINTFRHETE:

— PRI, — 2R THRE, e TR S, IR ZEILIE T2, wWIThR
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HFFELIPython AL i, AZAINEAAZ -

AR KREXESUERRBEXININEA, %X 2 HEEKES R B FRIA E30%5E
FIIAERI80% -

HARiA: “m..3)”

TELR AR B 27

WITIRZ :

{54 B, WA, CAE, PR, AR, EX R, RS, RERE, R,
AR, AR, T, AR, A, Y, I ED, SR A B S ERTE], B
TERS 2, R &, AE, IREC, e IR, e E X, #E, Zm N, %
W, PERESE, B, B, B, B REBW, O ITEMS, R E, R,
CHEr, TR MR, CRIE, AR, CWE, Ao, R, Sy, =/, M A, 4
Fe A, g, )

iR

PN

XA Eshe, R, e, AT, R, e, db D, ke, B, R, R,
R/, R E, CE R, TP, AR, AW, CIESY, A, S, N, 0, 0T, 1 3 B
RERCHA, . ]

HiriA: [IRE’]

ERREA TP

WITHRA :

PR, B rERE, TR, BRVHUIRE., 70, 5, B, B, A,
BPED, W, A SRR R, CBIER &, SRR, PR, IRE, R IRE, b,
AENE, X, ERE,  Zm N, R IE, RS, B, B, RS
e B RES O HTES, O MERER ), ER,CBEY, TR PR, CRE, YWE AR
JoE, CRRED, Wy, R, A, R, AU, IS, R )

i

“ICABATT, ERAR], T 1 3 By, oWFEP], P EAS, &S

Figure 5: An example prompt for the Al subtask.
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CSEfRe, B, WA, CAE, CWERAY, AR, EX R, R, R R, R,
AR, AR R, R, R, AT, R, IR, AR, AR, 0B
VERT &, GERI 2, P, IREC, R R IR, AEAE, X, ERE O ZmAN, %
B, PERESER, B0y, TR, BN, R B, HITEM, CMRE R, CJRED,
CHEY, TR bR, CARIE, TR YR, AeuE, RE, A EE, MM, 4
S, A, g, R} IR TTAL S

P EIFERI80% }

L

TN

AR risshe, WE, R, M, cRe, ofE, du e, ks, B, W, R,
R/, R E, CH R, T, AR, AT, s, A, W, TR, 0, 0T, 01 3 B
GREPCHA . ]

HbriE: [aRE]

TEZR AR BiA

WITHRE :

DY R R, TR, BRI, T, T, B AR, R,
IR, TP, A RS R, CEhER &, G RN R, S, IRE, R IREL, AT,
EME, WX, ERE Xm0, O WE, RS, B4y, FETE, TR
o, BREE, TR, TR, ERE, CBRY, TR MR CRIE YR, AR
VoD, FRE, A, 8, A, R, A, g, R )

WITH S
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IPHAT, FRE AL PAEEC L DT L 3 e oRFER], DA, &)

Figure 6: An example prompt for the RI subtask.
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FI Al RI s
ACC P R Fl P R FI
SUDA
» 58.62 44.84 53.91 48.96 44.09 38.75 41.24 48.77
(Gemini-w/ small model)
., SubA 58.62 72.39 40.76 52.15 21.49 14.05 1699 40.03
(Gemini-w/o small model)
baseline
(ChatGPT) 53.00 60.98 22.52 32.90 638 7.59 693 28.54

Table 4: Comparison of results between ours and ChatGPT on the three sub-tasks of CFSP.

4.3 Results and Analysis.

Table 3 shows the final reproducibility scores of the top three teams on the testB dataset in the open track.
It can be seen that we ranked first, with a lead of 8.77 points over the second place and 27.29 points over
the third place.

Previous studies have also evaluated CFSP on LLM in CCL2003-Eval (Li et al., 2023a). They ex-
tracted a portion of samples from the test set, constructed different prompt information, and used Chat-
GPT (gpt-3.5-turbo-16k) to complete the corresponding subtasks. For the FI subtask, they tested the
results of ChatGPT in ZeroShot and FewShot scenarios. For the Al and RI subtasks, they guided Chat-
GPT through multiple rounds of dialogue using a chain-of-thought prompting method to generate more
reliable results. As shown in Figure 4, we compared our results with theirs, where their FI results are
from the few-shot scenario. It can be seen that our score is 20% higher than theirs, proving the effective-
ness of our techniques. However, we can observe that our improvement in the FI task is relatively small,
possibly due to the incompleteness of the frame found for each target word using the mapping method.
In addition, we find that the improvement in the RI sub-task is significant, indicating that the accuracy of
argument identification is crucial for the RI task.

In addition, for Al and RI subtasks, we conducted experiments on Gemini without relying on small
models, with results as shown in the major second row. We can find that the performance of RI is lower
compared to when small models are used, which is as expected. This is because small models perform
well in FI and Al tasks, where FI can provide labels for RI to use, and RI also needs to utilize the results
from Al during evaluation. However, it is interesting that in the Al task, the F1 score is higher than when
relying on the small model. Intuitively, using small models seems preferable because predicate argument
identification occurs after determining frames. We speculate that the reason for the good performance
in the Al subtask might be that Al has a weak dependence on results of FI and FI information in the
prompt could potentially interfere with Al task generation. Additionally, we can observe that the Al
results without using small models excel primarily in accuracy, reaching 72.39%.

5 Conclusion

In this evaluation task, we construct appropriate prompts in Gemini for the three subtasks of CFSP for
parsing. For the FI task, we use the mapping between the target words and frames to obtain candidate
frames for each target word. For the Al and RI subtasks, we leverage the results from the small model to
enhance the prediction performance of the LLM. Ultimately, we achieve first place in the open track of
the CFSP.

However, our work still has some notable limitations. For instance, in the FI subtask, the limited
candidate frames we provided may constrain the choices of the LLM. On the closed track, the small
model has achieved 72.82%, 86.97%, and 60.27% respectively for the three subtasks, indicating ample
room for improvement for the large model in CFSP task. In the future, we can enhance the performance
of the three subtasks by providing more examples or utilizing information provided by the framework,
such as frame definitions and argument definitions. The output of the large model is diverse, and we can
further enhance its performance by generating multiple prediction results and using voting mechanisms.
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Abstract

Chinese Frame-semantic Parsing (CFSP) aims to extract fine-grained frame-semantic structures
from texts, which can provide fine-grained semantic information for natural language understand-
ing models to enhance their abilities of semantic representations. Based on the CCL-23 CFSP
evaluation task, we introduce construction grammar to expand the targets, as basic units activat-
ing frames in texts, from word-style to construction-style, and publish a more challenging CFSP
evaluation task in CCL-2024. The evaluation dataset consists of 22,000 annotated examples
involving nearly 695 frames. The evaluation task is divided into three subtasks: frame identifica-
tion, argument identification, and role identification, involving two tracks: close track and open
track. The evaluation task has attracted wide attention from both industry and academia, with a
total of 1988 participating teams. As for the evaluation results, the team from China University
of Petroleum won the first place in the closed track with the final score of 71.34, while the team
frome Suzhou University won the first place in the open track with the final socre of 48.77. In
this article, we reports the key information about the evaluation task, including key concepts,
evaluation dataset, top-3 results and corresponding methods. More information about this task
can be found on the website of the CCL-2024 CFSP evaluation task !.

1 Introduction

Frame Semantic Parsing (FSP) is a fine-grained semantic analysis task based on frame semantics
(Kate et al., 2005), its aim is to extract frame semantic structures from sentences, thereby achieving in-
depth understanding of events or situations within the sentence. FSP plays a pivotal role in downstream
tasks such as reading comprehension(Guo et al., 2020b; Guo et al., 2020a), text summarization(Guan et
al., 2021a; Guan et al., 2021b), and relation extraction(Zhao et al., 2020).

Chinese FrameNet (CFN)(Li et al., 2024; You and Liu, 2005) is a semantic knowledge base for the
Chinese language, constructed on the theoretical basis of Frame Semantics and developed from Chinese
corpus materials, referring to the FrameNet (FN) of the University of California, Berkeley. It comprises
a frame library, a sentence corpus, and a lexical unit library. Currently, it contains 1398 frames, involves
18360 lexical units, and more than 100 thousand annotated sentences.

Currently, in the Chinese FrameNet dataset, the lexical units activating frames are solely single
words. However, in certain sentences, individual target words are insufficient to fully illustrate complex
semantic scenarios. Take “7Z3EANL”  as an example, it indicates that the speaker doesn’t care or is
uninterested in whether the counterparty wants to purchase something. Traditional methods analyze this
phrase by taking words as units, introducing verbs like “%” and “3” as target words, activating
scenarios of liking or purchasing, yet falling short of expressing the true meaning of the phrase.

Construction grammar was first proposed by Professor Fillmore in 1988(Fillmore et al., 1988). It
advocates that language knowledge consists of fixed, meaningful units, which are referred to as construc-
tions. These units can be as simple as words or phrases, or as complex as sentences or utterances. Thus,

'Task website https:/tianchi.aliyun.com/competition/entrance/532179/introduction
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the phrase “ 723X ANSL” is an entity that expresses semantics, which triggers the Emotion_directed
frame.

To enhance the capability of chinese frame semantic parsing, and achieve a deeper understanding
of language, we have expanded our data to include constructions as “target words” for semantic frame
parsing. Consequently, we have launched the second Chinese semantic frame parsing evaluation.

2 Relevant Concepts and Task Description

2.1 Relevant Concepts

Frame semantics is an important branch of cognitive linguistics, which is first proposed and advo-
cated by Fillmore. Frame semantics introduces the cognitive structure of the concept of “frame” into
semantics, providing a cognitive-level explanation for understanding word meanings, sentence meanings,
and discourse meanings. It has unique advantages in implementing cognitive understanding of language
in computers. The Chinese FrameNet is a chinese frame semantic knowledge base built on the theoretical
foundation of frame semantics. There are several important concepts in the Chinese FrameNet.

Frame: A frame is a schematic cognitive scene activated by words in the user’s brain, which is
the background and motivation for understanding and using language. Table 1 demonstrates the basic
information about frame “Change _position_on_a scale” . This frame represents the semantic scenario
conveying the following meaning: “The relative position of an entity on a certain dimension (i.e., a
certain attribute) changes, with its attribute value transitioning from the initial value to the final value” .

Frame Element: Frame elements refers to the participants in the semantic scenario corresponding
to the frame, which is also called semantic roles in frame-semantic parsing task. For example, the
“Entity” and “Attribute” in the frame “Change_position_on_a_scale” are two frame elements of
this frame. The frame elements greatly enrich the semantic information of the frame.

Lexical Unit: The lexical unit refers to a word that can activate a certain frame in the CFN frame
library. Each lexical unit can typically activate one or more frames, but in a specific sentence, each
lexical unit can only belong to a specific frame. In the example shown in this article, in addition to the
construction “MAZIB” ,the “EAF” frame includes lexical unit such as “#4f1” and “_LF+” .

Target Word: A word or Construction in the sentence to be annotated that can activate the frame,
usually a lexical unit or construction from the CFN library. In the example sentence in Figure 1,
“MAZEIB” is the target word that activates the frame.

Frame Change_position_on_a_scale
The relative position of an entity on a certain dimension (i.e., a certain attribute) changes,

Definition with its attribute value transitioning from the initial value to the final value.
Name Definition
Entity An entity with a definite quantity on a certain attribute.
Attribute Entity’s attribute with quantitative variation.
Initial_value | The starting point of an entity’s attribute value variation..
Elements

Final value | The final quantity reached by the entity.

Initial_state | The state of the entity before experiencing attribute value changes.
Final state | The state of the entity after experiencing attribute value changes.
Difference | The magnitude of the entity’s change in a certain dimension.

Table 1: The “Change_position_on_a scale” frame and the frame element information it contains.

2.2 Task Description

The task of CFSP is divided into three sub-tasks: Frame Identification (FI), Argument Identification
(AI), and Role Identification (RI).

Frame Identification: Frame Identification is the task of selecting the most suitable semantic frame
from multiple candidate frames for a given target word that can activate a frame, based on the context.
As shown in the part of Frame Identification in the figure 1, the target word can activate frames like
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“EAZ” and “FX” . Butthe “FEZF” frame can be finally determined based on the context. The
formal definition of this task is as follows: Given a sentence S that contains the target word, denoted as
S = (w1, w2, ..., wy,), w; stands for the ith word in the sentence, where 1 < i < n. The target word to
be identified is denoted as w! = {w!, wh, - w! }, fw§- € S,m < n.The word in w’ don’t have to be
consecutive. The task is to select an appropriate frame f; from a given frame library F' = { f1, fa, ... fn}
based on the semantic context, which is expressed as:

f: = argmaxP(f;|S, w") (3.1
fieFwteS

Argument Identification: Argument identification is a subtask that identifies the starting and end-
ing positions of an argument in a sentence. That is, given a sentence and a target word, it automatically
identifies the boundaries of the semantic roles governed by the target word under the condition that the
target word is known. In the Figure 1, the target word “MAZIB” governs arguments including “#7
FEMBILHREIRIRE” , “FiEm” , “65/340” ,and “29577%%” , while “HTREIRIRE” is an in-
correct argument. The formal definition of argument identification is as follows: for a given sentence
S = (wy,wa, ...,wy,) and its target word w; € S, the objective of this task is to find the boundary range
i$ and i¢ for an argument a, € {ay,az, ..., ax} such that a; = wjs, ... wse.

Role Identification: The task of role identification is the final step in CFSP task. This task aims to
determine the corresponding frame element for each argument in the sentence, that is, the semantic role
of each argument within its corresponding frame. For example, in the Figure 1, the semantic role of “f
VEMEICHTREIRIR A" is “SE4K” . The formal definition of this task is as follows: given a sentence
S = (wy,ws, ..., wy), the target word wy € S in the sentence, and the frame f activated by the target
word, for the argument a; = w;s, ...w;e with known boundary range, the aim of the task is to identify
the correct semantic roles (frame element) r, where a, € {a1, as,...,ax},rr € R t» Ry contains all the
frame elements in the frame f. The task definition is denoted as:

r; = argmax P(r;|S, wy, ft,ar) (3.2)
r;€Rywi €S,

57 UE BT BT R RVR 2 308 () 6577 4 (21) 2957

N——oo

Frame Identification| /Argument Identification Role Identification
[E25) [FK]) - FEMBECHEERRE HE SR B e

Figure 1: Task of Frame Semantic Parsing

3 Evaluation data

The CFN2.1 dataset, which has recently been made publicly, originates from the Chinese Infor-
mation Processing Team at Shanxi University and their Chinese FrameNet (CFN) initiative. The CFN
dataset has been continuously developed since 2004 and now comprises a large-scale dataset with over
100,000 annotated sample sentences.

Compared to CFN2.0 dataset, CFN2.1 adds two thousand annotated data samples with construction
as target words. The dataset consists of two sections, frame information and annotated sentences. The
corpus is drawn from over 1,100 press releases covering a wide variety of fields. The annotated content
includes framings activated by target words as well as the semantic roles dominated by these target
words. Each annotated sentence has gone through a double-blind annotation process, dual review, and
expert clarification to ensure the quality of the annotated data.

The scale of the CFN2.1 dataset is shown in the table2. It’s worth noting that in the counting process,
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for the same sentence, if its target words are different, it will be considered as a different sentence for
counting purposes. The number in the brackets denotes the volume of construction-oriented annotated

data.
Dataset Division Train Dev Test_A Test B ALL
Sentences 10700(700) | 2300(300) | 4400(400) | 4600(600) | 22000(2000)
Frames 671(32) 354(24) 432(32) 504(33) 695(86)
Frame Elements 947 649 711 796 987
Lexical Units 2359 670 931 572 3132

Table 2: Statistics of CFN2.1 Dataset

In the task of frame semantic parsing, different frames often contain different semantic information,
and the combination of their frame elements is also complex and diverse. These characteristics pose
higher requirements for frame semantic analysis models. In addition, in the correspondence between
frames and example sentences, a large number of frames only have a few example sentences. As shown
in the figure2, more than half of the frames only have less than 20 example sentences. In contrast, the
frame with the most example sentences has 904 sentences. Although this presents a long tail distribution
phenomenon, it conforms to the real rules when humans describe in natural language, which adds to the
complexity of the data.

[100-00] - 7.4%
[91-100] - 1%

71-80] - 1.3%
[ ] N

[61-70] - 2.2%

(51-60] - 23% ——_ \
[41-50] - 4.9% \

v

Figure 2: Sentence Range and Proportion in Frame

[31-40] - 5.8%

———— [1-10] - 48.8%

[21-30] - 8.2%

[11-20] - 16.8%

4 Evaluation Metrics

For the three subtasks in the Chinese Frame Semantic Parsing, the evaluation metrics of this evalu-
ation mainly include the accuracy of frame identification(Acc), the F1-score of argument identification,
and the F1-score of role identification. Finally, the scores of the three subtasks are weighted and summed
to obtain the final evaluation score.

Frame Identification: The accuracy of frame identification is scored by calculating the ratio of the
number of example sentences correctly identified by the model to the total number of example sentences.

The specific calculation formula is:
taskl_acc = correct/total 4.1)

where correct is the number of predictions made correctly by the model, and total is the total data volume.
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Argument Identification: The evaluation method for this task is to calculate the F1 value between
the argument range recognized by the model and the actual argument range of the data. The specific
calculation formula is:

ision — LuterSec(gold,pred)
task2_precision = Ten(pred)
task? recal] — MnterSec(gold.pred) (4.2)

Len(gold)
__ 2xtask2_precision*task2_recall
task2 fl = task2_precision+task2_recall

where gold and pred represent the actual result and the predicted result respectively. InterSec(x)
represents calculating the number of tokens shared by both, and Len(x) represents calculating the number
of tokens.

Role Identification: This task strictly judges the boundaries and roles of each argument, also using
F1 as an evaluation indicator:

.. Count(gold,pred
task3_precision = W
__ Count(gold,pred
task3_recall = ~Couni(gold) 4.3)

__ 2xtask3_precisionxtask3_recall
task3_fl = task3_precision+task3_recall

where gold and pred represent the actual and predicted semantic role sets respectively, and C'ount(x)
represents the number of elements in the set.

Final score: Considering the difficulty of the three sub-tasks, the final score of this evaluation is
the weighted sum of the scores of three subtasks, and the specific calculation method is:

final_score = 0.3 * taskl_acc 4 0.3 * task2_f1 + 0.4 * task3_f1 4.4)

5 Submit results

During the evaluation period, a total of 1988 teams registered for the competition, and 29 of them
made it into the rematch of the B-rank track. In the end, we chose to reproduce the results of a total of
10 teams from both tracks.

. task1 task2 task3

Track | Rank | Institution | Number Acc P R Fi P R Fi final
1 Individual Team.1 | 72.49 | 90.19 83.14 86.53 | 60.20 58.01 59.09 | 71.34

Closed 2 BNU Team.2 | 72.42 | 89.08 83.50 86.20 | 59.34 58.97 59.15 | 71.25
3 SQU Team.3 | 71.13 | 90.46 83.75 86.97 | 60.22 58.57 59.38 | 71.18

1 SUDA Team.4 | 58.62 | 44.83 5391 48.95 | 44.08 38.74 41.24 | 48.77

Open 2 PKU Team.5 | 52.54 | 52.17 67.84 58.99 | 1452 19.52 16.65 | 40.12
3 UIR Team.6 | 23.06 | 67.66 35.62 46.67 | 1.75 1.17 1.40 | 21.48

Table 3: B-Rank Reproduction Results of Participating Teams(%)

The table lists the scores of 6 participating teams in detail (the scores are based on the reproduction
results), and the ranks are based on the final scores. For tasks 2 and 3, the table lists the accuracy, recall
rate and F1 value of each team. In the following text, we will refer to the team numbers in the table to
represent different teams for ease of subsequent expression.

In the closed track, even though each team proposed a variety of methods to improve performance,
the scores of all teams eventually fluctuated around 71.2. This reflects the difficulty for models like
BERT to fully represent all fine-grained semantic information under the constraint of parameter scale.
In the future, we are considering introducing larger models or attempting methods such as knowledge
distillation. Moreover, many teams did not handle annotation data with constructions as target words in
a special way. We believe this also to be one of the reasons why it’s hard to further improve the final
results.

At the same time, we noticed that many methods did not perform as expected on Task 3, while
they achieved better results on Task 2. We believe this is related to Task 3 involving a large number of
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semantic roles. Clearly, the model can effectively identify the related arguments of the target words in the
sentence. However, the current methods cannot effectively identify the semantic roles of each argument
in the scene triggered by the target word.

The experimental results on the open track show that the performance of LLM does not stand out
in the frame identification task. In this task, T'eam.4 has relatively favorable results. They used word
vector cosine similarity to pre-select part of the frames instead of choosing from all the frames. We
suspect this phenomenon occurs because the large language models can’t distinguish subtle differences
among a large number of frames. Meanwhile, T'eam.4 also achieved the best result in Task 3, suggesting
that the accuracy of frame identification has a significant impact on role identification.

6 Method overview

After analyzing the technical reports submitted by 6 participating teams and reproducing their model
results, we have compiled the main methods used by the teams, in order to analyze the advantages each
team has on different tasks. In the closed track, T'eam.l adopts the Token-Aware Virtual Adversarial
Training (TA-VAT) method to improve the performance of the model. T'eam.2 proposed the Extraction
Method for Span Type Data for the Argument Identification task, which achieved good results. T'eam.3
achieved pretty results by using a large language model and data augmentation techniques. In the open
track, T'eam.4 reduce the number of candidate frames for each target words by using word vector co-
sine similarity. T’eam.5 build a hierarchical index RAG system based on target words. These methods
effectively improved the performances of large models in the task of chinese frame semantic parsing.

6.1 Closed Track
Data Augmentation.

Team.3 using large language models like ChatGPT for automated data augmentation, diverse and
coherent text variants are created which enriches the diversity of the training data. This significantly
reduces the data preparation time, rapidly generates a large quantity of high-quality samples, accelerates
the model training, and enhances model performance and robustness.

Post Hoc Exponential Moving Average.

Team.1l addressed the excessive influence of initialization on the final EMA model in traditional
EMA methods by adopting a Post Hoc EMA method. This method uses a dynamically changing decay
factor, defined as:

B(t) = (1—1/t)'* (6.1)

This is divided into two parts: saving EMA model copies for different v and recovering any v EMA
model after training. After the training process ends, any v EMA model can be restored through the
saved EMA model copies. This method allows flexibility in adjusting the smoothness of the model after
training, avoiding retraining, and significantly enhancing model training efficiency and outcomes.

ALiBi Relative Position Encoding.

Since the self-attention mechanism in Transformer is independent of the text order, it is usually
necessary to provide explicit positional signals to the Transformer. The original Transformer uses sinu-
soidal or learned positional embeddings. Although absolute positional encoding is simple to imple- ment
and suitable for fixed-length sequences, it performs poorly when handling sequences of different lengths
and capturing relative positional relationships. Thus T'eam.2 use ALiBi (Attention with Linear Biases)
(Press et al., 2021) positional encoding, which adds a linearly decreasing penalty propor- tional to the
distance to the dot product of key and query in the Attention model,this encoding approach has achieved
good results.

As shown in Figure 3, the left diagram is similar to the traditional Trans former, where the initial
attention score is obtained through the dot product of key and query. The right diagram shows a relative
distance matrix, where the elements of the matrix are the differences between the indices ¢ and j of ¢;
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and k;. The third term m is a fixed slope parameter, which depends on the number of heads in the

Attention.
g1k 0
qz2-k1 g2k -1 0
g3*ki q3-k2 q3-ks + =z el 0 .m
Ga-Ki1 Ga-kz Ga-ksz ga-Ka e =2 -1 0
Qs k1 Qgs-kz gs-k3 gs - ks gs - ks el 2 2 -1 0

Figure 3: Attention with Linear Biases(ALiB1)

Extraction Method for Span Type Data.

Considering the characteristics of the Argument Identification task, T'eam.2 adopts an extraction
method for a type of data called “span” data, where predictions are made for the start and end of the
arguments. They treat each given sentence S as a “span” type data and label it with a “head-tail
matrix” . The head-tail matrix is an upper triangular matrix, and can be used as follows: the row number
(vertical coordinate) represents the starting index of the predicted argument, while the column number
(horizontal coordinate) representsthe ending index of the predicted argument. “1” is marked at the start
and end indices of the predicted argument, while “0” is marked in all other positions of the matrix.
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Figure 4: An example of using H-T matrix of “span” data

Token-Aware Virtual Adversarial Training.

Team.1 adopts the Token-Aware Virtual Adversarial Training (TA-VAT) method to improve the
performance of the model. The TA-VAT method mainly includes two steps: initialization of word-level
perturbation and constraint of word-level perturbation. The initialization of word-level perturbation es-
tablishes a global perturbation vocabulary, and in each virtual adversarial training process, the accumu-
lated perturbation is used to initialize the corresponding word perturbation, avoiding the noise brought
by random initialization. The constraint of word-level perturbation uses gradients to update the pertur-
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bations after initialization, and constrains these perturbations within a small normalized sphere to keep
them minimal. While the traditional VAT method (Miyato et al., 2018) applies normalizing spheres to
the entire sequence, TA-VAT proposes a word-level constraint method, where words with larger gradi-
ents are allowed a larger perturbation boundary, and words with smaller gradients are subject to smaller
constraints. These two methods effectively increase the robustness of neural networks and achieve good
results. he algorithm procedure is shown as follows:

Algorithm 1 Token-Aware Virtual Adversarial Training

Require: Training sample S = {(X = [wo, - ,w;,---],y)}, perturbation boundary e, initialization
boundary o, adversarial steps K, adversarial step size o, model parameters 6

1. VeRVXD %U (—o, o) // Initialize perturbation vocabulary

2: forepoch=1, --- do
3:  for batch B C S do

4: dp %U (—o,0),nY < V]w;], go < 0// Initialize perturbation and gradient
5: fort=1,--- , K do
6: gt < g1 + %E(X,y)eB[VgL(fg(X + 0t—1 + M—1),y)] // Accumulate gradient
7: Update word-level perturbation 7:
8: 9727 «— vn’L({e((X + 01+ 7775*1)7y)
ni ' tagy/llgyllF
o gt Tl
10: 0’ = My p<e(n')
11: Update instance-level perturbation §:
12: 95 < VsL(fo((X 4 0¢—1 + 1-1), )
13: 0" = Tis) p<ec(Oe—1 + - g5/ |95 )
14: end for
15: V[w;] + nX // Update perturbation vocabulary
16: 0 < 0 — g // Update model parameters
17:  end for
18: end for

6.2 Open Track
Frame Identification.

When T'eam.4 is building a frame identification task prompt, they find it exceeds the maximum
number of tokens limit imposed by Gemini in a prompt. For this, they reduce the number of candidate
frames for each target words. Specifically, they identify all corresponding frames for each target word
through the mapping between words and frames in the dataset. For target words without an existing
mapping they compute the cosine similarity between the word vectors of the target words and each
frame, selecting the six most similar frames as candidates. In addition, some frame names are long and
not tokenized, they use Jieba for tokenization. The word vectors they use are from FastText 0, but some
target words or tokenized frame names might not be in FastText. In these instances, they sum the word
vectors of each character from the tokenization to obtain the final word vector representation.

Team.5 build a hierarchical index RAG system based on target words, which uses keyword infor-
mation to filter out a certain amount of options, reduces the length of tokens, and avoids the decline of
LLM reasoning ability caused by long tokens. At the same time,they use the HanLLP tool to segment
the sample sentences to make the sentence structure clearer.Then, they constructed a balanced Few-Shot
sample category. For each target word category, they matched the nearest pieces of data as a Few-Shot,
ensuring that each category of the target word had the same number of data as samples, and at the same
time using BM25 (Robertson et al., 1994) to ensure that the selected data were the closest to the problem.
As for the specific principle of BM25 retrieval algorithm, they first analyze the morpheme of the sen-
tence to generate morpheme ¢;. They directly regard the process of word segmentation through hanlp
as morpheme analysis, and each word segmentation is regarded as morpheme ¢;. Then, for each search
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statement d, the correlation score of each morpheme ¢; and d is calculated. Finally, the correlation score
of g; relative to d is weighted and summed to obtain the correlation score of the sentence and d.

[Filter out all sentences with the target words “A” “EI"\
W#rsE BT, SRmEmiSRe, HE—ERMIFX
2R (N AEFFE B A9, SrskmEmkx—71lk
Wiz *

&)
BASHET, ERBAIER I —
SRR 707570 53,3555,

_Select Top k relevent chuglféliijii;::::»

(WEEER T, SRMEAIIRE, RE—EFITTX
(N 4112 (B tHBATIRO300KEERS, {bEEREE T2 A,

SBTE N BRA B BRA
LLM B BABHET, FRRNER-IERETN—RY.
ZRE

Figure 5: Hierarchical indexing RAG system based on target words

Argument Identification.

Because the FI performance of Gemini is relatively poor, and errors in FI propagate to the Al sub-
task, to avoid error propagation T'eam.4 utilizes the FI results of the small model as the basis for the Al
subtask. During the training process, they found that the frame distribution is severely imbalanced, with
many frames only having one or two examples. In order to solve the data imbalance issue and improve
the performance of the small model, they use the LLM to generate examples for frames without any
examples. For frames with fewer than 15 examples, they augment the existing examples by duplicating
them until each frame has a total of 15 examples.

Team.5 note that LLM is often not good at regular mapping, but is sensitive to semantics. It can
effectively improve the performance of the model by handing over the mechanical work to pre-processing
and post-processing. Therefore, based on the same construction of RAG system and high-quality Few-
Shot samples, they change the input from the model to text, and then conduct postprocessing to convert
it back to the list, in order to reduce the computational load on the model, rather than waste its attention
on the mapping relationship.They also incorporated the Agent features of LLM and limited the specific
output format of LLM in prompts.

You are a framewor! semantics expert), | will provide you with some examples to identify all argument scopes that
belong to the target word. Output all argument scopes|in the form of a Pithon character list|, do not answer any other
content. The target words in all sentences are: "M\ 'E', Output Format

[Examples}

[(DEFEBICREW: "M BRRA B BRA |, FEOXNBHEE, EERIERWEEEEN—MER.
target words 'M' 'El', argument scope: [FRRIA', BRA', 1REXNE5"]

[MFEBEITS, AR HEHMTESE, HE—EAHF.
target words 'M' ', argument scope: [Fig', T175v]] {
[MANERIHILOAI300KEER, (hEEEE T VNG,

target words 'M' 2|, argument scope: [XUfE', HL4', "HIEM", '300KEEE, BRI T HAIE]

Here is the sentence where you need to determine the argument scope of the target words 'M' "E":

ftiser T — MU BB 8053

Figure 6: Sample semantic enhancement conversion process example

Role Identification prompt.

Team.4 use the small model to obtain more accurate Al results for RI subtask.To enhance the
performance of the small model, they employ the self-training and ensemble technique. Specifically, they
first use a trained model to predict the data from CoNLL09 and CPB1.0. Then, they used the predicted
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data to train a new model. This model is then fine-tuned on the training data, the final argument result is
selected by voting.

7 Summary

This evaluation task, based on previous tasks, introduces construction grammar, and increases the
data with a construction as the target word. It focuses on sentences in Chinese where some common
semantic cores are expressed through a specific structure in the sentence. This enhances the capability
of the frame semantic analysis and further enables a deeper understanding of language.

This evaluation is of great significance for fine-grained semantic analysis, and it has also attracted
a large number of teams from the academic and industrial sectors to register for the competition. Due
to the high difficulty of the evaluation task, fine-grained semantics, and the target word is no longer a
single vocabulary. Small models lack semantic understanding when facing a large number of frames, and
are unable to cope with a large number of role types in role tagging. Large models lack frame semantic
knowledge and cannot distinguish between subtle semantic differences among a large number of frames.
They also struggle to correctly identify argument roles in sentences. This reflects that there are still
tremendous development prospects for this task.

In general, this evaluation targets the deficiencies of existing models in fine-grained semantic anal-
ysis, using the Chinese frame semantic parsing task to assess the model’s scenario depiction capabilities.
Future evaluations could consider expanding the data coverage fields, adding more data with construc-
tions as target words, covering more semantic scenarios, and evaluating the model’s understanding of
fine-grained semantic scenarios in a more comprehensive way, further promoting the development of the
Chinese Frame Net.
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Chinese Parataxis Graph Parsing Based on Fine-Tuning
Multiple Large Language Models

Rang Li
School of Computer Science and Technology, Beijing Institute of Technology
lirang@bit.edu.cn

Abstract

Chinese Parataxis Graph (CPG) annotates the relationships between sentence com-
ponents hierarchically, which can effectively represent the deep semantic structure of
Chinese language. Traditional methods struggle to extract features from the special
components in CPG, while the rapid improvement in the performance of large language
models has provided a novel approach for complex natural language processing tasks
like this. In this task, we attempt to fine-tune large language models using LoRA
method with Prompt-Response, allowing the models to directly generate formatted
triple sequences of CPG based on our input. We extensively tested seven popular
large language models from different teams with varying parameter sizes, evaluating
the influence of base, size, and quantization on the performance of fine-tuned models.
Experiments indicate that our method outperformed existing models by a significant
margin, with F1 scores of 0.6956 and 0.7206 on the test set and blind test set respec-
tively, achieving the top position in this evaluation.

Keywords: Chinese Parataxis Graph , Semantic Parsing , Large Language Model
Fine-Tuning , Model Comparison
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TN, SIRRERSHRENER . N THEAERIMES, AT LR R TR0
B R, R ISR E K i 518 FPrompt-Response B 0 KR ST HOA 145, &R H AR
TEfRRE RS TTHRES - ZELL B, BANTELER, HTHIEEBIR R E L
HE, BOEM SIS ER N B, BRFIRS T HRERE S  HE S R [
B, % HJE K Zero-shot B Few-shot i 7 2 ik KRR SEALIZ LSS, PromptH AR E 22 LA
BFHYEAEMTSZEE LRKEFEE . ZEULER, BATREHRIRAES R KRR
.

BARmE, BATE o0 EE 8 3178 A0 20 3 iﬁPrompt*ﬂResponse, DUABE A AR T B
TR ESANE - BE, WA ZRH B SRR )& T IR S P R KR
TR IE AT R RE N b, H A IR KB T AL 45 58 LT R & A HIQwen-1.532 %1 (Bai et al.,
2023)H17B~ 14B-~ 32B - 72BIU SR BT DL H )1 fE & A BIBaichuan2-7B (Yang
et al., 2023)fME—FY LA AIYi-1.5-9B (Young et al., 2024), IR KR GHEEH E UL RY
FJERNIE4.0-Speed-8K - 5, FATRMNEE A Promptin A KB 152IHH B 04SSR IE
TR, EFTHAPEEIREIF I AT & ZRIE .

3 HEpistE

RIRES RN TEH—MEEN AT, BHHEMENRT R GER=TTHER - R
BEPE— M) FLEPEENITE =A@k IFHmA PG H, B EER A KRR B IR KT
2ol Hib, FATEXRHEEPERERIGEIRSE 2 EMEPromptflResponse, AR AT BE S Y
BRI REE - RN, BEIFRIGINZREH20005, FUEE 100055, FoA T Hi#tiT
HFTACLL, BU30005550RE 1 IS %/ ERIRIESE, HRBIERIIGHRE -
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3.1 Promptii&

ERREIRES, A FENFHRAPH—DRER, BNEEFRF S sent”, ERN—F
#z, JIERTHICENIZNTHES R A4 5% o BT 3A TR FAPrompt-Responsedt KA # 47
A, AR Prompt AFE R 15 Ha)FRIFT  Eit, FAIEFRGERETNTREER,
AREaER, DT HRIRE R E B akRal 7, B aFrRARBHFRF iRl -
x1N —/I\Prompt7f‘@i%_: ARG -

Eﬁﬁ\/ﬂ? “sent”: [“’Tfl_{”? “ﬁ%w? «“ E Eﬂ , “Xmiﬁ—r@'”, ccﬂij W, ]
Prompt#i& /b2 BT /) -/

Table 1: Prompti4i& R~

3.2 Responselfi&

FEIRREIERE T, A7 HIE— 1 U HR RE RIS — T #/IDA KRS RF, G5
FIENBEMRI I FTHER - AT RATRE, FIREX ARG P FERBRNITRTN, W
HE HIH “wordl” “relData” 4% « NI, FATRFEIAETE R H B9 R R 7 S I =TT H AR
& i Response, B T KEHE AL, HETHMIEMHEREFEGEHFIENE - KI5
T RAL . WEH=JCHS, BIDIRZE(A, NE) BT, FEDTTRERALHT
Fref e Fl—AITHE D RAZITTHZ AR ERMEM PR o 29— Responsetdi& f7R i «

JRIERRFH  “relData”: [ { “wordl”: {“word”: “/&”, “idx”: 0},“word2”: { “word”:
“Ref”,“idx”: -4},“relVal”: “Entity”},{ “wordl”: “word”: “ILAE”,
“dx”: 1}, “word2”: {“word”: “MEZ” “idx”: 3},“relVal”: “Mod”} |

Responsetfii&  ((‘“/1°, 0), (‘Ref’, -4), ‘Entity’) ((‘LA=2", 1), (‘WEL, 3), ‘Mod’)

Table 2: Responsef4)i& 7<)

4 HAEGH

4.1 AR ERE

HEREBGOESE, BRiE AN ATRZREEGHM, 22550 LoRA (Hu et al.,
2021 - ESEGANEBAMERI NS EGHITEY, TEREHRKENTR, MLoRAJTHFIH
TRRRHERERTE ST, REMAERIEMERERIRTIR N A RSP ITHREHSHE, BERIK T BEN
Tk o RIRAESTA TR E R LoRA T 2 AT -

4.2 FREE

HTRATE R L EAB = THRMBESEHN N T KESEEFI A RES, ik
AL B FR 2 B IMUE T EURUR TR R R AL - BRBIARES S, i BinrE =L R an
.
WINGHED = {(a@, g}, HEA2O) BENEEMAFERENET, O 2IZAMEEH
HCRE A B Z T R SO S PR R 8, R

(@) g (0

y) = u” @y, (@)

@"'@ytl (1
B, 9 i AT HEENE; MRRLTXRAESTA, ¢ RAS MATEES
= LA

Bl 1A EE T B S MO B MU A B B R AR 2, B

~—

N
i (i) | 400,
min Z;bgP@ B (2)
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He, P(y® | 20, 0)F R BRI E C i A T2 O KB 0L T % AR U A B =T
Foly O W, 2R RS0 € -

4.3 INEMSH

TR TGO, BRI 47 & oK 840902 REES|, RIFEA K/ ELA1E K
EREE; BH-FEKHCentOST.9#AE REE, % FLLaMA-Factory (Zheng et al., 2024),
f# FiDeepSpeed (Rasley et al., 2020) ZeRO-3 V7 BL B 17 - X S EOM BB /N A
WQwen-1.5-7B « Baichuan2-7BMYi-1.5-9B, &A1 H B 34090 E K H# I TLoRATIA; H%ES
O ) Qwen-1.5-14BFE A (# F U 524090 & K TLoRATIE,; KRS EAEAIQwen-1.5-32B
B4 B\ 40908 R #HATLoRARLIA « X T8 K Z AR F1Qwen-1.5-72B1E 8 |\ BR4090 i,
FHESI E A GET ELoORAMIA K B FFE, FMH AT RBFSDP (Zhao et al., 2023)%5
A QLoRA (Dettmers et al., 2024)H) 77 2, & T4bit®E b 47 G0 - X T AR A 00 &
FIERNIE4.0-Speed-SKAEMY , T fi 11 B FERIGE = I T RIRALF & GRS -

ERSEERE L, FFIRERARTEANR R EEE E 77 OIS 6 % RS U7
BiE - X TERNIE4.0-Speed-SKF{FIEAY , FATH R HLoRATEFHTIING, @SEW T RN
7N o

BER G Wi B

EACHIR 5 W/NATRERING, i RATREE TG, RIEIZRE R NAEE
PR RiT AL 0 BEMEBIREEE—RVETER, MORFLTF 5 BEhitE

FJR 0.0003 i R EGLARA R A, B & BOAME
LoRAFTHEZIMERE  True B E A LR SR SRR RE ), (Bt R E RSN
LoRA HWEHHIFE 8 LRI ES R, S RATRERR HIEL AL I fE
FO)RPFEATR linear GRRY 22 S R TTE, TIE S BOA N &E

FPoI 4096 B IMAFPRIRAKE, RIESIEERAKERE

BERLAP T 42 T4 RETRIBEL AT

TR LA 0.1 R IRRT 22 ] RFFAM B AT o5 LA

IENL R 0.01 T B g fls, (Eid KAT e 2 ae T i

Table 3: ERNIE4.0-Speed-8Ki#B5%

5 HiEEsE

BIRFA B FH RS Z AT Prompt-Responset RIEAI I ATIIISR, {H 7% B2 AT A BN 2
BA—EREEILIE, RBRAE R A 2 A AT e AR AT S I SR IR R - L, 3l
TR RBLRY AL R N AL 1 R BT G5 RS AR, F 200 M R BRI AT e A B R, Bk
BFELUN A - FFEUIRARE, DUNRFIRTE 0L BRI R BN, KT R E LS SR S B AT
AR IR -

o BEETCRAT: LU A\ G)T HIN A AT HE 2 b A OISR AR A ERLI, 1B 2SR L1E
AP NTEREESEA, Foli= T EE XA R RS « S TFHXME0, A1
JE AR PP 7 B AMGZAT N R IR [ 2 B K R = TTH S -

o MRRSHENEY . NER A REAAIZE BT MRS HEMEREEAFRF, X FER A
WIFLT BRI H R - ST IR=JCH, BATA N RERBCE T MR REME,
RN R 5 [ {EE N0 -

o MIEMAERM=JoH: KEALREF = ICHE A AT 68 HEL— RIS R, Bl n=4F
B/ 055 S E U ISyntaxError, #t/>ICFE T B H MlIndexError& 4 AN Al FAI FIE L -
, FATEZRN W = JLARE Htry /exceptiBfl, 3T —1)J& T Exceptiond FI5E 1214 Bk
.

FESER ARG LRV TS, FAT TSR] T 7R85 5 B Uik Response i RS, FHEY
WA E R ER B AE 2, IR BRETE RS R RIS E R, &5 5 AjsonSCHERIA -
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6 LRFER
6.1 SEEEE

FATTE ST R B B LoRA TS sUE A7 U0 09 LA TP IR B AT — D TR AR R, 42

HIQwen-1.5-T2BRAILEC A AT IAG « F RIS ITIRELRLGE FHLoR A J7 2 1 BEJRTH #E AN I SR o

B A KRB - - FORMIE TRANSCR R Bz s A A% Ik -

B 40902 3 BMINGHALE SRR
Baichuan2-7B 2 1.647 -
Qwen-1.5-7B 2 1.452 2.739
Qwen-1.5-14B 4 0.881 1.648
Qwen-1.5-32B 8 0.985 1.937
Yi-1.5-9B 2 1.163 2.334

Table 4: YNZRFIHEHLH E 5

FATHMHE100055 1B A5 DL EERIF TN, RO TNERFR. R, BAIEFEENK
T HIERNIE4.0-Speed-SK DA 7 FF R FH R I F 47 1 Yi-1.5-9B22 31| 253651 2K 2 A0 2% o

it Precision Recall F1
Baichuan2-7B 0.4739 0.4861 0.4800
Qwen-1.5-7B 0.5294 0.5425 0.5359
Qwen-1.5-14B 0.5083 0.5174 0.5128
Qwen-1.5-32B 0.5226 0.5328  0.5276
Yi-1.5-9B 0.6003 0.6039 0.6021
ERNIE-Speed 0.6778 0.7142 0.6956

Table 5: AR RPEREFR TR

training loss of saves/yi_9b/lora/sft

train/loss 104 —
original

—— smoothed

1.628

15 0.8 4

0.6 1

loss

0.4 4

0.5 021

0.0 4

0 1000 2000 3000 4000

0.01282
0 step

50 100 150 200 250

Figure 1: ERNIE-SPEED#i 2251t Figure 2: Yi-1.5-9Bfi2K 254k,
PHERESM T

AT DL B R L BRI AR 2R, AT SR T AR -

o RKIERRIME WMMT: HFRZEMNRMAT2BEA, BRI RIAZE M Baichuan2- 7B A

BE| T 0.48HIF 104, FRILEAF RSO RTL B TA R T B0, 7RIF10 4L, I TIPS
MR - FEd EH)—E R KR AR IR TR, AL S Lad R TERE R LIk

6.2

Fo = mPETEE S RS UE, %%343%—%%0@ KIE, HE, 20244E7H25H £28H .
= PEIR
() 2024 PSR B S HIES 2 HWERS A7



HEESY

SR (R, TE— R B I R ILE HR R (6 G50 - (PR KB S2 AONL P
55 V5T A — R AR

o D MITREEAIMERER HY: it FATHMm, — A IR GROE 5 BIF 159 28 KRB L T70.4-
0.6 X [A]; 771 ST/ VR T ZE s 88 O F 10 8082 30.7, 32V 76 B 88 FOF 19 306
I T0.72, SHIREE 2 BRI TIHEOZER . MHIZREREMEK, FFRER RN
AIYi-1.5-7BIER HBEREEE10.077, T SO OERI RS T0.013 -

H TERNIE4.0-Speed-8K YRR L (AN S BANEOR A TR A A, Oy T ab— B IRF A
PR X TARETERE R M REE BT R HS ) 22 & 10 B AR T YR 2 1 S 30 Rl o A7 0] R
fifi, RIS S BN BER T R 51 % 4> DR 2R R -

6.3 XTEEIEAY
6.3.1 SEIH

T, BIMNERSHAESEHEEGRORMW . Hit, FA1%EEFEQwen-1.52 7
FI7B ~ 14B -« 32B=Fh S HUNEARE T AT 3T B o X = AMEAE T [F] — 0 & B A A [R]— R 371
REESCHERR TR R EZ AN - S EOERFE L, RIEEE KNG ANE, HEPHRIE L HER
PR, LRGSR R AR TR . R R N A ERIZE NN SR 10005518 A) b A4S
B,

R Qwen-1.5-7TB  Qwen-1.5-14B  Qwen-1.5-32B

Precision 0.5294 0.5083 0.5226
Recall 0.5425 0.5174 0.5328
F1 0.5359 0.5128 0.5276

Table 6: [F] 2515 BEAN R S EFENT L

FATZI, Z BB R TIVERE R R MBS - B IR14BIE B FI32BIE AL (1) 2 £ & 73 Jil
HTBRE R A 2 B, BERES ERRMAZ 2L T F—KF, HAFFESEH#
ZVEREBIT I E AR -

6.3.2 KRR

BE, AT R 2SR RE AR - L, FAT%EFEBaichuan2-7B « Qwen-
1.5-7BFIYi-1.5-9B= M FRIERL TATHE KEHENSE0IE . B, FATRHE2HEE R
HSEC T B TH0E, AR LHERR T HMRZE A - He, SERBEEE N6, Y%k
R R E TR . N R NSRRI 10005578 A7) PSR -

A Baichuan2-7B  Qwen-1.5-7B  Yi-1.5-9B

Precision 0.4739 0.5294 0.6003
Recall 0.4861 0.5425 0.6039
F1 0.4800 0.5359 0.6021

Table 7: /N [F] 5 51| 5: B AH T S HURAE L

BATER, =ASHEEME R RERCR A 2 FE RS, BFISEEIHERK,
H A H KA Baichuan2-7BIEAIF 13 50 H0.48, f i Yi-1.5-9BRBF1 %G1 T70.60, X7
SrURBE T B AT B B RE ORI o FH TR BN R A& FRA YR R A AR 2 T A TR 25
ERIEFTRE, SRR E KA LR -

ZEA UL BT, BATAR O RFIERNIE4.0-Speed-8K R fE ARAE S5 F A 28 T F 294
TRIFETF S, TR ATRES 5 ERTIIZRER - BT AR T LUK IR & RS 50H
BEREF ML
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6.4 BUBKRSHERMT

WEISCTA, HTQwen-1.5-T2BEA S EHEIR K, J\BR4090.E K 2L BEH ELoRAR
W EGFRE, FEENTRIEFSDP (Zhao et al., 2023)45 4 QLoRA (Dettmers et al., 2024)H)
F3, ET4AbitEWFFITHEUE o X =5 4bit BUR A 137 5 50 FE XTI R fOR B 31T &AL
ATUE SR ERT R, EHSHRERERMINL . 2w, 4bitE L5 Qwen-
1.5-72BRE A 7R it 2R Fif 25045 18 A £ FIFLE N R0.2173, KT £ X e R & 10 B
7

N IERIRIFIE IR LG BN TR, AT f 70 45 R T8 R oA - H IR
B R A EME RS E LHRR T EXXHILERE, BFEE “ROOT” “F 5 27 H141s” &R
E A (Guo et al., 2024), FATHFRRES SN AEBE EXF MR B SRR E 4"
X, IR R R R ERITRIERIE - T 3R A Qwen-1.5 R F| FIERNIE-Speed 75 I i3 5
BI25055 15 A)_ LR IR ATV SR o A iRIR U B RO AR o AR T AT T E LA

iRit) BXF1 BRXF1 &EF1

Qwen-1.5-7B 0.5853  0.4575  0.5482
Qwen-1.5-14B  0.5870  0.4232  0.5390
Qwen-1.5-32B  0.5797  0.4466  0.5400

Qwen-1.5-72B*  0.2142  0.2266 0.2173
ERNIE-Speed  0.7663  0.5929  0.7137

Table 8: Hf BT HIEEIR 317

o  BRBRRER: W TRRAOMEATS, Q0 S RXTHR %R LFI9T T
TFmaRA BT NXR, WHERATARR L HERRER . BRI
REE TR TR T A, %R A

o BEWIMEL™H: WNTRTENHQwen-1.5-72B, HEXFFERHE R RZNFIY EERT
[F RPN ARG BRI R BAZEAR RS R &R 2 2T E - 5Qwen-1.5-32BFHLL,
PR SEF1 N FEME B 43 31 H0.3655810.2200, 78« AL & B AR 156 R B PR ge i 2L 5 ™
& .

7 5

FEARIRAESH, BAT T T RS ESE R SR A EE T ITE 2 p R, 3 B
R TR TR B R A o 38 e R ER SR AN AR R N A AT AT AL B A B R, F AT
BT FRAEBGOE G MERERI, HRZ%EEE U0 R FERNIE4.0-SPEED-8KAR A {4 i
D25 R AT VR o« AR L S A 5 £ 4> B EUS0.6956 F10. 7206 FUF 19348, FR1S A IR F
M — AR - FA ] TAER EZ DTk -

o REXE S HBBARIITIRSI A R & BIE T, BB AR EeE, RIS AR
PRI — RS, RN T T ERTE R -

o JTZIMRAZ A EIRANETY, 25 28 B VPG 2RO AN R B X AR B RE AR
PSR IRV ERERIRNT, FFE TR Z AR AT - X TR FEMmZ RS
KT REE—ERTAMERSE X -

T, BATHEREERRTESEHR - ELZHBEZEE - AFHIPrompt-Response & /73
R F R I RERIRAN -
Bt

AR TAEZAC I TARAT BB CE TR (AR TRE) REERIE &, B 2R iKE

WAER TARRITE S5 30FF - B CCLIHNAZ 2L E T K2 ESHABR BIREN - Him
B BB AL FIRANER « FERHF -
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Parsing Based on Large Language Models

YueYi Sun Yuxuan Wang
Beijing Institute of Technology Beijing Institute of Technology
No.5 Yard, Zhongguancun South Street, No.5 Yard, Zhongguancun South Street,
Haidian District, Beijing Haidian District, Beijing
1120223534@bit.edu.cn wangyuxuanbilly@bit.edu.cn
Abstract

This paper presents the work submitted for the 23rd China National Conference on Computa-
tional Linguistics(Evaluation Workshop)(CCL24-Eval), focusing on the Chinese Parataxis Graph
(CPG) Parsing task. CPG represents Chinese natural language hierarchically through relational
triplets, providing a consistent representation for linguistic units of varying levels. Our approach
has used large-scale language models through full fine-tuning, achieving the result with F1 value
at 71.6% in the contest and 74.76% after the contest. Furtehrmore, our team has proposed a com-
bined model that integrates multiple LoRA fine-tuned medium-scale models after the contest.
This approach is able to minimize the time and space consumption while keeping the perfor-

mance of CPG construction task relatively high.

1 Introduction

In recent years, the development of LLLM fine-tuning technology has progressed rapidly. LLMs can
be fine-tuned to adapt to new tasks and be customized for specific needs, making them easily applicable
to downstream vertical domains. Fine-tuning techniques can fully utilize the knowledge in pre-trained
models, achieve excellent performance with less training data, significantly improve training efficiency,
and avoid retraining the model for each task. This also focuses the model more on the target task, reduces
model development costs, and improves model application flexibility and scalability. Fine-tuning for
specific tasks can effectively enhance the model’s accuracy and generalization ability on those tasks.

Previous research (?; ?) has introduced the definition and rules of CPG. Meanwhile, earlier studies
(kommineni2024human, 1972; ?; ?; ?) have experimentally and theoretically demonstrated the com-
pletion of corresponding tasks through fine-tuning single large model. Our goal is to find a method to
construct CPG through fine-tuning LLMs, which is a combination of the works that are listed. How-
ever, there are quite a few significant limitations of previous research. Firstly, the adjustment of large
model parameters is insufficient. Secondly, previous tasks are completed only through fine-tuning large
models, leading to high space occupancy and time requirements. In our work, we take the task of CPG
construction as an example to introduce the results of achieving high performance through fine-tuning
large models, reaching an F1 score of 74.76%. Additionally, it proposes a method that achieves similar

results through the interaction and integration learning of middle-scale models, significantly reducing
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time and space consumption during the task process.

According to the Scaling Law (?), as the number of model parameters and the size of data increases,
the model’s performance improves significantly. However, large-scale models require substantial com-
putational resources and storage space. In contrast, middle-scale models require significantly fewer com-
putational resources and storage space and usually have a much faster training speed than large models.
They can iterate and adjust quickly, having lower deployment costs, and can more easily adapt to differ-
ent tasks and environments, achieving good performance in multiple application scenarios with minimal

adjustments and fine-tuning.

2 Preliminaries

In this task, we use the Wenxin Qianfan’ s large-scale model platform of Baidu AI Cloud and the
ERNIE Speed closed-source model for fine-tuning. The model version is ERNIE-Speed-8K, released
on February 5, 2024. It is a high-performance industry-level knowledge-enhanced large language model
developed by Baidu.

This model has the following advantages for this task:

Chinese Context: ERNIE Speed is specially optimized and trained for the Chinese context, allow-
ing it to better understand and process Chinese text.

Context Handling: ERNIE Speed has a high context length processing capability in inference
scenarios, enabling it to better handle contextual dependencies in Chinese text.

Lightweight Design: For this task, we introduced the ERNIE-Speed-8K version, which is a
lightweight large language model with strong performance and high processing speed.

Efficient Training: Due to its lightweight design, ERNIE Speed has a relatively short training time,
improving model iteration efficiency.

During the task, we also tried fine-tuning other large language models provided by the Wenxin
Qianfan’ s large-scale model platform, such as Baidu’s lightweight large language model ERNIE Lite
and the Qianfan-Chinese-Llama-2-13B-v1 large model, which is based on Llama-2, with an expanded
Chinese vocabulary and enhanced pre-training and instruction fine-tuning using large-scale Chinese-
English data. Although these models also achieved good performance, the final results were not as good
as the ERNIE Speed model. We believe this is mainly due to the parameter scale, so we ultimately chose
the ERNIE Speed model.

3 Single-LLM Task

In this section, we mainly present the methods we implemented in the CCL24-Task2 competition.
The core process of fine-tuning large models includes prompt engineering and parameter adjust-
ment. This section will focus on demonstrating the methods of prompt engineering and parameter ad-

justment.

3.1 Prompt Engineering

During prompt engineering, we tested various prompts, such as removing word segmentation and

using the entire paragraph as a prompt. However, we found that this caused significant redundancy in

Proceedings of the 23rd China National Conference on Computational Linguistics, pages 51-61, Taiyuan, China, July 25 - 28, 2024.
Volume3: Evaluations
(¢) Technical Committee on Computational Linguistics, Chinese Information Processing Society of China 52



Computational Linguistics

the model output and mismatched results with the original word segmentation, making post-processing
difficult. Therefore, we explicitly specified word segmentation information. On the other hand, we
found that overly detailed and complex prompts may caused the model output to “repeat” itself, such
as including numbering in the prompt and adding prompts about the numbers. Hence, we ultimately
adopted a concise prompt.

In our model, the data used to train the large language model consists of a prompt and a response.
During the training of the large model, the prompt is the input, and the response is the expected output.
In this task, we define the prompt as the sentence being studied and the response as the relationship set
in the intention diagram, specifically defined as follows:

Prompt: Composed of the original sentence in segmented form, prefixed with ”segmentation as,”

as shown in the example below:

"prompt": " WA FE, W, ®H, KS,, ,—E,#HAN, BN, FFW,7,, AW
i,?—:":ﬁ’:, K,%é—‘br k, EI,O

Response: Presented in the form of triplets, showing two words and their relationship, as shown

in the example below:

"response": (# E,® 7F,EntityRel), (B 7#,X %,EntityRel), (K
4,3 N,n0), (— B,3# A,conj), (¥ A,RO0T,CoreWord), (# N\, & # * &, 4% #
= MH), (B W *ﬁ EntityRel), (* T8N R A& R, |3ﬂ W K, ¥ 4,n0), (&
£, ¥ %, Time) , (£, # %,Mod), (¥ %, RO0T, CoreWord) , (¥ &, 4 # % R,k b #

), (¥, H,EntityRel), (H, &4, Time) "

Overall:

"prompt": "S- W N [T E, W, FH, A, ,—H,#N, BN ZF
w7, AWK, EE, &, 8, %, H,. 1",

"response": " (EF’ E, ™ % ,EntityRel), (B 7, K

é EntityRel), (K& 2,3 A,n0), (— H,# X\,conj), (# A\,ROOT,CoreWord), (#
¢T¢%%,$f&r$f¢ (18, év EntityRel), (BE¥,# A, AL K, (AWK, #
é" 0y, T:E f:E i‘%" , Time), % %z, Mod) %-Lf i , ROOT, CoreWord) % 9}1 % 5’%

%,%’&1@?#) (%, B EntityRel), (H, %& Time) "

3.2 Data Preprocessing

We clean the data by removing words corresponding to incomplete or missing examples. Then, we

convert each dataset into the prompt format.
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3.3 Data post-processing

The output of the large language model is constructed as follows, we first display an example:

[

"index":1,

"inference_dataset_id":"ds-gflcr64223rfekth",

"prompt": "4 H [, — &, Tiu% W, ER,E BT, 57,0,%,,
CBRAL B, ER, A%, 6%, B, 0, FE, BN RS, L7,

"response":"",

"completion":" (3& ¥, &,A0), (— &, % A,EntityRel), (TfE %, &
A,EntityRel), (% A,¥ 3,Al), (£,RO0T,CoreWord), (%, & % ,Mod), (F, &
%,Moon, <Z§ %, % ,EntityRel), (¥, £,81), (& 11,% R, EntityRel), (%— A, R
%-,n0) R, B4, Mod) , (B %, R4, Time) , (£, K%, Mod), (A, FWN,pN), (FE, F
W\ EntityRel) ?W\ EE(% A2) EE(% ROOT, CoreWord) "

}

We extract the useful parts, including the prompt section and the completion section, and then we

convert them into the final required output format.

3.4 Model Tunning

Considering that with sufficient computing power, full fine-tuning yields the best results among
various LLM fine-tuning strategies, but it also requires the most computational resources and storage
space. With the cloud computing services provided by the Wenxin Qianfan’s large-scale model platform,
we have ample computing resources for convenient fine-tuning. Therefore, we ultimately choose the full

parameter fine-tuning strategy.

4 Multi-LLM Ensembling and Tuning

In this section, we introduced some smaller-scale LLMs into the task. When using these smaller-
scale LLMs separately, they perform not as well as large-scale models. Our approach can be mainly
described as two parts: Multi-Model Reinforcement Circum-block and IU-Block. Through these two

tools, we came up with a similar result compared with using large-scale LLM.

4.1 Multi-Model Reinforcement Circum-block

We integrate large models with smaller parameter scales through a serial approach, using this
method to train the model. We designed a training model named reinforcement circum-block(RC-Block)
and the model is illustrated in Figure 1. The main structure of the model consists of two different large
language models with small parameter scales(no more than 7B). Our training process is carried out in

the following steps:
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We first introduce the notations in this section. Each notation s or ¢ denotes a subset of the test
set. The superscripts of each notation represent the step number from which the set is generated, and the
subscripts of each notation represents the LLM from which the set is generated.

Step 1: First, we input the dataset into LLM1(i.e. Qwenl1.5-7B). The data that generates correct
outputs after training is passed to LLM2(i.e. ChatGLM3-6B))for further training, with the results (in-
cluding prompt and request) denoted as s3. The data that does not generate correct outputs after training
is fed back into LLM1 for retraining, with the results denoted as ¢1. LLM2 is then trained with si. The
results that generate correct outputs after training are recorded as z34, and those that generate incorrect
outputs are recorded as ¢3.

Step 2: z3 is used to train LLM1, generating the correct result set s3 and the incorrect result set ¢3.
Then s? is used to train LLM2, generating the correct result set z3 and the incorrect result set 3.

Subsequent steps follow this pattern, and the entire model structure is shown in the figure below.

I

Data

Figure 1: Training Process

STEPN

4.2 Running and IU-Block

In this section, we mainly show how we design a Result Intersection and Union Block(IU-Block)
model. We trained multiple different models and fused the results of these models by taking the inter-
section (M) and union (U).

The purpose of taking the intersection of the output results of two models is that we believe the
results predicted to be the same by both models have a higher probability of being correct. At the same
time, it excludes redundant incorrect predictions, reducing the total number of predictions and improving
the recall rate of the model. The purpose of then taking the union of these intersections is to include as
many correct outputs as possible, thereby improving the precision rate of the model.

Our IU-Block model is as follows: First we set the answer generated by the first model(i.e.

Qwen1.5-7B) and the second model are A and B, then we may set A N B or A U B the ultimate answer.
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However, the experimental results indicate that none of them are good enough.

This is not difficult to explain, as A N B can lead to the model being too ”conservative”, meaning it
tends to make fewer decisions to ensure the accuracy of the predictions made, resulting in higher recall
rates. However, it can also lead to lower accuracy due to fewer correct predictions. On the other hand,
AU B can lead to the model being too reckless”, meaning it tends to make more decisions to ensure that
all predictions made cover the majority of correct results, resulting in higher accuracy. However, it can
also lead to lower recall rates due to the low proportion of correct predictions made among all predictions
made.

So in order to balance the above two situations and fully utilize A N B and A U B, we consider
introducing a third large language model (here we introduce Yil.5-6B, which has been fine tuned on the
dataset) for supervision. Firstly, the correct predictions in A N B account for a large proportion, so we
consider directly incorporating them into the answer. For AU B, we consider using C' (i.e. the predicted
result of Yil.5-6B on the test set) for supervision. If an element in A U B appears in C, we believe it
is likely to be a correct prediction and incorporate it into the answer. Otherwise, we consider it to be an

incorrect prediction. In the end, we obtain the answer:
Answer = (ANB)U ((AUB)NC)
Simplifying the above equation, we have
Answer = (ANB)U(ANC)U (BNC)

This equation is not difficult to explain, as the above steps are based on the assumption that the
results predicted to be the same by both models have a higher probability of being correct, which means
that we take the union of the predicted results of any two models

Similarly, we can introduce a fourth model D (DeepSeek-7B introduced in this article) for supervi-
sion and the sets of their output results are denoted as A, B, C, and D, respectively. Then our IU-Block
model is as follows: We trained four different large models, and the sets of their output results are de-
noted as A, B, C, and D, respectively. We perform the following operations on the output results of the

four large models.
Answer = (ANB)U(ANC)U(AND)U(BNC)u(BND)U(CND)

We take Answer as the final output.
The establishment of the IU-Block model can improve both the recall rate and precision rate of the

model, thereby enhancing the overall performance of the model.

S Experiments

5.1 Experiments on Single-LL.M Fine-tuning

5.1.1 Hyperparameter Tuning Experiment

Based on the parameter interface of the ERNIE-Speed-8K model, we made the following adjust-

ments to the model parameters. The experimental data is shown in table 1, table 2 and table 3. below.

Proceedings of the 23rd China National Conference on Computational Linguistics, pages 51-61, Taiyuan, China, July 25 - 28, 2024.
Volume3: Evaluations
(¢) Technical Committee on Computational Linguistics, Chinese Information Processing Society of China 56



Computational Linguistics

It should be noted that the result of this experiment is tested on the blind test set. The last parameter

combination achieved the highest F1 score, indicating the best model performance.

Training Set Size Validation Set Size F1/%

3000 1000 40.2
3000 1000 56.28
3000 1000 66.1
3600 400 71.6
4000 0 74.76

Table 1: Hyperparameter Tuning Process Part 1

Learning Rate Epoch Learning Rate Adjustment Plan

0.00002 3 linear
0.00002 3 linear
0.00002 6 linear
0.000025 6 cosine
0.000025 6 cosine

Table 2: Hyperparameter Tuning Process Part 2

Number of Cosine Cycle Regularization Coefficient Temperature Diversity

- 0.01 0.95 0.8
- 0.01 0.95 0.8
- 0.01 0.95 0.8
0.5 0.009 0.95 0.8
0.5 0.009 0.6 0.6

Table 3: Continuation of Hyperparameter Tuning Process

5.1.2 Hyperparameter Tuning Process

Utilizing the Wenxin Qianfan’s large-scale model platform, we visualized the loss and perplexity

(ppl) during the fine-tuning process as shown in Figure 2.
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Figure 2: Changes in Loss and Perplexity During Training

5.1.3 Results

Our hyperparameter tuning results are shown in table 4.

Hyperparameter Value
Number of Iterations 6
Gradient Accumulation Steps 4
Learning Rate 0.000025

End LR for Polynomial Strategy le-7

Learning Rate Adjustment Plan cosine

Sequence Length 4096
Number of Cosine Cycles 0.5
Power for Polynomial Strategy 1
Fake Multi-Turn Probability 0
Checkpoint Saving Interval 256
Random Seed 42
Warmup Proportion 0.1
Regularization Coefficient 0.009
temperature 0.6
top-p 0.6

Table 4: Parameter Description

It should be noted that F; = 74.76% is the result we obtained after the competition. Compared
to F; = 71.6%, we adjusted the temperature and top-p from both 0.8 to 0.6, and adjusted the gradient

accumulation steps from 0 to 4, while incorporating the validation set into the training set.

5.2 Experiments on Multi-LLM Ensembling and Tuning

This section mainly focuses on the performance of large models with smaller parameter scales.
In our experiments, we introduced four large models: Qwenl.5-7B, ChatGLM3-6B, Yil.5-6B, and

DeepSeek-7B. First, we present the performance of these four large models after hyperparameter tuning
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and training 6 epochs when independently completing the task, as shown in table 5. The result of the

experiment is tested on the test set.

LLM Precision Recall F1

Qwenl.5-7B 0.6101  0.7053 0.6542
ChatGLM3-6B  0.5924  0.6196 0.6057
Yil.5-6B 0.6337  0.6755 0.6539
DeepSeek-7B 0.6118  0.6757 0.6421

Table 5: Precision, Recall, and F1 Scores of Different LLMs

5.2.1 RC-Block and Cross-Fusion Experiment

In this experiment, we seperately trained the Qwenl1.5-7B model, the ChatGLM3-6B model, the
Yil.5-6B model and the DeepSeek-7B model as candidates of the RC-Block, which is shown in figure 1.
We recorded their results on the test set as A, B, C and D, respectively.

We compared introducing the models above with or without the method of RC-Block and whether
the results are intersected after running the model. The results are shown in the table 6. The result of the

experiment is tested on the test set.

RC-Block Intersect Precision Recall F1

False False 0.6720  0.7390 0.7039
True False 0.6694  0.7418 0.7037
False True 0.6638  0.7395 0.6996
True True 0.6780  0.7456 0.7102

Table 6: RC-Block Results with Intersection

The experimental results indicate that both the RC-Block and Cross-Fusion methods can effectively

improve the performance of large models.

5.2.2 1U-Block Experiment

We completed the training of four models using the RC-Block method and generated outputs A and
B for the Qwen1.5-7B and ChatGLM3-6B models using the Cross-Fusion method. The results C' and
D were obtained by running the test set on the other two models. The results were processed using the

IU-Block in different ways, as shown in Table 7. The result of the experiment is tested on the test set.

Proceedings of the 23rd China National Conference on Computational Linguistics, pages 51-61, Taiyuan, China, July 25 - 28, 2024.
Volume3: Evaluations
(¢) Technical Committee on Computational Linguistics, Chinese Information Processing Society of China 59



Computational Linguistics

Method Precision Recall F1
ANB 0.4527 0.8513 0.5911
AUB 0.7257 0.5649 0.6353

ABC+IU-Block 0.6152  0.7941 0.6933
ABD+IU-Block 0.6109  0.7956 0.6911
ABCD+IU-Block  0.6780  0.7456 0.7102

Table 7: Results of Different Methods

The experimental results indicate that the IU-Block can effectively improve the performance of

large models.

6 Conclusion

This paper proposes a novel method for constructing CPG, significantly improving the accuracy
of their construction. By fine-tuning large language models, a model capable of constructing CPG with
high accuracy was developed. Considering the substantial time and space requirements of large language
models with extensive parameters, this paper explores the use of smaller-scale models for this task.
A system integrating multiple small-scale models and a fusion runtime system was constructed. This
approach successfully used smaller-scale models to construct CPG, achieving similar results to larger

models but with significant savings in both runtime and space utilization.
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Abstract

Chinese Parataxis Graph is an event-centered single-root directed semantic represen-
tation graph, which is of great value in semantic computation and application. In the
task of semantic analysis and evaluation of the Chinese Parataxis Graph in CCL-2024,
in order to overcome the difficulties that the Chinese Parataxis Graph is a single-rooted
directed graph, contains implicit event words, and its semantic relation types are very
rich, resulting in too many relation types. This paper proposes a method to transform
this task into relational extraction. In this method, the labels are expanded into for-
ward labels and reverse labels. Secondly, the input is expanded by adding the implicit
event words to the input, and there is no need to predict the implicit event words.
Finally, it is subdivided into relational extraction tasks without implicit event words
and with implicit event words. Experimental results show that the F1 value of the
proposed method on the official blind test set is 64.44%, which is 33.41%higher than
the baseline model, which proves the effectiveness of the proposed method.

Keywords: Relational Extraction , Semantic analysis , roBERTa , Chinese
Parataxis Graph
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ZITEEIEFE D o roBERTaIRALE T AR AR 7%, =&m Tt ERE, £l
Gt R T e SEEREOR, FTLIEFMA T ERIE, AW EREE, BRI
PIECE EFRE S50 T, M TIEWGPT-3iX B LY | Yl ZiroBERTaME: & it 75 1 ) [|] B8
¥ . roBERTafEBERT R _Eitt4T T — RFNNGHITMBS L REE, LURTF TR SOR
R LSRR BB HEAESS ERIMERE, X R VRE R R R MEUE S5 FIEL
TR L, [ roBERTaEZY AT LSR5 B8 17 i SR I AN 77 2248 F B R B

BEEERS5IFENES), AR EESEE IS FIFEETTER TE (N et
al., 2024a) - XN TEAEE X5, BRIEERZAIZHENT7E . HEEEGRIE TIE O —
Fl (FREFE et al., 2024b), FrLAR] DMESEMIE XAt EE, HOHRIE FER - E X
RFSE o X TIETEN S B SR RN T E LS T EFERER, LU E & B R#H
— IR IREE NMERS% - RO SEA R R

3 ETRAMB IR A EE SR 5

HT A TCCL2024-CPGEUIR &, Tl 1 O ALK B FREUR A S i i 5 £ 501 % RIHEL
RS 5r KL, THEEERE N = I {wordy, wordy, Relval} - EFEHLZ T, B A& KEIE XHEZRR
WRAET: HE, PXEAEZREREME, Bl{word;,words, Relval }FIF AN RERE & B #t -
Bk, RS PR ESRR LR BX R AAET R, RN, ZESTHEIRD A SR A
X HIMAERAY, BTEEEEF/EHINGN, Lo AREREMRTRESIMNIN - &5,
ZEARER R RIRE S A WATE, B NFES RSN KIE, RARESINE, A
BN G AN -

N T RER ERRE, A1 RlE T LU AR T

1. ¥ % wordy, word BN R FATR 9 BFRZMARE, word,, wordy TE I H FIALE
aElE, WRNEBERE, RZ, word,word FIAL BERKAF MG R BN RIRE, it

VE“FREE reverse” o

2. B EEME AR AU . BA TSR S, ROV ERI R AMBUES, AIHA R
TPrE A REH B RIRSPE SRR, R EL A DU € AR 3 <SR SR> IR S A K R -
XE, RS IR AT, AT RN, MR R LS -
3T, BATRIrERESEA AN ER 25, RN RE S 5 EE A R

FIVRZE NI “_reverse” o

3. BRI EAFER R B EEIREMGEE, SRR BRI TR, Fdl]
RAES RN RCT WATAESS, BIAE SRR SR ) o< R TR 6 & B R R TR B R A il
B o
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. Efl:
- Gty ARE B2 s
.. L ” S 2E 2 1 R T RO0D>
HEE S 2 T R s CAnd>eeeen M B
RisiER ERRE
B
(EMElE, £F8, NER) (FEMELE, =08, NER)
(&8, 2. A0) (=g, 2. A0
(2, RO0T, Corelord) (2, ROOT, CoreWord)
(4~, FiB, EntityRel) (4~, FFim, EntityRel)
(R#F, FHR. EntityRel) (R%F, Fif, EntityRel)
(Fig, =, AD (FiF, 2, Al_reverse)
N N

RN kel I oy I R D) A e

R T BRI AR SR A B, FRATR B RS T b B, AT PR 5 SRR B
B EHEEBEFRPREAERIE, 5 AW FES - BATRXBAF S 2RI AR PRI K
RIRFIETIRI O R A (58 RIAFIERIFI L R 43 RAEA 46 F chinese-roBERTa-wwm-ext-
larget& ) | WTBEIN A FAESERFZMBUNE THESR, BN AERNES, Nk
BERANE S EE USSR . F22 27 BB A RER -

EHEE

FEIHRNER

l

[ sexpmEm ]

;
chinese-roBERTa-wwm-ext-largef&&l

(AR AR
SEpRATIREE

steeEn

2: BARIERE]

BHIG, N RARRIGER, Bl mEE 5 o a0 A RS ST A S s A0 e B i
HSEAASKT o BB FE R R, FHE B SR 205 H 738 LU 3 ) SR SR AR IR SR - 3K
e AL 35 IR AT R ARG, BREERANERITR, B85, Lik2. &M
A o PREH K “yes"Fl“no” » “yes {UERM M EAEZEERA, “no” URM DL ZAIIEH K
Ao

HIR, WFRADIMGET, BT A BE T 1] B S P M7 5 2 A T ) S (AR 6F 1 55 A
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Akl k2 PR Al
SR KE yes  EARPFEPAGIERL, FERE 1A -
il v no  REHUL: AR EMLIESIHA PG, FERR KT -

1. RAHIEIESEES]

RMEEE, BRI AR, LA 3 EBHE TERRHIIP R RER, nfEE, BiE
Heafh, JFELLIAFN. RIS, PrE A RE LRSI B RECE N 13F, SR AR R DL <R
PSS PR RRIMAT - BRI R &5, FIE S5 RETRE B AT S 1
HIR R BRI R BRI R R T BT A 0 MRS, RIFRES 73R LR Rl 93 RO 448
FIFGUESE o« BEEIRIIE NS R IMER, FREEER D N T3 5 B DOR A -

chinese-roBERTa-wwm-ext-largef& FIZEH @15 = FE & 5. roBERTaZmiS /2 < SEREF
TEALEE Z RS 2R 2 -

3.1 roBERTaZiLE

B, R AT H i tokeniE 1 roBERTafE A 9%, 1554 1 token HIBSBUIR AN A7) T2
FEFER (BI[CLS] tokenfJFER) -

BEBAATRRANX = {21,22,..., 20}, HFn NATFTHIKE . @13 roBERTaE Y 1Y
B, BES Mokent KRR H = (h, by, b} B TARHNE T gy

H, h’[CLS] = I‘OBERT&(X) (].)
:/H;EP, H e RnXd, h[CLS] S Rd, d %ﬁ%ﬂtﬁqﬁﬁﬁ/‘]?@go

3.2 SEARKHEALER

KT 50 A IRBIRL AP AEAE R R D SEAA, B I 0 SE A 1 FTA token RS RUIR A BT H{HA
FORERRIRE - BRI, BixSiRe, WitokenRIFIVEE N[, 5], WSEike; FIFFERTA:

J

1
= h 2
R @)

NTEWITE, BATE LEAEEEerask ¢ {0,1}", M HMNYE € [i,5] B, ePask[k] =1. N
ARSI ER] IR IR -

mask
e} -H
= S maskia 3
O S R ¥
A3, SSfkey HUFFIER TN
mask
_ et H A
o S ek W
N T ERSHAFHIERI R REE S, R HE N — R E R IR R OE R AL
¢ = tanh(Weeq + be) (5)
e = tanh(Weea + be) (6)

Her, W, e R¥*d p, e R
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3.3 HRE
R A F I [CLS) RS A SR PFFEDHER R, TR RA RFHIE R &
hconcat = [h[CLS]a ella 6/2] (7)
EEF[, hconcat S R3d °
N T IREBEANZALRE ST, SRR BRI 0 &= 1T 2 I3 — 1 Fldropout A0 2

hconcat_norm = LayerN Orm(hconcat) (8)

hconcat,drop = Dropout (hconcat,norm) (9)

e, B E R ) B BT B 5 R R 2 1] -

logits = Wouthconcat,drop + bout (10)
:/E\:EPS Wout E RkX3d’ bout 6 Rka k ﬁ%%%%uﬂ,gﬁ%o

Relation Determination

Output Loyer O O O TC) o O
Normalization Layer (O O O OT O O O O)

G v 00+ T+ (mm) + ()

Entity Feature Processing Layer Average the entity hidden
state vectors & activation

] (-] [
i j f

RoBERTa Embedding Layer | chinese-roberta-wwm-ext-large l
f

Tokenizer Layer Tokenizer ]

BN = 3 s i s s s

] 3: HEREIR A

DL E = FEE U E LAE, chinese-roBERTa-wwm-ext-largef 2 GENSH R 1T
FARMBUESS, ATIRA] SR A AR SR 22 [R] B 5% % -

4 R
4.1 SSRBRESFMTIA

ARICSETE R R FCCL2024-CPGRARHE, 0.8 58 B [ 7 SCHCR B B2 RLAI SO i
PERRT R . SR EUR R & AR A F - BAEIE RS « words, words Midx, HIFFER

SEERE R o AU &R 8 ISR R AT UE 5 43000 R BRI ZRARRL « ASUCHEIIR
HFUEMERERIR I IR, HAT B =0T

Matching Tuples (11)

Precision =
Generated Tuples

%:+£E¢Eﬁﬁ%%%ké%1%.gﬁﬂiﬁgﬁ.ﬁﬁ.$E.mm@ﬂﬂ%ﬂé%ﬂo
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() 2024 PSR B S HIES 2 HWERS 67



HEESY

Matching Tuples
Gold Tuples

Fl—9x Precision X Recall (13)

Precision + Recall

Recall =

(12)

HA, Generated Tuples NEALTIMF) = TLHEAEL, Gold Tuples HMIRE /EMEM=TTAH
£ A54, Matching Tuples NIRRT ) = TLAHE A SMRAE /5 LR =TT HE S R 5K IT
BEAEL .

4.2 ERPSHRE

AR ARG TRMUA fchinese-roBERTa-wwm-ext-largef&2 , SEIG M R SHOL BT &
PR o

ZH % ZHE
attention_probs_dropout_prob | 0.1
bos_token_id 0
directionality bidi
eos_token_id 2
hidden_act gelu
hidden_dropout_prob 0.1
hidden_size 1024
initializer _range 0.02
intermediate_size 4096
layer_norm_eps le-12
max_position_embeddings 512
model_type bert
num_attention_heads 16
num_hidden_layers 24
output_past true
pad_token_id 0
pooler_fc_size 768
pooler_num_attention_heads 12
pooler_num_fc_layers 3
pooler_size_per_head 128
pooler_type first_token_transform
type_vocab_size 2
vocab_size 21128

* 20 FRSHOLER

4.3 SRR

10 FRENIIGRE . R A NAIMRELAE A S B F A B SS PR UERAER 90.9653,
RARBIERAE SRR AN ES FF LIRS ED0.9840 . REFUERG, ([ELFREE ST
FIRARRINS, XA SR — s, IEAART RS R R, Bl “yes” 2l “no”, W
REFF NG R R AT HERE, B S IR AR IA BRI ) SE R 2 d £ - TRl
RFEE R ERE T — M &/DBEIE, ZaEHN _HmE, PR SNIIENEEE, BT
% HE A B R Softmax U A — LR, B H AR logits, A “yes” SREENS B Hilogit K
Tobsf, FMSE Ry “yes” FUSEARN A TR Y, SNTERL, HR P EER— MBS, &2
T EZRRERN L, B NBI{E 20, SLARLER &AL -

KA RAIRFI A E TroBERTal R AMBUREL, N T RMEIRZILL, & RHRIERERY
o, FATUIGE TR RASRER, HmE, BT AFEEEFINESENRES TH
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Ptk AR LA BE, B &P R ERELRD, Fril AMarco FUERVL, ANHEETE
AR A SR A 5K R RIETIEAAME B, {H M Weighted FIRE , WEEIESFFIAAI K R0
RIETIVEREIF T AN BSIETA AR R 0 RAETIVERE, & HF1990.9524, 5% 909287 e,
KA TS GERTE S, SRR MR ESTIAE, A EE Eidx, REIRAL
R, HEFN TR EATNE LISRIF150 764.44% - FUEAEEE GBI B TER R IRBI
Br, “yes"F“no” FREE AT ANEIE, KR REEREE “no”, FTUFUER EIT = AHENR,
FERELEERE, PrE0RERN ao” MIFOLEHIRL, Fritm iy 5 RE5R 0 “yes” FIER,
HFUEZ TR -

4.3.1 ¥ RHR

FATEEHE T chinese-roBERTa-wwm-ext-largef 8 45 5 & I T IR E FEE /D r0iE
NARE, BRI ANEAR o B AT T X B UE R L SR AR AT, 0% H BT R Wl chinese-
roBERTa-wwm-ext-largefB 2 S E H SR A01E UARES, 2T REALE K008 CERREFIAE RCRE T,
% [RE KR T OR 52 BGX — FB 4018 AR FIPRTEAE S5 -l X & & B R e hR 35 /8 S 2
>, DU EIRERILE, BATLZ AR FHE MRS ER A BB CERRE S (W, RARFE
. RABHHRXRRLITTARREHFENS, KRLTIER X RS EEFEMF, RREHE
Bk REE AR RSB K RN, W RARABHARORSE, 1EARRFHRESE,
MHERK R AMERRSE, BTRABEESEMHW) 25, B SIEEMIA . BN GE
BESERIM AR HIAEIA - b, FAT7E B2 E By A KT 6 b8 B A 103 SRR SR o= 1) 89 7
R, R KR 22 SRR TG PR TR R A) F AT AR o X T iXEebrss, FA T AR A
FEGPT-4~ ChatGLM -« deepseek®, BHAHKE LA SLTAEYNGREE HHEIXT N FIF, FETIEE -
E RGBSR IR R A EYERE - LT OSSR R AR APIR S| = tH, W

PTOIMpt=

“FTAF R ESRIERERNE T EE RIS - KER: “ER R TR RE
.7, H—1=JTH(And,¥,A0), EHEHSRI2EFRNZF2EKDE - KERFH B EE
XN MNER—1EAE, PRENAnd, X NEEEF U R—FAORIR R, MY TiHAGE—
FEEEIBZEIMRR

ST AT R E G REERIEOR « && - TSR AHERASERE T —BEE#A0T
S FE . 7, =ZILH(And R4 JER) K —BELEAN T ZA R Andin, EZAFHE 4R
M B T R

LN, ARIEMNA RS HILXERXR, FNAMEEMRR, WAFEREAndR
BREIREE

BIR—H— B EE, HAH LT S T Z 588 F F*AndFIA0*E, & *AndFIAT*E,
EF AndFA* B E * AndFEE*FIR R, FHIERXERE -

sent=[" 77175 BIA] 7] results=[(" And”,” 7] EHIE" » A0/ A1/A2/TE )]

4.3.2 5EERFMHIL
AXHRHEMWETRXRZBMBOESEE XS A ES D N64.44%, 5 H &
K7 B A L 3R A T33.41%, 5 % K B AIGPT-4%¢ B X A b 8 A 1727.15%-
el R i I oy N - Wi O ?'Echinese—roBERTa—wwm—ext—largeﬁ M HF1S 9 K W br &
WPN -~ CompPN -+ Conj~ FW - TM . PF . SF& 17 B3 . 4 KR/ MERI 25 R
BAF1964.42% - FHIC B F chinese-roBERTa-wwm-ext-larget® A4 15 5015 flF T

4.3.3 FERSHT

RIS R AP A, RIFRHTEDREERRZLL - —J7H, ASCHIREE
BERE—ERRE LR TEARNE P, HEXSSEMERELE, NMRmEa
fE o HIX, MTREMBEIAITRE, ARERREEMBEAMRNE, X2 SFEEFEHIZ IR
FIBE B AAPR AL BidxVRE R fEE —ME, X RSP RERNFUE . »—JiE, fERE
BPINH E, ARSCTEENRE, IR E R A 2SR S#THOE, IrRARRER TE
TEE T B—

Fritbzoh, AT LI REY R H 4 H KR X chinese-roBERTa-wwm-ext-largef& 2 K
BETHE HI SR AUPRE BT MU, 1S 2IFUEABA A KR I E e m, ik, FATRR
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L RGE F155 (%)
FL MR 31.03
FEELCPT4X H 37.29
chinese-roBERTa-wwm-ext-largef&#! 64.44

e & ] A (GPT- | 64.42

4~ ChatGLM - deepseek ~ chinese-roBERTa-
wwim-ext-largef&7 )

TRBLBREREIR AT T BT - FlTR -

1 REEBAERAEE: AR TIERARPBN T, BT ERERINE, KEAT
S HOAEM— %TTHIW%ﬁﬁyﬁﬁfAiﬁémﬁ PUICeH S, KRB A AN AT
7, TENRE . FREFRR AT

2. MR ERET L. BATHEE, XERFEREARS HIREV, AR L2
—MITEER ERRE, KA KER AT HASEZRE, H2SEFETE-

3. BRZ EFIORG: BT RIARHRERS], KERTE2 B EREN T, FrLl
Rz B ICESI RG], XS EORRR IR A -

5 &5

TR B2 T 2k AR B o SO & T SURBATT U5 1l 5T 28 20 SR R I L I e iR 3
& E R RE [ R BRI R EE IS @%#ﬂ%%ﬂ%A%%&ﬁ&%@ﬁ%#ﬂm
TR B R A BUESS - T REFIRZERFA, %MMﬁﬂﬁA?E%,%T@ﬁﬁﬁ$#
T H I A BN AL & FE PR FE LA R o R EL,  RIBFIZRP > 7 SRR 0 T X —#f 0 R AE
PREE H HRGE R R R AT 2 SRS 45 RAERA Ki%ﬁ%%%%@ﬁ%ﬁﬁﬂu%%
Flwordy, wordy FIIRFF, LEEES I SR A RITT NG —IEREME AR 2 (8]« BR8] -
%ﬁ%#ﬁﬂ%%ﬁ%ﬁﬂz@%%%mmﬁﬂ,T%%Wﬁ&ﬂ%%%im%ﬂ?%m%,
A EATRTEE R B BB R - £ — SR LIRS, AT L% B i i KRR kR T
RARTLRRR AT LR 5 R 5 iz IR S R U 55 L -
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W

KX T BTNHERE = EPEITEIES F R R G BIE SUET v 5@ 58 /Y
AL . HIEAKE (Chinese Parataxis Graph, CPG) &AM NHORNIE LFE
fEE, AT AFERBRES Bl —HRER, & —MEREST BIEREFE
MFIETTE . BT RIESHEAATE UET S P rtsERE, 1% Llama3-Chinese-
8B-Instructf& 2 1T T LoRAGUIH, HHBEWEMSEH L ESBRRIE=T0H, H*XK
TR T (Sample Design Engineering, SDE) #5311 HUAE AR5 1T -
BeAh, BATEN ARIRESAT T 90 K60H, RIS KRB R 1 PR GE ) LAY
FE5 o R, BNNSTAGAEAES LM PN E EFUEXFI0.6461, 7RI
IR T B =2 S -

KR, R . U . KIEEEE . BART TR

System Report for CCL24-Eval Task 2: The Chinese Parataxis
Graph Parsing Based on Sample Design Engineering and
Fine-Tuning Large Language Model

Han Si!, Zhiyong Luo'*
'School of Information Science, Beijing Language and Culture University
2022211986900@stu.blcu.edu.cn, luo_zy@blcu.edu.cn

Abstract

This paper introduces the system we submitted in the shared task of Chinese Parataxis
Graph (CPG) Parsing at the Twenty-three Chinese National Conference on Computa-
tional Linguistics. The Chinese Parataxis Graph is an event-centered semantic repre-
sentation graph that provides a consistent representation of language units at different
levels, offering a versatile and extensible method of semantic representation. Consid-
ering the superior performance of large language models in semantic parsing tasks, we
fine-tuned the Llama3-Chinese-8B-Instruct model using LoRA to enable it to generate
structured parataxis graph representation triples. We also employed the Sample De-
sign Engineering (SDE) technique for the design of fine-tuning samples. Furthermore,
we conducted classification fine-tuning for different labels to explore the model’s per-
formance in predicting various semantic labels. Ultimately, our system achieved a F1
score of 0.6461 on the evaluation set provided by the task organizers, securing the third
place in this evaluation task.

*EEUH: EXARREES (62076037)
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Keywords: Chinese Parataxis Graph , Semantic Parsing , Large Language Model ,
Sample Design Engineering

1 58

B SUENT TSR B RTE S SRR N I RIE UROR, ST B LRES B AN 0T AR
AOTES o 1 UBRHTE B IRTE S A0 B AT R R S LA, RS UMETE SR B ORE 575 R E e B 52
&G LFRRTE - SR LRSI R KRR, & B MR AR il R R (Abstract
Meaning Representation, AMR) (Banarescu, 2013), ‘Ef&f]FiE LRRITIER—F, ©F
AT R RS BYESE N AR OIE SO, i B BT SRR AN R R AR TR A SR
7, EFRRANFRRA RS T S Z AR SRR - FEE AMRZHIZ B RKHIRE, Hib
FEEFBESHAMRIBRIZENBEITEE, Liet al. (2016)FAMRIEEIF3L, HAHHF MR E
X #7~(Chinese Abstract Meaning Representation, CAMR) - IT284E | HJF K (2023) R HHE A&
BHEIE, ERUFFERFORIESCRIEE, WBERE R E, B R s RS . L.
JBIERIETT, AR, FORBITEPELRR, BEEISKERNGT - BE . RESA
[F 2 AE S BT/ E— T SRR (B Ret al., 2024) -

E L] IDEILTT

KR HA%IETT

EHE BT

KR ST

K-Mod

H{tE REILTT

[ESAESLEE]
HHE KRIETT

P
LR FARIETT
K 1. BAEMRER

B NRRITERZ R HES T8 U EOR B2 - HE, FP6FAMRIE U I E T 1%
FES N = ETEEITTE(Graph-based)(Flanigan et al., 2014; Zhang et al., 2019) ~ £T
¥ 1177 ¥ (Transition-based) (Wang et al., 2015; Ballesteros and Al-Onaizan, 2017; Astudillo
et al., 2020)F13E T 751 2| 751 1177 1% (Seq2Seq-based ) (Barzdins and Gosko, 2016; Peng et al.,
2017; Noord and Bos, 2017; Konstas et al., 2017; Xu et al., 2020) - Ffi&E KRBT HIE]E,
—BER R KA R G| NTE LBHTIES5H - Yang et al.(2023)RR T ABUE S A2 B RENSE
%Seq2SeqE 7 AAEE ML TINS5 EAFLLEH - B30 et al.(2023)1%F A Baichuan-
TBIEAIR i i i TE M SR B A BT LI CAMR -

©2024 FEVHEIEFTEAE
RIE (Creative Commons Attribution 4.0 International License) ¥FA] HAR
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PE G E

2 E A, Bl T Llama3i)H AR Llama3-Chinese-8B-Instruct {E A J& BEAE A |
7E B A B X H AT TLoRA (Hu et al., 2021047 3R A B BE SUENT - BT R0
FEAR A AT 2 B3 KA OR e AORICR . Tl 12847 7 FE A% 7T T2 (Sample Design
Engineering, SDE)(Guo et al., 2024)% 1t - bk, ESLE RS, S St A3, KBRS
ﬁ?ﬁéﬁ%@ﬁﬁ%ﬁfﬁmﬂ Fit, FATEE T ARPIEEI)IGRERS, HXIT s RH#A T THE
51 -

2 HE

FATE X F R A BEIRE ST T ottt MRIESUTHE LIRS BT T SDEX
1t o FERIT IR AR SE FRUFLIama3-Chinese-8B-Instructt& 81 4E s 45 L & A B’ RIE =TT
Ho NTHRENEEHERPTEM TSN, O T —EHNH T 50 -

2.1 SDEi%Xit

RIERE BINES T S50, BRI B & BEIESE L E30005% 7] HRIYIZREEE, $
HIL T 63 E AR, HFR T Z AT P IAEZ A AE LR AR, AR B R AT
FhFE, BT ABATIN DY S0 & BE SURIT RS & — M BOVE R R ESS - MAZuh s R
TR RE AR T, AT LU A B DR A S5 A T i 55 AR IR 1T AT (Guo et al.,
20;;)0 B, AT PRR o SCE & BRI T T B, fEH T SDERIETAR FERM
VAR ESLIT

ELN L N W

EEARAFMHA T CELRER, ARRAGE, B¥YW e mREFH, SR BEGEL, AHH
WZ, ATFEAMGELLER.

S A 7 VA Fjsont XA

WAH S IFE S F: {{"sent’:["w0","w1","w2",....,"wn"]} }

AT ELSBAGEMET L : {{"relData":[{{"word1":{{"word":"w0","idx":0} },"word2":

{{"word""w1" "idx":1}},"relVal":"xx"} },{{"word1": {{"word":"w1""idx":1} } "word2":

{{"word":"ROOT","idx":-1} },"relVal":"xx"} },...,{ {"word1":{ {"word":wn","idx":n } },"word2":
{{"word":"wn-1""idx":n-1}},"relVal":"xx"} }]} }

Hr, F—AaEdE—f=au: "wordl". "word2". "relVal', "wordl";% ¥ & ey K A&E, "word2"% £ F# Y
Bk, "relVal" 2 "word1" 2t "word2" 8935 AR & .

"wordl"Fu"word2" {34 €8 F B A BEwordfeF B4 Fidx, HwordHh 4 PiRicet, idxAigiE AR A send" st
IR P AR 6T AR (AOTF4E) |, HwordRsE &) F i iCat, idxagsf ik Rdo T :

[{{"word":"ROOT" "idx":"-1"}}, {{"word":"And","idx":"-2"}}, {{"word™:"Or","idx":"-3"}},
{{"word":"Ref","idx":"-4"} }, {{"word":" B} - & &","idx":"-5"}}, {{"word":"# #f £ & ", "idx":"-6"}}, {{"word":"4: 37 £
£ idx""-7" ), {{"word ™" B R 5% A" "idx""-8"} ), {{"word"" Sk X 2" idx""9"}}, {{"word™" B #9 &
Z""idx":"-10"}}, {{"word":" & &","idx":"-11"}}, {{"word":"Is","idx":"-12"}}, {{"word™"QS" "idx":"-13"}}]

"relVal" 6918 8 T LA A T 5l & b it 45

{rel}

B
{sent}

i

rel = ['EntityRel', 'A0', 'A1", 'CoreWord', 'Mod', 'Time', 'PN', 'Jf 7| 524&", '3 7| F #', 'Entity', "B 19", 'Conj', & 57, 'A2/,
'NER' "R F4, EE L ERFACRBFS, AT FA, TV, B F4, XA, TR BRTFHRTF
L URE, R RA R F A, S F 4 SF, 'Event, PF, B F AR B FH U AAFH, B A, 'CompPN',
'‘Comp', SEF F4, 47 F 4, M@, WATRE, TR, IKEHE, HAGE, M ERE, RAEFH, KRG FHK, Merge',
"B 2B RAR L BRERE TR B G HHBEA TRV AELR, TV, R F 4

Bl— 7 [ F—wnwws [ @ e
Bl 2: B AR
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HEESY

R, AR AREA I E PR « BMRAREARLZZAE TS NE, 2509
B 184 - BAEEEAE HER -

o BRI XES EIRIME G T Ay SR, A B AT B A PR AR A SCR S B RROR T
o T84 MEAMEALITR BHITR & BIE BT 55

o WINERE: EAEATE T E T AT, AT R TE N jsontE 2, “sent” FELH
¥4 R 5 T3 U A A B AT

o MtHTER: VRN AR f it o, IR i 5 2 H A5 A (L json B 20, FF AR TR
R T B R A (B850 -

TR AR BT SRS, FATRA T Guo et al.(2024) TAEP L LIS IERISDEX
Wy Bo, BATR LN 84 DU e iCE TR RS SORZ R, XHEEET
RIMETIRESSEARRE /1, HOR, FlobE o hdkg s0te, wd U i eiR A LR gk, B
PRINAE 55 B8 ZURIEAC A json 8 20, BT ATAT AR B e 50 (L OB A 3json; B, FdT13%
MR SREE R I BABIIR, WK/ NHESIIE SOhREE, LSRR BN H IR B 2 PR 2 ) R TR
i

2.2 KERIFHOA

Llama3-8B#& — 1~ T (X fi# 15 23 TransformerZ8 M4 N £ 18 S A, THH L0535, i
1577121 FRIC (tokens) FY A FFEUHE £ 4R, CFE819280 £ N LK E - 5| A5 HEH
FE N HLH(Group Query Attention, GQA)(Ainslie et al., 2023) ~ ¥ KA I < B H 5317
#y ~ W0IE R K NFE B N RN ZRERE 5, Llama3-SBREILH T 38 K AYIE F B A4 Ak
fE77 « Llama3-Chinese-8B-Instruct1' /& PALlama3-8B & AE AR 1) SC T8-S ORI RRCA - A1 T4
FLoRA(Hu et al., 2021)%Llama3-Chinese-8B-Instructt& 2 747 1 W EHHOR, RO H 1251
WEIRITR -

S SEUE SEE X
MK 4096 LA | L) =055 NN 53
AR 5e-5 AdmaW L2 IHTIR 2 > R

MgRREL 6.0 RTINS F L
BRAFEALZL 3000  BPEURERE HHIEARE
WHRM  Fple  VIGRFERREEHERE
LHE AN 1 AL FRRIFEA L =

1 WASEORE
MRS AR A, BT AE M3 Um0 2R R O 1L B 7

J(0) == zlog(P(%)) (1)
z, €V
Pla) = = &)

HAF, VEIRMICEROKD, 2 AESEH R MARME (5 Fone-hot4fid, BHRAM N1, H
RN0) 2 BTN AR -

Yhttps:/ /www.modelscope.cn/FlagAlpha/Llama3-Chinese-8B-Instruct.git
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AR F118

chatglm3-6b* 0.6572
Qwenl.5-7B? 0.6595
Qwen2-7B3 0.6968
Chinese-Falcon-7B* 0.4189
Llama3-Chinese-8B-Instruct 0.6251
Yi-1.5-9B° 0.6739
WA T 0.3103
GPT4x B 0.3729

20 BORAJE ANF] R RERLRY UK 2 A T 45 R

2.3 b

RIEF R R, RO TR AT L, R ORER 1 AN AT e S 2™
E—ERZIN . TH, BATREAEEE LN OREAR, 2B A R jsonfE U TEH -
T GRAFX L R RO R 5 RSN, BT REUT DUN =MUE 4B =X

o jsonf&sUih g ARG RS, BT L FOKREMRG, BEALARAILE IR AT AE 2 B A
W o X FX TR E I AT json iR AT ROTRINEE SR, A R A IENI SRR A IR B & —
FEM=ITH, FHAREED, FHihEjsontdz(, PIRAIRES MR B BT A L

o TRIRSNTT: MTABEENE T AEURE, EFT SRS RES T EHR - X
— R, FATRA R B VAT T R S BN ST . BRI S, AR T A AT
PSR, FATH RS 5 AR RN R R BN T, R SN 2A R A G 7+, T

FHEMMEI: 1) FAAERAGTH IR, WY A5 5 5 N EIAER A
THRRGINFT, 2) HRRAERAGT T HIME R, TR AR E 2] 55 A A7 H i
BTN GRS IO E, T RIS 5% RIRT XS 5F -

o TRNAIEIE: FHERBEMMET RS, FIRES LA BT A A 2518 BE AN 2 RE U S 1
i, NERAGT B X —H0, BATE LA ERNT AR5 25 &%,
AZge 52 B AR TOE/NTMAATIRKNKE . Ho5 a5, BATRAERR A A BRI
FERANATHLULT A5 ARG, RS ANaTE, WERMPRZT mr =7t -

3 SR

3.1 &if AREMIA

R E2rh R RS AE IR B N, TERITR S £0% & T % Llama3-Chinese-8B-
InstructiZE AT T W B GO - B0 IENAE S5 F AR B B % o SUE & BERE £ 1E R I 4k
£, XM EE63ME AR AT -« H T A HAERE, FATEMEFSER S T HE T — R
[F SR IRAEAL, SRESLE R K2R - ISR TN, U5 FLlama3-Chinese-8B-
Instructf B AR IZ AR S5 PR R LER EAL TR BEAFIGP T4 B LR, HERMH T
tt.Chinese-Falcon-7TBER FHIFMERE - IR, 5EHMAPICRIAEN, EMERENFEENE - Bt
AIOL, ERRAR A SR A TR ST SS 7T, AT A fP SGERHE @ ROR A SR SO,
SCOREAY F B H B v )3 RPN e

https://www.modelscope.cn/ZhipuAl/chatglm3-6b.git
https://www.modelscope.cn/qwen/Qwenl.5-7B.git
3https://www.modelscope.cn/qwen/Qwen2-7B.git
“https://huggingface.co/Linly-AI/Chinese-Falcon-7B
®https://www.modelscope.cn/01ai/Yi-1.5-9B.git
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HEESY

BLAN, 87 VA KA N[ E PR BTN 68 71, B TZERUA ) B Llama3-Chinese-8B-
InstructB&!_F XF300055 I ZREE LR 13T THEERTAN - & OB WAREIRE R Ferr, LHIRE
7 B 2B AR TR, B AT

S23000 | f(wordl, word2, relVal) € PiN T : relVal = 1}
23000 | {(wordl, word2, relVal) € T; : relVal = 1}|

Her, PRRFDHGINTINGE R D& FE RN ZTTHE S, TRRF DGR R
RPSHIE U ERI=TTHES -

BAE SRR R EBPTR - ARIESRIGLEIR, BAVLI, AE2E IREMM T, KRS
FAFTE SRERTNEE TFAEZESR - Bk, ZTHERRES/NT0.5, BATRHEIRED N T
FRFIRETT BT 2K, HEAT Tt —2 5000 .

(3)

err; =

(0.21,048] [
(0.48,0.74] [ Y Y
(0.74,0.86] ) —
(0.86,0.995] =3 B b (Ratimz|  [ssmen]
099,11 T2 ) )
BUALE suset)  (sengn) (zesen] (09 b
. - v v 7 ¢ ¢ PN o0.36 Comp 1.00
LT RSEH R Z 45t RFXA FHXR ZFALEH RfExRZR e o
=4
A0 0.38 Mod 0.32 A1) 0.37 SeiTEH o EntityRel 0.29 ity 0:
e
A2 0.61 N = A EI4R 5 088 | | fEBEEH 078
LAVE SEST] B o
TH o089 Time o. &
W 0.67 CoreWord 0.21 ime 024 EHER BEIXZA HIXR Conj 00 ——
A 071 ALFT 0.47 ET— $EBISTIA 052 T o
3% 065 SLATIEAR 078 | | B 096 | | /73054 02 ’EL R
[RE 0.84 SAFERSR 045 | | @5t os | L~ - TR Fiia S 100
B 200
S 085 #ia] 0.60 HEIXR peerayrg— FW 0.49 £
BB FAR | evstom NER 00
SR om AEHEHE 100 L
JR7S 0.85 TS 100 . X 0.84 e
RS 100 EERR MITIE
RS R 085 ERXR 1RIZZHEF 0.66 NiTiEsE HEAIE 075
EE S 100 Merge 100
EEEH 085 PF 0:99
EREM 087
FEMIEES
SF 0.81
1. FRRBENBEERAR S VBXR. BOXR, IEXRASEDXAS LAREMEH—IREN EntityRel”
2. 13" LKA EERICHA
TM 100

B 3: 215 IR EMRERIEIZREE £ A8 AR R IR R

3.2 iEMIRES KA

FEARTT A BATER BT ( 1_easy )5 METRM( _hard \FFHE UFRZERR], FEDEE
BRI NERESREERE S, WHREIBREFNEERELRF N leasy’ I =T0H, TR
MERCHE NS FRE R H N “Uhard” BI=T04H o A5 BIAEX B 9 098 523317 T Llama3-
Chinese-8B-Instruct& ! AW BE R - J TSI AL AIE SUBITZE R, FoA T R RIGUARTY F
TH 25 R BB YRR B AT THE, LRI -

FHSCSG 25 T A, METI A1 AR T 45 RFUEIE R R, #—PHERERE, Al
K —LEIE Y FRE (41 “Merge” “IRASVR S “AlAJR” “H B “B &7 “E & “NEL R “TM” “i%
EEMH) ENGEF REAREREEGE, PEEE A% - X EE U TN 435088 f sk
Z, SEONGEAT S, NI A B AR AT E Al R ME - BLAh, — 9B PR IR EE
A (nATohEA B R HE EREASE) | AETNERRKORRAL - 180X s 3
PRE WIS —5 00T, BATEI, ARENIXETE PR A AR R — A R
W NFE FEFIAH, cHEMCBRRRPMERNITEIES, HR R RN FEE
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R B IR F1{f
L_total 0.625
Total L_ecasy 0.606
L_hard 0.109
Easy L_easy 0.629
Hard L_hard 0.074
Easy L_easy 0.625
Hard L_hard
Total L_hard 0.646
Easy L_easy
Total L_easy 0.604
Hard L_hard

# 3 ARG E TSR - A, Total h 218 MRS | Easy J 78 H B AR
FUIZRAEETY . Hard WAERMERTE S EIIZRRIREL; L total H 2 FERIE MR ERIE S, Loeasyy
BT “l_easy” RAIFIE NI EES, Lhard NET “I_hard’ RAFIE X IREEE -

Ay A BRI TN AR BOZ SE SR N R =J0d, ZSERE “Ra e S PR 51 T e o
BRI, SN X Lt PR KRR & B2 > FIE 4 -
KR
[7%5‘55,75&4 ’,,[/j\E,,’ﬁﬁgj",’i?ﬁ’,’?ﬁﬁ’,’%ﬁ;@\’,’, ,,’F)Tu’,’%?’,’iﬁ’,”fﬂj",’ﬁib?,’:ﬁz’,’/ﬁ
}L7’7$7,7a:7770 7]
{'wordl’: "word’: "H %’ "idx: 12, ’word2’: 'word: 'HIJK R’ "idx’: -10,relVal’: 1T
ER

FATELZI, 5 (o] BR KR SR AT ROR E BY T 52 = 5 TINE SR T IR R, 98T, 1
FH PR RS S A S i P AR T REE T 18 SRR ZE T AR LE, ST, X ] REE IR 9 I AR 17
M EADIE SCPREERT 2221 T 85 TR ST A — OO, X T ME T 78 SR e H -

4 LE5iE

FEARKIFMAESS o, FTAIA FHSDEFHT TR ARSI, HAEREA B R R
PEAT T, DARRIER A SR & BVE SURBRITAE55 - SRAEE RERM], [ SOERHE < RO R3S
RIEF R PAZAL S BB T8 T A SORKRTY 3 BRI A R PR TN B8 ) A B3 2=
5o A, WIS TEAGHEVENE EFUERE] 70.6461, EIZESFTHBUG T8 =2 K851 -
IR, ARSI LRI — SRR - ROR, Ff T BRI A KAR T AN
PR ETMEE AR ERE, FRARSER R AR = AR RETTE SR _E APIERE -

22 SCHk

Laura Banarescu, Claire Bonial, Shu Cai, Madalina Georgescu, Kira Griffitt, Ulf Hermjakob, Kevin
Knight, Philipp Koehn, Martha Palmer, and Nathan Schneider. 2013. Abstract meaning represen-
tation for sembanking. In Proceedings of the 7th linguistic annotation workshop and interoperability
with discourse, pages 178-186.

Bin Li, Yuan Wen, Weiguang Qu, Lijun Bu, and Nianwen Xue. 2016. Annotating the little prince with
Chinese AMRs. In Proceedings of the 10th Linguistic Annotation Workshop held in conjunction with
ACL 2016 (LAW-X 2016), pages 7-15, Berlin, Germany. Association for Computational Linguistics.
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CCL24-Evalft552 5 45k - 30E & BIE ST

PR, =8, BEE', RBRE, ek, EHRE, #RRY
HERUE R (R ERIEEDE
AJERUEF RE BRSO E 5
HEREE R 1E S RIREERF O
guo_mengxi@foxmail.com

W

IR A BT IR B A SCE SRR TR « ARG & IRE T R & BB A9E X
AT, EETRR T AR A EES R SO BT, WL EIE X ATRETT - K
RIFMFEE 143N hRk 4, BERR T AMAIRCE R, R A MR ARE S
WA, PIRThEE - AEPFAELERT R, RIMELF AP K8 F EE LoR AT
FERE TFUENT2.06 % RIS « FEHARIRACERIRE KI5 SR, 43R
TRESEBGR L, £ ERE LR T BREAR L RIES

K. BalE BN EREUESR ; FHIES

Overview of CCL24-Eval Task2: Chinese Parataxis Graph
Parsing Evaluation

=

Mengxi Guo',Meng Li!, Zeying Jin',Xiaojing Wu',
Gaoqi Rao? Gongbo Tang!,Endong Xun?*
1School of Information Science, Beijing Language and Culture University
?Research Institute of International Chinese Language Education,
Beijing Language and Culture University
3Beijing Advanced innovation Center for language Resources,
Beijing Language and Culture University
guo_mengxi@foxmail.com

Abstract

The Chinese Parataxis Graph is a recently proposed method for Chinese semantic
representation. This evaluation is the first semantic analysis evaluation based on the
theory of the Chinese Parataxis Graph. It aims to explore semantic computation meth-
ods oriented towards the Chinese Parataxis Graph theory and to evaluate the semantic
analysis capabilities of machines.A total of 14 teams registered for this evaluation,
with 7 teams submitting results. Among them, 5 teams submitted technical reports
and models, all successfully replicated the results. By the evaluation deadline, the
best-performing team, which used the LoRA fine-tuning method with a large language
model, achieved an F1 score of 72.06%. Among the 5 teams that submitted technical
reports, 4 teams used the fine-tuning method with large language models, indicating a
current trend in technological development to some extent.

Keywords: Chinese Parataxis Graph , Semantic parsing , Evaluation , Universal
semantic framework
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1 ENE S

bEE HINE S OHEE RPN A&, 18 XM ENESHEBMEZART S, %2 T2
FIFREFIFS . BA KRR B RITERE R —MUEGNFOIE LR RTE, RABRRE
R E - SR . BHEAEMEERR - SEME LERES ZEARERHEALHITHE
MEIFER, WA AF -« B - RESARZIRINES BoEE NEFE X FRR T RS
B 71 RkiE i G — PR RHEZE, SANFEERAES BIeH T — 8 EE R

BAEMEISEN T RIS (FELRK, 2023), LIRETRAEICEMN TRLE (EH
3, 2021; EFH, 2023) - @ TRESSERFAEM I 2E TR A EHEIREN, WET ZENE
G EIBERE AR R (BRSE, 2024), HAETER ARG ERIE U ARWE T —HEEEE
NAMEBIR (FRERSE, 2024) - H THREBAESETE A E, FPRME S FITLEs 19358 LT
A7, FRATHL T AR A SCE A ERE LRI -
2 PEMAESS
2.1 FHRMES

BAERHEIE S TR E PR, —FR I SE S 5l v] gt 5 A HE Y B (B
TRER AR, A—F RISt el gett R PRI FEY R KR, HENRM, BAREFE R/
EHHRNBEAERITFMERN—BEY, B _MEHRNEAEMEBITENXRREN . BERBES
WVERNF AR OFR, B — SR 5 e a) B IS el R SHE A IE 5 5
JC, WPOEME AR BN AR E S E R, G0 R R AR A A S B DOB RRIR B 4% TRNE R
E,Wﬁ$#ﬁﬁﬁ%é;%%%#%%#ﬁ%%%ﬁ%%%ﬁﬁﬁywﬁ%%§Mﬁ%%
[Iaray

BARERE NEIHES INIEM b, o EEt N A 8, HFERFEZE
Ak, LUMETFIEEHE LA Erngit, SIERESY BHIFRENE LRIEAE . HEZER
AR A B S NG S ARG RER 9« ARG N E N BN S E AN
¥, SRR NS AT 3 — 25 9 AR N O RIS TOEE ) « B ALEM « BFSg5i, BHAh SR
NE N BRI R R BN, SRR 4 R SR N G54 5 SEARS MR, STAR P 25 A RS04
B S B LS, SRS E Y R 22 AN SR A A SEAR e RFAR LAY o« A YR BT & A BIRRTE
%ﬂ?%&ﬁ%%%mﬁwﬁﬁ;%%%ﬁ%%%%#ﬁﬁﬁ&ﬁ,%ﬁﬂﬁ@%ﬁoﬁw%%
RUELFTR -

U A U

- R0, AT, A3, TH, ¥R, 75X, R, T0A, FIA, 0

o) HOR, SRR, R, RS, WA, A
CERFAELTELE)

AL Mod (RPN A TS PR

B A], BFIRIYR U, BRI 2% 5 Time  (REOGPFIN AN B S ISR [R5 84l 5r)

SESE GO, ANFIFIRAL, AOFTE A, R
SEARJE EntityRel (SLUGTEMIANH LR E M)
N Comp, NER, #HAIE, Merge, B4&, B, NEAR, EibAR
B Rl PN, CompPN, Conj, FW, TM, PF, SF, X
Table 1: BHEEIE XIRE (F4)
KEFEMH (A) XFRIIR RIBTT
7R & EATEM, EWEH, RS
iR R EARFM, St

Table 2: KARFHF LK RILTC
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Table 2 — %

EREF () SITAE S 305
EFZ EER, BEE
FEEEA BN, ERER
ETEER ZEEE, LREF
E[E3A BFEE, AOEE
URIES S HEEL, 1L
(And)
ﬁﬁfﬁ L, SRR, (RS
[FIFER A Entity, Event
(Ref)

SIEEE (NN 5 SE % 2
B RN BT

EHA BEILTT

KR AT

EHA BT

ZETT K-Mod

ST @_‘ ‘|
P P e

HHE KERILTT
[ESSESLE]
HHR KERILTT

SEfR FRRIETT

[ESAE=LT]

SLhR FRFILTT

Figure 1: BA KRS FER

2.2 fESEK

AR S B ST PRI 55 OUE SR A U A) 700 & BEREZR BT, Bl A BT 73iA
JERIAIF, ARG EINEZREE , T A A SEREE - SN « IS G555 R N BT
o3k, QORI RS B TR A RIAT, B AtaiE et R B pREE « IeAh, AVRIFIAE
55 Z BN A] BATEBIE PR B AT SCADIRG,  (HERAAZRIE A bRe 17175,
AELERFHITITR -
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3 PENEDE
3.1 HESH

AR PEMAE 55 B AR B8 B EL HBCC  (Beijing Language and Culture University Cor-
pus Center) (H B RS, 2016)E FrH SCHE W5 RBHE 5 o SCE N ZES O HT E E ok, 3
T5000 5 PMETEEL « BRI A AIR3FIR -

E PR XA E FEER | FrEiEet | St
GRS 701 1299 2000
PRI 351 649 1000
TGS 351 649 1000
IEE S 351 649 1000
=828 1754 3246 5000

Table 3: 510

TEUIHRGE, AUGFIES R FSTRMOARTET RN PR E MRS EE S AT E
At . BEMECGRBAS TR AR, BZFRAMMETEE R, FHNEE FoRE .« 5
AR B MR R T HEA -

3.2 BUEIRE

AR RS R 8O AR 1R 5 B R R EEMEMTEAIES T EMRE . BT
55 SE RENLIN AT SRR, X5 X7 FARSE B B IR B A — B ESS R T e, BiE
ME—PRESER - TCIRTAR— BB oL, HEEE N NEITHIN . Ba 8 AN PRES R T 2
£, FHREBIERR. Fit, SRR 2 0RIA, DRERNEEGERIE . BEIREF IS
FIERHIPRELE RIYZTE, EWENRCERGHE, MRS RTANFERER T B0E R E S
PRI 0 -

3.3 HHEHA

PREMISESN, HAth L% 2R NI EIE £ Y AUTFSSR S, Jsontg =, E#EHA]F
FIMAE B RIPRE =0 - EEF (B2) FiR, “sent”{HIHR A FMALE R, “relData” {HI5
VA TRIEIREGFE, HA “wordl” Ml “word2” (BI85 61 17 5. N B word Fl 7 i % Fidx,
Hword WA FIFILHE, ids MIZIAZEAF RIS (NOFFIE) |, ZHword A FE 1A o SL k4
HEAR SR, idx BN B R RUFAF R« FEEENE, SAPEFEENLE—DE—FEERE
B, word®f N BN AR EFAF B IF R INE T, Hm L&, idxth B 7E-130 Z i Lkl -
B, AFEE=ZDTRERR, WEXSNPAwordsHl . BERRXZR . BRXRL. BREE
R2, idxHIH: -8~ -14~ -15-

! {"sent":["R"."MWARE" "AR".", "E"RE".BLES"". ]

"relData":[

{("word1":{"word":"¥" "idx":0},"word2": {"word": "X F#L","idx":1},"relVal":"A0"},

{"word1": {"word":"¥ A", "idx":1},"word2":{"word":"ROOT","idx":-1},"relVal":"CoreWord"},
{"word1":{"word":"¥A&#&L","idx":1},"word2":{"word":"ERXE","idx":-8},"relVal":"FREH"},
{"word1":{"word":"K&K","idx":2},"word2":{"word": " AR &E","idx":1}."relVal":"A1"},

("word1":{"word":"$" "idx":4},"word2":{"word": "5 ", "idx":6} "relVal":"A0"},

{"word1":{"word":"i{gF" "idx":5} "word2": {"word":"52pk","idx":6},"relVal":"m&EFE"},
{"word1":{"word":"525k", "idx":6}, "word2":{"word":"ROOT","idx":-1},"relVal":"CoreWord"},
{"word1":{"word":"52m","idx":6},"word2" : {"word":"EIRXZR" "idx":-8},"relVal": "EEBH"},

{"word1":{"word":"{E&","idx":7},"word2":{"word":"55 K", "idx":6},"relVal":"A1"} ]}

1

Figure 2: #EHS
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=t WP | 8 | % | IR | &8 | BB .
iy ROOT | And | Or | Ref vz | %m | %R | %2 | %z | 2z #E | Is | QS
idx -1 2 3] 4] -5 -6 -7 -8 9 [ -10 [ -11 |-12]-13

Table 4: FRzCFH 1A Z&F]

4  EMTERR
ARG FHF VEVE R R M b E S HEZ I EZRE, tE =T

count(Matching Tuples)

P= (1)

count(Generated Tuples)

_ count(Matching Tuples)

2

count(Gold Tuples) @)
2-P-R

p— 3

P+R ®)

Hr “Generated Tuples” MBI = TCHE L, “Gold Tuples” ML /B NIER =
TCHEAEL, “Matching Tuples” WM TIM A = TTHE & SN /BEMER = TTHE A FF
SN A
5 VEMISEHE
5.1 R’IXER

ARG FEE 14 AEIR S SR, BRFEIIRY  JERE TR JERES K KK
2. MERY - EREITIRY . EMESMR KSR, FRBOT AR, FERF
FEARFS SN - FREANTERREERAFR - LR EEEERER AR E S - &EETN
MR/ THER, EPESSMUIRTHEARS, HAEMEER . BT ARKEN K E S5
AR T REA, EERIEBREINGERTE2—8, RBIMNEZENGERERTERGFE
MEEER, MEINEE R, RAHEATUSTRIRIRT B RN - FEFNEE RIS AT
FERT AN BT BB MR L SRR R, SR BAL 3 TRV 8 i 45 SRF 1E & 5,
H7972.06% -

YNGR YNGR A Precision(%) | Recall(%) | Fl-score(%)
1 ERE T R 70.11 74.10 72.06
2 JE R FET K2 70.28 73.18 71.70
3 JERES K2 62.65 66.70 64.61
4 JEFES K% 64.22 64.66 64.44
5 P PRRS A F] 57.80 61.95 59.80
6 PRVE R 2 57.89 58.53 58.21
7 VERHALZS AR R 2 55.89 57.51 56.69

Table 5: 5 iMlSE45 RHEA

5.2 JTEEEEA
5.2.1 FETRESEBE M

bBEE RIBEE BN LR, HSHEAWE X, EE e AWEsE, foET
EHRE . BT AR GRS A, F4XARFEH T RIBSHEBEFOR T - B
Fe AP K R T T B S00 R 7 BJERNIEA4.0-Speed-8K,  F IR ¢ Llama3-Chinese-8B-
Instruct ~ Chinese-Llama2-7B-Chat, HI#H T LoRARE F % -

K At TR U255 /T B B 200 R 5 FIERNIE4.0-Speed-8K 4] {5 2
TERNEEEE T ER G N TR 5 #1700 . ZFNRUETIEAR, AR A
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T LoRATUFE A E, MR T 2280 - fEPrompt-Responsefi% it ., — 3 FPromptiX
TFREL, WA NFEERNEF, TTEE EMESIERAR - Responseffixit b, FALILRE T &S
Ts, M2 REZREHRTIRS - EGEFE L, ML B T4 T 28505518k, BATHh24>
Bi 17 36006)1EK - fEHESEIXE £, WILRAEERIK - 3% . 23 R RI&IKE -
FEER . &EWIRFTR B MRS RFUER AL, 251872.06% ~ 71.70% -
TEE R fE, MO SCRIZRE R SR EOE i1 240000), 7ESE L #fT D EFEE, HEE
BIE M E RAOFUERAR74.76% (R REBLTEIEN) |, 3B GHE—PH T #H
NZEIAR LA B FR BT A ) YRR T A X — 155 ERIR LA ATAT I, « VLR T &
#5Qwenl.5-7B, ChatGLM3-6B, Yil.5-6B, DeepSeek-7B7E A [ [E P JRAEAY f%2 & AR,
BT T —FEEAG SRR IR R A — PP B e B 1 7 sUR SR B A Y 25 5 o XM
YRR SEERSS & NS B IR AR ) 5 H B SC0 R ERNIE-Speed-8KH A AH I 1Y
(Ve

K BAL BT RFERIAVR3FER T AR Llama3-Chinese-8B-Instruct 7E A1 T LoR Al
W o ST EIRE 5 T T80, RI\OOITEFHAT THAIZIT T (Sample Design
Engineering, SDE) , F_E N3 54 K HFe R iE T A FIME S5 SUR Z 87 LA AR
EEEERE S, I HRIBEEEERERNHIMR, HEEURHET DR s A IR £ 1
FRE I RVERRE o Z P 1 SE50 & IR RL S AN 6] 38 AR AT M AR, Hi&it T AR
PRI SRR MG, KRR 45 Rt AT T & ot - \ZOZPNR P IE 28 B8 S T 45 SR A F L{E
HN64.61% -

K B M E K 2 /) B\ f6fF FChinese-Llama2-7B-Chat7E fif B = A L & 88 “F §PAL#H
FTLoRABYI - S FrAC B8 M TN 45 SR I F 1B 958.21% -

5.2.2 - TroBERTaltx ZMBUH

K BILFIES KREMAAI4EE A BB UENTESH BN R R RS - MEEE
55 R RMBESHLEL, E=JnHMANIF A2, BAEAME, BIEARNEE 4
1« R AROOT” ~ EAEREMIIE“QS % . Wi, ZPALKE = TCH N ATT & S5 A11E FP i) “5E
PRI 1R REUCR “OR RIREE reverse”,  DURBRTANT I AN A 25 (0] @A) /MAR INZE TR A R B
TEREIN, DU A SMA R . 85T B P, 3R A BHE BTSSR 2 R T % RIMEUE
% o (B0 SR EARRA P EORESMAINE, FibZsREEES R AT
1£55, BINE SRR Bk R A SR E 4 158 R . Z S TIARRHES 5 h
KARIRFNEG KRS NERS, B T T AR chinese-roBERTa-wwm-extlargefi 2! « fx
L2 TINMABUS T F1{E N64.44% KRS -

5.3 HAbsHT

AR R LS BB GER T 7 E, iB7E FE A AT T XL SEs - S5 R irsE, Xt
BAERE—SHRBERT % .

K B TR 2E WAL 75 A TR IR KA 34T 7 0, Yi-1.5-9BZE M 5 FIF 1{E
160.21%, EHgBAENRE FFUEIA E60%, TERNIE-SpeedE[F—{n M4 FAIF1{E
1569.56% - Mt — IR A TR EN TR MERER M AIRE, ZPANIN S BB 5L T R
IR BT RS - SERAE SRR, [FBQwen-1.5 R I HF P S HHR IR I R 1%
& ERMEAR 2, HREMESHENINMAZES ERIFE . ik, S8 Hhik
FiBaichuan2-7B -~ Qwen-1.5-7BF1Yi-1.5-9B =" S AR KLU R R 5T SR SE 2
FIRFESE0R TE TR . SERLE R T, = HRMEREA, T EBEERN T1ZES
BRI K - B %SRS, SR H T i 500 R FIERNIE4.0-Speed- 8K 7 1% AT
S ERIS B ENTIZRER - B ARG LTI & PIROR SE I 5 R & 5N

x o

H BILFE T KRB AR ISR 8 B2 SR BRI BNR R ITHER, H PR R &
{ERAIE SPRE T “CoreWord” , RIZOEAFTA B AIWT;  BERREm W03E SUhREEh e @ A « X
Sy TSR HVE SR AT o34, A& I —L278 SOPRE B IR 2 T g2 T ISR 58 iz R 8
b, WA R REARNGEPEGEAD, (BRI o, MR ]SS
TR NROR T S RIS MR TR RS, JCH S T A SORR T 5 AR OB R B 7125
PSCRIERL o« SLIREEREIR, FEIZAESS N SO ZE R B H B v A B M 5 et

%:+£E¢Eﬁﬁ%§#ﬁé%i%.g?W¥%$ﬁ.ﬁﬁ.$E.mn@nﬂ%ﬂé%ﬂo
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6 Mzt

A=)

ARVEN RS S B ENRMEE RS S5FMNES), W51 T REB &K 055Kk
A4S AR IR %, REBTSCNERA T 455%, H Aok 546503 TR 22 MR DIF1{E
IR72.06% I GBS T AU AR — 2 « FEIRATERIRE 53R, F43EABAER 7K
RBGORR TS » ZBOLIE I T RO © B H R BRI T 5 R P ks, &
25 FARA B 15] 2R F B9 /= RO SR 5 TR R AR R A A S5

ZRNA A SE RS RN BN R T ERMSHER . ET ARG R H H1E
L, BATRAERENBFR T, RRETRELFH R EETAMERAGR LR, REEMLRL
DHTRCR - VT HE SCR RIZRIR U 2 AT A E N F ik IR, SR E AR IR
PR, W HEARUERDE ISR M SCHF - FERREBT T, PRI A BT E IR T AR B ) 3T
PR R AR S BE CRIR, BRSO E & BIAER RN AR KR - B R AR
AL MBOA R & BN 5V, RS AT SO USRI R, #EBHTE ST Y
K -

Bl

AWFFRIFENE X B AR & & A B RIS £ SUTER” (62076038) 5 H R
REARRWIL SR (EREF RAERSIFF G, 21PT04) BISCRF « AU F A& s
LHILFEE REZEY . (G BIEW . £EA . RBEE . 5kADE . AW RS (K
He) SRR A SERNE, B A PRTE BT EH R TRk - ZE SR AR fE FH RE SR &
ROFIRS MR, THhF - RERSSH T HIIREREEL, B = A ot A R A A B
tH FI TR -

22 CHk

Liyang Pang, Chengwen Wang, Guirong Wang, Gaoqi Rao, and Endong Xun. 2021. Prepositional Frame
Extraction and Semantic Classification Based on Chinese ChunkBank. CLSW, Nanjing.

Shufan Zhou , Chengwen Wang, Endong Xun. 2023. Recognition of Disyllabic Intransitive Verbs and
Study on Disyllabic Intransitive Verbs Taking Objects Based on Structure Retrieval. Springer Nature
Switzerland, 2023: 265-282.

?B%‘?ﬁ%\, HBEUR, 2%, GiEE. 2024. BE B FXZRWEFRTE S 2B EITEIES ¥R

.

R, 28 HRR, G, THE. 2024, ETEAEIEGHeNESIRER RS HRER. B21=
JEHREEEF YRS

HRH, BHA, G, JEIR. 2023, BT A5 ERIRALBh iR 1 oK AERLEM . P IUE B2
#%,37(06):44-51+66.

RN, AFH, FiBUR, Gimde. 2023, 2T A5 R EME A 208 Xt RIEECH#E. -+ @+
ETRIE 5 A AR E IR, 5420 T1- 55432 T MG /R .

TS, BFF, BEK, I, 28 REE. 2020, = JCEECM A N BIDGESAE LA GANRERE. F
A B2 HR,34(09):19-27.

FIWSC. 2021, H AR ABOPGESIML AR ERR. LRES R¥EE

FEHR. 2023. BEEEHEMIRE AR, EREE KEHE LRI

. 2023. BRIEFEWITR: BEREIEEROR. ARERHE Ht.

. 2023. BIRIESEWITE: BOCTERE. NEHBHE B, b5

HIBIR, R, MG, STeT. 2016. REGEHE R FBCCIHRHERMBIH]. HEEEES .
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CCL24-EvalfE553 R 5k & : T SEEBMA S F B ¥ > =S H
RS

ZEAPHY?, a2, RRRKAE
VR T 2B B (S RBORDTFERE, R #BM 450007
27 e P A B I S R e AT B R SRR, TR KBIH 450007
23128263990qq. com

W

AT T BN ESR =@ SO RE S K& 858 M e 3OS A8 SRR 55
FIRATHIZFRREL %R ELENENLES I A SOE CHEKE - IEHRER, g
AR SO SRR 5 AR FEPICF R LR BORZERE - f ok, EREURMEIE S
TRELAE BINTE S BAESS PRI T AR A RANZALRE S « EARRVEN A, Fel]%
T X Qwenl.5- 7oA AT R AU R 7%, Dl 2 O FE 2SS EL 28 (A8 SR HE TS
R, HE45 G prompt AN I E 2 ST IR FHEHIER I - SRIREE RN, I BRAIE %
S5 RUS T AUEHIRCR -

KA. KREFEE , S3E0E ; FEE¥>) . prompt
System Report for CCL24-Eval Task 3: Spatial Semantic

Understanding Based on Parameter-efficient Fine-tuning and
Semi-supervised Learning

Chenyang Li'?, Long Zhang'?,Qiusheng Zheng'*>
Frontier Information Technology Research Institute,
Zhongyuan University of Technology, Zhengzhou 450007 China
2Henan Key Laboratory on Public Opinion Intelligent Analysis, Zhengzhou China
23128263990qq. com

Abstract

This paper introduces the models we submitted for the Fourth Chinese Spatial Semantic
Understanding Evaluation Task at the 23rd Chinese Computational Linguistics Confer-
ence. This task aims to test the level of machine understanding of Chinese semantics.
Existing research indicates that the level of machine understanding of Chinese seman-
tics still lags significantly behind the average human level. In recent years, generative
large-scale language models have demonstrated excellent generative and generalization
capabilities in natural language processing tasks. For this evaluation, we employed an
efficient fine-tuning method on the Qwenl.5-7b model to achieve the spatial semantic
reasoning process in an end-to-end manner. We also combined prompt optimization
and semi-supervised learning to enhance reasoning performance. Experimental results
show that our model achieved leading performance in this task.

Keywords: Large Language Model , Efficient Fine-Tuning , Semi-Supervised
Learning , prompt
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HEESY

SRFIAZ BRESHH LA, FRMLYEZ Rz B ERR . SETEEE AR
WS B R ERMTEN, REZAFERFET BERET AT - AEEATEERER L, =
I3 SCERRR NTTSET B R P IR - 38 2 IAFNIE = 2 &K Jackendoff(2004) 7 HAR&1E A2 R
TEH, R RTE T AR MEARL N Z —  FEIURPRZ BERIAE S, BRTES RR
bh, T FINAIRE S RIS A5, FHARIE I R FRE TR KRR ALE B R -
BRI, SOORFSAGEERERE, AMUFTEEREGBHIRIL . AVEE R, THEEE
—ERFIREHERMIA, EEEBHEF RS RERSINFARE S, LUk E 5% .

ERHNERY, FoTZEPENEES SRS LM T SpaCE20245RVEN - 5 2 Hij#H
U, SpaCE2024NF X FAL55, & LUAFM AL NH R A RIRI 2 FE CEERE S =
A5 B ARAR, ZR ML I %k OSBRI Z Iy . SREEAEIRA . ZRME A
eI AR % SO E BRI AT, BiE Rl 51 AN NSRRI . ZEE R
TR, BESR P e 0] fpode Y SOAZS [R5 B 3 i IR 5 3Rk « 2SI ALfE B « BRET I
ARG AHE PR SR AR AT 2 (R T AR, AP o tH R A R o« S R R FE R SORA - B5K
LA~ I3 F e H REASE 1 SO R [R] S SR 23 A] SR

I, FEETUISRE S RN HEMEEEE AR R, AHEIE S EARE N TR G0
WS T Eatidt g, (S —Ld Ry (R T ARGEN LRI BRES L HES LT
METEAPNGESE, KERGERICICE 2R AR, XEFEZNER, HRIME
GUETIA B A& RRILAE ST B fE L BB TOIZRSEEOR, KSR B e THEARES -
BB ESS « (RSB S A A - P R RE R U b B KBRS 2 IRE /7 - E T,
AT T BT B LA B SURR T Qwen . 5- 7o AT Im B G, DASK IR S [A) 75 SCAO R RS -
F4G & prompt I AT F = B 27 5] 7= A2 B DR R S T H T R 3 -

2 MXIE

R T EALES B ANE CEARRE ), BANE S EAUEE RS EE S NI =K 1
2 [EfE BAMEAES, ERVLISIRIE LS EME LA EIRE AT SEAEMEE R,
2 B 5E A EMEE SRR B BUES AL, RFEME T/EHSpRLIESS (Kolomiyets et al.,
2013)FISpaceEvalf: 55 (Pustejovsky et al., 2015). 2.55 [0 K RIEFAESS, ZERPLEFRIE SR
HEH M Z EE B A Z 1 K 8] 5k RIEFE A A, AR TAE XbADbIE S5 % (Weston et al.,
2015) T AL B EF AR S I BR IS HEFAE S5, LK SpartQA S5 (Mirzace et al., 2021) - 3.2 [A]iE
M RHEHWAES, BERNBAN AR FEZREERE UARENEARER, TR
£(2022) B IR LRSS, AN RALAS BERS IR AR A0 =S (A5 B #E AT IER A IE R, i
Mlas B — & RaS 188 LR fgRE

26 K AR BRSSP DL AR ST RINLER 22 2] T iE R 2 L8 7 1% - Bl & AR T 50
FHIEEE S ANELEM - Nichols®(2015)18 H T —FE TIREAVER, B HZ ZRIBIEE T
%, RIEGIADRIRDRZEFER . D'Souzas(2015) R H T —FETFIHEAER 583000
AVFFE SRR R AE A FPFINFHE - 1B H BT A 51 (Salaberri et al., 2015)5] ASMRATRIE S
ZAE BRI, EIEEF, RETFEZEETENER - Kim%(2016) $2H 7 —FEHES
B] ¢ RIRBURAY, [ AR R RORHBNE S AEBEITLE -

BEE 122 4G B2 N A, Ramrakhiyani®F (2019)3 H T — Rl 53 4K 77 A1) 15 A2 Al 15 1% 5
A, HHHABILSTM BADHE LK RFFIT 5 KA TIE - Shingg (2020)#8 H 7 —FEHCRE #17
ZX A e R A RAVEERL, Wuds (2019) 1 HH T ETAR-BERT HI 7RIS E R R - SN, —
VORI 3T Syt F S B 52 RERE - B0, Dan%5(2020)3R H T —MZS[EBERT, B[R MICA
DR 2 SEAR B R A SR TN SE AR 22 [1] B 25 R] 5 3%

3 LI

WELT 7R, BATS X SUR N A AT AT 2R 5 3 3 i KB T >R Fglora s
1% (Dettmers et al., 2024)# 47 v B ¥ 0, SEIIE LA R HFEE SR . #FE, BHBURK
TF PR E R BT %5 R A prompt AL AT B 22 S SR A HEFE RN -

3.1 BUEMALE
N T ERAENAES AR RREE RN A T RGO, ARG EN B, &S

Fo = mPETEE S RS UE, %387%—%%%4ﬁ. KIE, HE, 20244E7H25H £28H .
= PEIR
() 2024 PSR B S HIES 2 HWERS 88



PE G E

sernoriscl i) >

g § 2

tricks

FUESTUL ChatGLM3 qlorafififd g ERas S
$EREN ChatGLM4 promptffiit, RIS
X335 Qwen7b lora

mEW Qwen1.57b seed

K 1 B REIR TN - P LU 5 b R

TR IR BRI AT T A . E2fR, B IRIRAREIEqid T B, FHRRAE RIRE
N5 BERBMAZISCAFIN A, Z0UE R4 #1700, ERERBER—DFI
4 7088 o BADEZR T PRt Z SN E AR promptHR, DI ART B AFE =K -

{

"qid": "4-dev-m-1079", {
“text®: "R W X9 BENARBNREEAR, ETOARELT . RESSI—3kKAR  "messages”: [

SFRDAN SHFELLFHA - BHEML BM: RIEXNEHLL, FRLMEENLD. ", {

"question®: "XWNOTRHALM ", "role": "user®,

"option®: { “content®: "Bz H . XT] PBOARBIAREENR, ETOARELT » RESSI—3K
TATI O TPRET, RAMEFRLDFAN, SHFELLFA BHEML . BM: BZEXTEDLL, FRETINERN
"BT: "RIET, Eife #EEIBAEE RN OTEHALM  FAINE BIRZ C:FH D1l ERAHTR"
ctr o tERT, ¥
"D": "KLEZIRETR" {

}, "role": "assistant”,

"answer®: [ "content": "A#C"

AT, }

o ]
] b
}

B 2: ZE R AR, AP A SRR

3.2 KERHE

Qwensz — 2 RERIE SR R (Bai et al., 2023), HAFH T &m1A37712 1 token HI I 3
AN, WMEZ DR SUEMES, MUBHEERMESED, SaFEA . w2 E
S IEE - [FINER T B A A AT R 1B M A o & 151 -

TERORR B, FATRA T qloralilk, X2 —Mm o %, AlEDNFEHE . 1iE
HE AN BEE B 55598 S F0A F prompt 11 f5 IR A), AREENERT R FEIE 2R - FAHEZAE
FSMAFIVERAES, MARBEERMFERESEEL I, XHEWEN Tk REA 4 R
FFEREER . AL, SEFRMEE 646 U R B tE - EIBA R, FHRFTHIARIE]
A, EERBESREAREN EXXERNSEHETERRER, I Uo7 F AL & A,
TS H R -

4 [ YR
BE W, X, EMAK o @
L SIRREENGE, T TIARE

AR, REDFI—KKGHET
XTI O FRARLE? W) onm, Sfemema. W,
EXEmAe. B X=EXH
Gk, ERENRRERNLS,

\ LLM#EE |-

B 3. KAALE S5 [ A R

%:+EE¢E%%E%%kémiﬁ,§?5$%%§,tﬁ,¢E,2MMHH%E§%EO
: PPl
(c) 2024 R B SIS $ B W BN L 89



R Sk

3.3 EIEST

N T AT IR B BRI T, BTSRRI I B BB AN A R A R ER R AT T
G, B4R, BATZMARENGE L ERIEES, A ERIE DA AT, F3hr
FN R BB D RIAIRI(LL et al., 2023), WAENGEF, ZSEJTAE B HEHE R E R
T12105%, HX R RERRR MRS - R R E SGRBI KRB RIGRE A6, HX R
PR BBAE - N T RIMZRIEIEE, Tl 12Uk AR IR £ 17 ORGSR T AR I SR =
SR Z WM SRAFIE, BATTE SR MR SCB e - RENLIAN 18 A\ S5 05 IR0 R BB AT T 2
iR, RS LAHTRAE, RIEES BRI, EAENRHSE LRCRARE, M TS E R
MR, HAVHENATRER BRI RS A T B RO MR T 8RR G R . TR
TR T RIFERERE NI SRR B = Db T T% -

)RR = IOEERNE R
1210 1
1200

0.9

1000 0.8

0.7

800
0.6

600 05

0.3769 04

400 0.3

0.2
200

55 0.1

5
0 EE

SERIRRY el FEIRG ZiEHEE R SGRBY

P 4 KRS R S (A A e

3.4 ETREE2SIMMIRELEM

VR T ER B TR E %3], O B G TR BB R A B R pi
B BE(Rizve et al., 2021; Berry et al., 2019) - FHEUEE 24 5] A UIAIRE FO SRR A5, B
FE R RIS TOAR S AN R AT S5 RN A BN GREE T, T BS KR & DUR A AL
Ro ZITEEHTEEEE RSB . BTRITARRARS S BER AT, NLE
BRI TR B I RAE - FAT1R A 2T A5 SR B B S, I BCRRIIAR 25 A8 (R FRER oA R £
PREEMAZNGRE T EHIG . D 85iit, BRBIIRNNIREREREIIKSE, XRFNTN
IR R AR E M O8I T35k 8dE - B 2R IR EIIGE, Rk hings
BORMEET, BREERLAE| T HLA RS, WRZEFT GRS B2 ik — D HER
FHI SR AR

3.5 RARLG

RTRER S, FEE2021)BFEAR (lad>]) —FHFiRE|: HAR & 2 m AR,
BIVEERL = R, Bl S RORMAS - BT A TR I ERL, —BERARNEZ MR
A, QwenMChatGLM4, —EEFRI M INGRERBIE R A « 76X MR
G, 2 HE R UCRR PRI b AT A R AR S

%:+£E¢Eﬁﬁ%%%kémiﬁ,g?miﬁﬁf,tﬁ,¢E,mmMWH%E§%EO
: PRI
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ITTEES %

Unlabeled
Data

B 5: BTN ST IR A A

3.6 promptiEiIE

6T, FATHE T P Aprompt AR, HHAFEBIEX 2 HEENER - REE
1‘%*)5’(%% MR NG, (BAESKIF A, EFEAEEBATI R, X Rprompt B 455
WIS AT] LLZIE AT, SRT, T8 MEACE I T — BRSO ER, SEEEAK
f[;i"'b[l TGN T NSRS BIBRON TS - A, AETA A AREELEE RS, prompt B BTE X 455 %
LCEIGETE

(EHERTRE, [UTKE, AOE— ke, EEBE SPE T AHEZNE: HHREERE, IRKE, &
IS BT, MNE—RARGE, BEIAKNIEENE WE—NES, BEEARVWUEERENRELS, LhE—KE
=, #SRBIH B (e — ks, +RIBBEEICEE 5, EEEMNERAGE. R STANRBIEEE, 95
D:gsig” VEDE—NKE, ESRRZENTA? w5 e
B s =,

K 6: A NpromptiEiil, 5 promptiEii2

4 SE%
4.1 SEREER

wmEALIFR, FATFH T EFHChatGLM3 ~ Qwen-7b ~ Qwenl.5-7TbF1YHF Chat GLM4%#: 1
IR LE R - TR ESEA RS, FITLZIQwenl 5-7ToBRI S B T HAMEA . (H
N T R R SR E TR NIRE, FATEREH R T BRQwenl.5 LAY
HAT SR, DA HEEREMNIRE - BEEQwent B R IN AR EEIR 5, BTN A
VERRZENTR S o FIRTERATA B, TR RGO, promptBEiR BIIE5 % 45 R A 2H K R B
M o TRV R O, promptBER T EX R mAEH L - &&, #L 2R
RN, B TR SN R A B T 0.5516 89748, ﬁj_ai%/%%%”%%ﬂﬁmm/\ AR E|
T 056605740 - WFRANPT/R, SLILERIUERA, ATROERIBUE TENEFIRER, HERES
HR RIS S5 442 W RS -

H o= ET S E R, %%87%3%94ﬁ KJE, i, 202447 H25H % 28H .
3: VRS
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XA DaReS R SSERIRR AEIRR RERR] SEHEE F DGR
Baseline A 0.4792  0.7509 0.8818 0.6860 0.2196 0.4200
ChatGLM3-6b °© i 0.4370  0.6720 0.7727 0.6320 0.2348 0.3185
LA 0.5035  0.7667 0.8714 0.6920 0.2853 0.3769

+1NFRE  0.5344  0.8175 0.9039 0.7580 0.3157 0.3630
+2EBINFREE 0.5423  0.8316 0.9000 0.7920 0.3122 0.3954
+3PREE 0.5434  0.8421 0.9051 0.7980 0.3078 0.3970

Qwen-7b!

i 0.5100  0.7795 0.8810 0.6900 0.2966 0.4277

,  +1URIRZE 05465  0.8351 0.9103 0.7740 0.3181 0.4046
Qwenl.5-7b +2RRIRE 0.5485  0.8403 0.8961 0.7960 0.3196 0.4092
+3 PR 0.5516  0.8526 0.9078 0.7860 0.3210 0.4092

api+HEHR1l  0.3870  0.5543 0.7987 0.4580 0.1838 0.3353

43
ChatGLM-4 api+fEiR2  0.4832  0.6070 0.9064 0.7080 0.2309 0.4923
- GEHERS 0.5660  0.8526 0.9142 0.7980 0.3210 0.4923
x 1. HiEGER
HE# PAH R LRRA] AEIRA BERED SEER FSGRA)
1 TeleAl 0.6024  0.8947 0.9364 0.8480 0.3471 0.5631
2 zyy 0.5969  0.8491 0.9143 0.8100 0.3716 0.5131
3 EIEA 0.5949  0.7719 0.9429 0.7800 0.3711 0.5877
4 Prompt 0.5660  0.8526 0.9142 0.7980 0.3210 0.4923
5 T KA 0.5647  0.7368 0.9286 0.7620 0.3240 0.5862
6 A FE R 2S [ v 0.5620  0.7965 0.9429 0.7420 0.3064 0.5692
7 panda 0.5448  0.7509 0.9117 0.7540 0.3044 0.5231
8 — R 0.5355  0.7333 0.9013 0.7960 0.2858 0.5123
9  JRELEMRAEEES 05199 0.8053 0.9000 0.7020 0.34076 0.2415
10 CPIC1 0.4865  0.7667 0.8610 0.6220 0.2603 0.4031
11 DINERK 0.4724  0.6719 0.8182 0.7000 0.2735 0.3369
12 Azur Promilia 0.3364  0.4947 0.6727 0.2160 0.2172 0.2662
. Baseline 0.4792  0.7509 0.8818 0.6860 0.2196 0.4200
% 2. MhA R T
4.2 RSN

FEF AR 2 857, BT 2R T R U Bert PIE S5 REAL, R, REUREAEN
£ FRRNE R R T EREA R . X5 R R R EER TSR & B2 0,
T KA R AE TR ZR AR A At B AR AR R AR ) 6 =3 ()78 W RE TS EE BB - T
X KA AY SO RN E — ] RE, BIZ)w B4 (Huang et al., 2023) - 4871 A Al B S04
B SCEE AR & E LR, FATI R B I T 275, REETATINGRERETH A
A kuinl gk, (ARBIELE RN 7= A4 AT LIANE SR, Ak, FRATER ZRAHIE
MR IAF RS X LT B 5 -

https://github.com/THUDM/ChatGLM3
"https://github.com/QwenLM/Qwen
https://github.com/QwenL.M/Qwenl1.5
3https://chatglm.cn
“https://2030nlp.github.io/SpaCE2024 /leaderboard.html

Fo = mPETEE S RS UE, %387%—%%%4ﬁ. KIE, HE, 20244E7H25H £28H .
= PEIR
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KRS A, BERERIT IR ERZBUES T, THEMERES, BESEANFRE
FERHRFIRCR « R, HEAESH, HTEIREMREFFADN, KA RLEEHLIF A AMBEHL I ]
B S8 T I VAN N MR 75 R SE IR 3 5 0 U VA T RECCE T IR ARIER A, iR R R TR TR AR
Feo MR, AR A ST E R Oy bR AT DU IR R AL, SRIHERBLTIN R,
SRR - RS NRESRE, BEmERHRIRE L F AT RN, S
WRARFVEREA TR, XBF AT LR AR R & HOR, MEERBRAWZ MERL, 73525 A FH
WA, R MREZ 2R MARFHER EAR, XEEEGE MERA LUEF RS, 12
FHERE -

5 A4k

FEAREST, BRTRAAIIGREMMIKE SN, ESHAERFINMRM T = B1E A%
B8, EIANFEMER TIIGEMBUERAEL MBS Tl ELEMAROR, RS8R
I prompt P AN B 2 5] 177 SRt — PR AR AR I - 9 Tt — B RIS R, RAHAT]
RT3 B FTISR R AFAE BT LS (R, 25 FRAE R 0 I SR EE AR UL SRR AT RR 29 - o A
AlERT, R B IGEEARNG S MERL, RIGHEX 2 DTG RBCFE, DU BT Y
TR -

2% CHk
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CCL24-EvalfE$53 R Gk
T KT E AR o S 2S [a] 3 SRR

EitE, FHE!, RENR!
Hermie K2 EFrXEE 2B b 100875
{20222109017 , 202221090022, 202221090014}©mai1 .bnu.edu.cn

W

AR IMESS B KRR SRAR]  AEIRE] . FRiRA] - FEMHE . [ U
BIESS, CREVEAE AR 28 (B 7E CHRERE ) - Horp, FRAT A @R R« TR
RN TR B YR = FhiR R 1A SRS SRR s KR S (8] R 1, /e A IMERNIE-
A7E1-shot B RIA L R IEAE - &, BRATTIERHEZ BN, BIRERERE S
$956.20% -

K. SEES; KEFHEMY . R LE

System Report for CCL24-Eval Task 3: Evaluation of Chinese
Spatial Semantics Based on Generative Language Models

Shitu Huo!, Yujun Wang!, Tongjie Wu!
' Beijing Normal University, School of International Chinese Education, Beijing 100895
{20222109017, 202221090022, 202221090014}@mail.bnu.edu.cn

Abstract

The task of this paper aims to comprehensively assess large models’ spatial semantic
understanding capabilities through entity recognition, role recognition, anomaly detec-
tion, information inference, and synonym recognition tasks. We explored the spatial
semantic understanding capabilities of large models using three prompt strategies: gen-
eral prompts, workflow prompts, and chain-of-thought prompts. In the end, we found
that ERNIE-4 performed best with 1-shot general prompts. Our system ranked sixth
overall, with an accuracy score of 56.20%.

XKHIE:  Spatial Semantics ; Large Language Model ; Prompt Engineering

1 5%

FEEHKES LB, RAESEERG T EE 0. WEMAEMEERETEEN
MLl ¥ Transformer (Vaswani et al., 2017), FIHA4EAE R (Scaling Laws) KIE$E A EH 14
% (Kaplan et al., 2020), Mf#SBERT (Devlin et al., 2018)FGPT-3 (Floridi and Chiriatti,
2020) FHEMAER TR B RBE S EWMETR R, EEFUMERSMERERERSUR, A
Ui Vi O SE B2 805 ~ 18 AT sE BINE S LSS (Brown et al., 2020; Zhao et al., 2023) -

©2024 FEVHEIEFTEAE
RIE (Creative Commons Attribution 4.0 International License) ¥FA] HAR

B = EVEE S R, ?ﬁggSﬁ%%%)Slﬁ K, i, 202447 H25H%E28H
s PRIAR
(¢) 2024 HEPFE BT EVELS 95
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Rk 5 R BEBT B0iE LEBRAE T, 5 ARME AN B A REAERNE, FRI
TENFIRIE S ZH 4R TR (Tjuatja et al., 2023). fERE, KBS EW AN
— HRENLIS RS, H22 S HLH]E AT B S LRSI (Bender et al., 2021) - AT /5
SRR, KEREAEREEEESFHRNEIL T, RN E AMEENZ ERE
& (Piantadosi, 2023), X4 E—"MAEANRERFRZ AL (Petersen and Potts, 2023), £
2] U RURAERS B A3 8] (Gurnee and Tegmark, 2023) -

25 B SO VRl B ARG S A A GT 2 B A B RE W E BT B - AR RIE X
PR TR R BRI TARNE, EXMOT R E SR B Rt . s, BT EREES R
B RAFMAL S Z S S BT AT R, RUFHIRGT U N R 1) KRR =5 A7 S
AEAERE AN 2) AR AR LB RMESS b, RIRBL S AR

AW EE T VU 3OS (AR SO RVEIIAESS  (SpaCE2024) | HSEAMASS [AITE ST
HRAMHERBIG, N8 LR T AR B2 (838 CHARAE ST, & e W SRIa 45 Rt 7 ihie
AT, DU T R B R AR =5 (R] 3 SCHAR 5 T B RE 130 57 -

2 R

X—HR E LIRS 2 FE SR RANE S 05, N5 AT BINE T A B AUk T = A E
SCPFI BT ST MR, -

2.1 EF AT EE 5T

INFIIE 5 5T AT SR L 50 A0 AT AR A LB T ¥ (R 1998), fEBhER
ST F R RS B R . SERAREINATE S5 S T =EEMA, 2ARKFR I ER6E
71Z— (Akhundov, 1986; Clark, 1973; 5K8, 1998; #X#i7F5, 2001) - Lakoff and Turner (1989)¥8
H, ERN—FE S E A (image schema metaphor) , %¥[d] [ My 8 L AR ) 2 () R s 4% 5 2
%%?%%ﬁm$,ﬁﬁ%&%ﬁuﬁﬁéﬁ%%&EWEEﬁoﬁ%é@%%ﬁ&%%ﬂ%
filf »

BARRG, NAERAN MR i SR X = BB, Bz Tm s HASE
& o Langacker (1982)7 5 B 25 [A1E W AHE SR AI/ER , R = HETE (Space Gram-
mar) - Jackendoff (1983)FF @K A% (Thematic Relations Hypothesis, TRH) I\ H AK
EEMSENTIES (event) FIRE (state) #EEL 2 M SMALERR, FEIEXL
DN R RE R LI RHLA KR o Lakoff (1987)HIEA = ELMER% (SFH) 52K, HEE
#E— 8 W8T AL A 118 T — SRR R A IE AL - Johnson (1987)1EH i 1 #0123 [A] 75 U
KT REENEREZ, N HXZE AR EVEWGHEE )M - Piitz and Dirven (1996)
T it S E N ARSI RCE R ETE A o ARZ AR Va5 RISt 2 U ARG
SEHMEETEMS>TTFE, NTalmy (1983)ETE-B R EEIL « Langacker (1987) [ “F: &l
T “HHE- TR K AR5

X EEAESHBARTEROES T, ENSMRE I T —#F K= BHE AR5 - B
SMFFTH, Hawkins (1984)HTF 23 [BRARIX S5 /A 4T T 2 H B0 - Vandeloise (1994) R40%
BT VEIBAS A 18] () AELE RNV UFRAE - Herskovits (1986) % HEi% i 25 A A 2k 4T T B2
BHAAE - Svorou (1993) MM I KN ik M B F B2 23 (R A 1A 34T T B8 5 A 5T - BB

X TAE (1994) 8 T DOB A AT R 25 (B 75 AL R 2 FE) ~ B ROIRI T (03], AT A P 4 ) = 1]
K7 FTIF (1998)L T HADOES A ARSI EISHESR, WAMIT I T DOEZRIE LT 7R
PRET -

POBETT AL “ B NIRRT SR B A - B ST (2000)0 “EX L7 EATENT, EoR T
HzS (A5 SO FDHSER « WE4E (2003) FLER T DOER« L7 « T M B upfdown, 15 HFFE
T AT AR A AN R 25 (AR S FT (2006) EANR AR B ST DGR« E2FI<R, e
PEAER—ES RGP WE AR, LN BEAR . FCEFEE - RIT (2008) %% T I0E
IZERAES A, IWFEAESHEL, DOEREBRH £ <N X EERID A £518 FRIf
A, AARIE T POATRAET RIA KA -

O 3 [] 15 SO A 2 (B Y S — % RIS ME R SR BRI, AT — B 7 - TR IR E, T
ENES -

B = EVEE S R, ?ﬁggSﬁ%%%ﬁ'ﬁ K, i, 202447 H25H%E28H
s PRIAR
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BRT = F A ALARER SIS, A RO SRRNLES A A sh A A R [ P 25 185 AT
PIFATTIE R - Bl PR (2002)5 e E MR, N IX RBNTH <& F M & UG & s s Ut
TEENRENE R, XSS TRBAZ RIE X - WERIR A, shiafa i s b
VE R BN ) —FiE RFEE A, B SURHE AT E s I 5T 45 A E—HE, WskE %8 (2006)%F
FERE AE+ P+ VAR F1VIRHTE LB R AR 5T, ZE7E (2013)%F = K “FE+ L7 #=0HY
BF9E, &R (2014)%F “VER “VI (OF) 1k /it £ S5 0E LU UFR % -

R A EE R, MEEEFTN GB) 7 (8) . G8F) 7 (G8) W
B A ANE CHAAI AL I SE SR R, BT ALER (2009) ~ FEW (2014) ~ R (2016;
2020) ~ fiTEER (2018)% - ATLAUL, W EHENHIMREERNCESAT —DMEHME, Bk
FISHERFRNBEEL, S EREDOEEN A SIE S 2 B8 AR AE AT & o

2.2 HRE T G 2 8] ST 5

B IR TE S A BB A A 23 (8] 75 SRR 5 5 B e an ] N B 98T 5 P IR BRI 38 i 5 3 =5 ]
MRIER - IREETEHIZE, BRESREP M RNE RS RBED T LTI E:
By B — FE BRI A EIE UM LS B Z AR R € L (Tappan, 2004), @i BIRHZS 1A SE 44 2 [ 12
MR AFNESGER:, WIPEEE T & G B AR, BB I E A e = A E UAESS, =
[ SRR (Kordjamshidi et al., 2011) « ZX[E] ¢ RAIEE, FHVLER ] A IEER EEURE L
HEAT BB B T B A 4R

SR, MLHTRIRFR R ZRAEE SRR E, WERSZREAREARESTPRAS
ER AT, B H R REARCEM B RE S PR Z RIS (Stock, 1998; Renz and Nebel,
2007; Bateman et al., 2007) - i1, ARELWEEEEN, BRES BT EEENFEN
BRI, B @SS B RAAIRSE, WHEIMNCRTER KR (Tappan, 2004)55 K7 H)
TR RS AR -

N TR BIRIES T R R IAR B PRI R, CE R = R A AT SRR, Kordjamshidi
& (2011)#EH T =R A EFRE (Space Role Labelling, SpRL) f£55, Roberts (2012)1# HEX &
FERRBIF > BB AE, B MNINGFNEGE § 5 CRPEAREUE, e 1RE 2 (6]
ARG 2, A5 FH S KR AN AN 28 DL B 43 2R 28RV BR A 18 & U S o RIS, FI A SemEval-
2007 (Litkowski and Hargraves, 2007)fI/rim8ITE (TPP) HEREETRE % > A1 2 (B 3 X
IR JE TE IR B R MO AT £ €1 25 8] A B PR 2 TP 0 A iRV A A5 5%, AT SE B 1] 1) 2 ] B
ERRB XIS E . ZTERBRINZREZEXRZFHFETE (LY - HiRffER
Y) . RUFERHETED X RIFEL (Roberts and Harabagiu, 2012), SEELT 25 [8] % R /1A
THEL

SpaceEval 2013 (Kolomiyets et al., 2013)¥ J& T SpRL 1155, fEFFS2 AKX RIRFZ A5
TiEEhRAR (Movelink) FLZENIRE, FH TIERGZ Shahim 804 10142 Bh S 4 S H S8 51 9 2 [H]
B X E R R o SpaceEval 2015 (Pustejovsky et al., 2015) 138 i3 15 € 25 18] L Z 1R B A1
SRES - BIFESIRB - BERRIRFEFES, 2P RGERHIR 9 & F0 2 (8
FHE R AP HIRIL -

FEF I TE, SpaCEZ BB MNHELE T FiRER, MET — RIS REFNETEE, H
PLES IS (B8 Y FRMR T B m Bk (BT Ret al,, 2022; E et al., 2023) . FHEEL, &
KIERAMYBEAE & & = [BUE B ANER R HUTIRAFI 5 K455, BE3-4T 75 AL HEEE A 70 [/ SR
ASE 2 IR S (G S - thAh, 7ERIE S RA SR R AR RPN 2 A8 SGRANFIH
RGBS, BT ATE SRS A B LR IS 7 B 2T -

3 BiE&E

A SR B 5 LRSS R AR AL A, WEANRER, SR 3
ARG H/NEIRARE RIS OB R REE . AR, SRR
FESEAIRA] ~ FAEIRR] « FE AT 7 AR SGRR) A B 28 (B SRR T - R 15
AR T IGRE - BOEEMNRENBIEBIL, & F8EHES TRRGRS - SUK . R
ER, VHNPRARFERE A, RO E 4 - FEEEE A B SRS B E &
%, ZAFREESCGRAEE KD, MALRERENE . SRRE, BEENAEREI
HEZHEMERE, AR AR T —E APk -

B = EVEE S R, ?ﬁggSﬁ%%%ﬁ'ﬁ K, i, 202447 H25H%E28H
s PRIAR
(¢) 2024 HEPFE BT EVELS 97
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4 T

4.1 BRI

F5 23 5Bk BE [ I5E | BEE | Wik
1| ZEME BSERRS] | S SCAZ G ES R B | 937 226 489
ZiEm | 161 24 81
2 | ZKEMEEABIRA] | H XA MG BB A | Bkl | 1074 186 746
&, EiEEH 58 A e
X R ZS Rl Rk =
2% 19 4 24
3 | ZEMEEFEHEIRAN | M AL I Ak SO 25 (/] | Bdesil | 1077 40 500
SERENESEIA
4 | WEIGAEEMER | T ORGE H MR E M | B | 909 468 1509
FrEsia AL HERE, A%
Tj o A5 SR
ZFER | 301 207 531
5 | ZEIFE SGRA] | AN 2T %k HRE R A~ | Bk 4 44 517
AR R a5 R 2 (]
SAE
Z % 1 11 133
Bt 4483 | 1210 | 4530
Table 1: SPaCE 2024%3R &ML

WNFR2f7R, ARBPSUIER T K HOpenAL- BiEEE . [THEHEBE .. HEMKERRASNE

BRFERERL, T T A EEBY SR FIAIE « X LA B S R N 72012 811236012 N8, =L
FE LR K E M3 25 812.8 5 NS, YR TE2024F A 57 1 3 8] i) B Bl BSHT iU -

AT AHE | FEE | BEXN | EFX | ARAD | BEARE | HHAR
GPT-4 Turbo 04-09 OpenAl | R#FE | 12.87 1077 o API
GPT-40 05-13 OpenAl | Rz | 1287 2077 i API
GLM-4 K | BAhEfeE | K¥E | 12877 | KE#E T API
ERNIE-4 03-29 HE NP EE 8T ST R API
Qwenl.5-72B-chat | ARHEE | FEEE | 72000 3.271 1577 = API
Deepseek-V2-chat | AR¥FEFE | HEKRE | 236012 | 3.2 107 = API

Table 2: A —F

RoRiA L
AR B3R R 1 5K - Markdown g G M08 20, FEA SR IA KIS « FE /R4y
PR
FERRERES . 23R ER R (Vanilla Prompt) -~ LYEWR (Workflow) - JE4E#E
(Chain of Thought, CoT) Z=FJ7 s RIA « FEFRREEARME AP E @ R 1A
TAERIR R TA#B K FH0-shot ~ 1-shot ~ 3-shot, BLEHERH1-shot - ¥ T ELEREIERIA, K1S
% T Wei (2022)f0F&7R1A, RKFHBON “AIE B R wiabsr, bk o v gsma i, 7 &
HERERIE AR -

RTHEARDEE, JIHERSEXREELE 130K (C) ~ —PEE (Q) - %I (0)
M—1EZR (4 - NTEFEE, HRIREHA R —DERS, = {C;,Qi,0;}- B, f#
FiSentence-BERT (Reimers and Gurevych, 2019)FfiX SerE AR R 2 - TR, FHXEME
GEA, BARTE T AR ZFEE, (ENZENRED - &5, BT E&E AR

ARSI R 3 20244E5 H1HZES A 17H -

4.2

B = EVEE S R, ?ﬁggSﬁ%%%)Slﬁ K, i, 202447 H25H%E28H
s PRIAR
(¢) 2024 HEPFE BT EVELS 98



HEESY

B 5ROMTE CHEME, 233 HEER ORIT AL DM DA, {E1-shotF13-shot I FREL

i

FERAERE T, HAORPIFES BE IR, FB(IHGPT- 485 T AR E4EHIRE . 1t
S, BT RIEFEDORANES IR A B LEZ R, FA TN TR F SORAES E A+ 25E
BRI SR N 2 %R, IR ERBES AL 3#E3-shot -

HIE SN 1 7R 31

#Goal: M PU 3% T A 36 HY SO A ) S [H) S B
Pkey, NHEEEvalue, N EfifkE

*Text:** <text>

*Question:** <question>

*Option:** <option>

* Answer:**

CII
W%
S
i
el

, A7 A Zoptionf] —

AR A7 Bl

#Role: 12— EKFEEBEMIRABIER -

#Goal: MIH MBI EH AT ZREESRY - T8, A7 EZoptionf)—
Pkey, NEEMBZEvalue, N R

#Workflow: 1.0 Etext: 4HEE SLEE M Mtext, FFHIREHFNZEEEH R - 2.5
Mroption: & FrHoption, IRBIBBLER] GE RtextF HIZ B S FBY) - 3.5% % [Eifioption:
%t Htext Soption, R ILALRIZ A B S Y -

*Text:** <text>

*Question:** <question>

*Option:** <option>

* Answer:**

RERESE TR 1A 7R

#Goal: I MIERIAH % B R F S HEREZRY . T8, R EEoptionh] —
T key, NFZEEZ value, 5 H ThoughtFlAnswer -

*Text:** <text>

*Question:** <question>

*Option:** <option>

*Thought:** <thought>

* Answer:**

4.3 ERIRE

OO ANEI R R A E N, TR T AR B RIRBUT IR LU LR BULRE - A28
RN TAERAR R, S n 1A SRR E ek kI, R I RIS SOE 5 <7 kRgT, LS
SR NIRRT IR - IR, ARG a2 285 W] e S tH L PN - xfitt, ]
EOCRHEONIIER, BERIENITER, RS NICETWE TN - ERMERTEF, R
T ESRIET ek B, AR AR BT IE SRR FORIREUE 2, B I A IEN 3Rk =0
Jy<kxhnswer:#+x\n(.+7) (\n\n|$)>. HTNRAREKESEBEEDFEER, FIME2 B
REGMEREGHNA . B C- D WMERZ —, IAFE, EFALRE.

KT RIRN G 5 SR R, AP K temperature W01, DAFRCRIEZY Hy 45 R AIEE
M - FEUFEPRRFIERR  (Accuracy) , RIRZLE I A BE SPTERLE K E L - SR
EXr Ly, HABEG 909> - HAEOLARE. BEEANETEAAT & 2K, AR [E E (]
A, EAEZ A R AERFERT -

Bt =R EVEE S RSB, %ﬁ%ﬁ%%}gqﬁ, KJE, PE, 20244E7H25H £ 28H .
53 i\/i)\l /l:l
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5 ZER

5.1 A SRR

F 3FIE 40 BRI UEEE - ML SRR, #5 H100. ERNIE-4EBI 1 MEEAR
BB NS E]53.88%, NAM RN &S5, MGLM-47E1 MR T/ERIE R ASE T 5
TES53.14% « B R FHERNIE-4FIGLM-43E 77, ERNIE-4IA% T £ 5 FERE
$956.20%

RIBTEERARIVEN, BRAOTSEHAMNLITER: (1) KEREEGEHEERERERN
YEFH . KIERI R AR—ANZS, B HAERNIE-4 « GLM-4ZEAMAE B8 £ F SCE
FRFLERE T, BEMPARITHE D ZFE BRERIEAESS . (2) FoRiAMEEEAILE A EEY
Mo BAREZRA] DA S PR AR A 25 (A)IE SCHERRE )T, (BAECT0-shot, 1/3-shot P LUE ZEHE FHIR
B2 (8] 78 CFRAERE ST, (HN1E3-shot, MEBRRFFEARE (76 LF, 5F FFE) . (3) R
TSRS N — B A 4T, R AR R IF SRS AT BBt B RIRR o R EE T LY BRI B 4
PR ARTE S (8], (HAELLIRZS A8 SUNE R R AN

A Bl THER YR
0 1 3 0 1 3 1
ERNIE-4 50.25 | 53.88 | 52.73 | 52.23 | 52.73 | 52.81 | 51.06
GLM-4 51.24 | 52.01 | 52.23 | 50.49 | 53.14 | 50.41 | 50.82
GPT-4o 48.92 | 51.16 | 52.89 | 48.35 | 50.99 | 51.73 | 50.91

GPT-4 Turbo 48.18 | 50.99 | 51.54 | 4743 | 51.49 | 47.77 | 50.74
Deepseek-V2-chat | 48.84 | 49.83 | 49.98 | 46.69 | 49.42 | 49.83 | 46.78
Qwenl.5-72B-chat | 44.71 | 46.61 | 46.45 | 42.81 | 45.70 | 45.04 | 45.45

Table 3: HAIEIERAE AR

B | REASE | B | T

ERNIE-4 1 E ] 56.20
GLM-4 1 TA1Em 54.52

Table 4: ARZIAEMINE A BRI

5.2 HRAEAR

RALTY A FE e 1A SRS A B e 5 R BN TR Z IR/ 10 SRS T &1 J7 T R R 3N
55 BT, AR FE—PRA L MEEREARRI, WEEERA - AEiRA - BHIR
A~ ZS[EHEER < [F] SGRNRA - BRI LR T N ERE - R T BT B SE R R IR B R
= 5O T BB ARG UE B T P S PR A R REANVE T A R e - Hor, SEPREETERE R TR R
—EEAE RN RIA NS, BEREEEEZE AR R TR &5 -

BiEEE, WEEREEEAGRAESRINEN, EFFERESHRMEN&E, B
RS E R T 2k . PR EVERE T, ERNIE-4ARMELF, fE4MESMBLER
MLS, GLM-4ikZ, fEAEIRANESFZRMEE 7 &E - EREREEFET E, ERNIE-
AFGLM-4fR IR PR ¥FF RS E , AL AT AR SEAR R AT A R A B MRS A ERE KRB - 1
4k, Deepseek-V2-chat7E [F] SURBIMES VB ER M EEB RE, 7 LLUAE|SERNIE-4+ GLM-
4B BI7KF o

N LAERNIE-4R) SEFR i AR RERIEE SN, IRAEAERUEEAFES KRR, FHh
MM T R 23 ()1 SRR AR A
5.2.1 7ESEAGR A8 H KR I

SURIR I SRR H 2 SRR BE AR A 2 8] 4 AL AESE R 2 I AR E R R R . T
XK AR T AR AR B R RAEE R R EE R, B HRE 5 MEHE 22X FIR, HXF
SRS (A HE Sk RERAR LIV (Qn1 i A4E) o

oA R ET R RS0, %@g&sﬁi%ﬁgqﬁ, KIE, i, 20244E7 250 %28 H .
« PRIAR A
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SRR | AT | R | FEER | FGRA | BiEd | £5E8

ERNIE-4 SChrmfE | 79.20 95.26 87.50 29.92 65.45 61.20 | 25.20
BEmIE | 80.40 96.84 87.50 29.92 65.45 61.20 | 25.20

GLM-4 SEhrafE 78.40 95.79 85.00 29.33 60.00 58.30 | 32.93
BfiE | 7840 96.84 85.00 29.33 63.63 59.64 | 32.93

GPT-40 SEhrafE 76.40 93.68 80.00 30.52 60.00 58.09 | 32.52
BEmIE | 76.40 95.79 80.00 30.52 65.45 59.34 | 33.74

GPT-4 Turbo SEhrafE 76.80 95.26 72.50 28.59 54.54 59.54 | 20.73
B E 76.80 95.26 80.00 29.48 61.82 59.92 | 23.17

Deepseek-V2-chat | SEPrsfE | 74.40 95.26 77.50 26.22 52.73 56.33 | 24.80
TBEmE 74.40 96.84 82.50 29.04 65.45 56.74 | 29.67
Qwen1.5-72B-chat | SEfrfxfE |  71.60 91.05 67.50 23.11 52.73 55.50 | 11.79
B fE 72.40 93.68 67.50 24.74 54.54 55.50 | 16.67

Table 5: FERIAERUE £ A SE PR B (M REAVEHE S M BE

188 FFOSEHERTE. ... .. BT LABS =50 ) Eokehy AR B, b FRECATRMBAT, T
MNAZEOSBEEHANITEF, XTEFIGEN—F, B E—T A58, HiEEL
— M, FURREmSmER. (BE: _BEEREE—ThS5Et)

48 HFRLE, WHELRET 2K FERETHEBBEELI NN, TAES/NE,
FZIR/INES, BILAEINOE12/NEF . ... (R H. BILE__SMhTE12/N6T)

HEE—ROE, SFEAWOLAREIBEE P MEMSAEMES XExR, THE
HAh SEARE S ZEE IR H IR, ERNIE-4%] 2 ARE B R R A - 58y A H L ik <=
T, 6T T I RIT? LRzt L, WMART XAERFR) |, REXTHAERH]
WTAR B0 T 1] R -

58 : TEEBEMIKRLITEIRMA, WKRLITERT, MEHWEREESGERHR
o (RiH: _SMNHEPIWFREAERMSES)

67d: ML HEMAMNKTEN R . IREEREKA, GEIt 44— HKIAFESH
T4 B4R =mBIRREA. ... .. (HiH. =R

BRISRYL, ERNIE-4R] DAL B vERf A W45 ot B0 A0 SR URD 5 A7 ] SR BR B SE AR, (BN
EHRHEE HEE « UGBS AL FEEFZ ARG SR X R T RIS, 2RI EE ) i
55 o
5.2.2 fEFAEIRFIEE MR

AEIRFRE B EREAGE R IRANFESH L ERRAB LA A SRR\ AL
HRZRGZMER, BFENERXATROZE KR (2518) « FHFRMZE KR (W
Fo58) XA B RAZE R (A12598) 55 . ERNIE-4%] 31X 2558 R B IA R ER B v
i -

25178 BRI R A, RIYVL- S RBUIE R ICE. ... FENTRDEIKES, $7
FRRA—AFEREET, BA—HRFBINEEEET. ... (FiH: _MFBNLREET)

258 ...... IEAEVE AL AERATIR, EFD ERER, &I—85E NG Kb
A B _EARIR I B A HEARIR. L. AT HERfEKHR IR, BRIETFERAO#EF, BAN
HKTE. ... .. (RiH. LA B H T /KmE)

25988 SUAK[E258/ (FH: BHiEFitFERvIehE & )

YHHERAR S (BFMEEE) MERSRXR (BREEESRXR) B, AN
WHAIBEST T, HIM TR . XRTZRRARELZREY, EARTIBESEBLLM, &
BOHMNERFEZESS . XBEHNITES”, B8 HETH 0SSR RTER, W398 AT
AT “BEAZ” T[] L FTONIAL R, BMBRIHER A FES, MEEETILEX, X
F &R “Bfia]” «E 1B “EiB & FIRE S HITTIES AN - B R R R IE HiX—

398%: HIERIKHIRNK, T RIETLIMEEEIE m B, EsrE FAESRHE . F
2 w1 A8 7 N = 2 W e PO (FEH: “BFHW BT B mshie__FE)

42588 . JLRUIEZELERT, MAELBXT —WHIENRENTE, HETE
T Sk NE B HRE, G —8RBEafEAFMERELE, BB RRTE LE
FIIRARET. ... .. (RH: “BREARARIE Lig Rt B K A7)

FB o= EEE S RSB, %gSﬁ%%ﬁS{ﬁ KIE, #E, 20244E7H25H % 28H.
: PPN
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BRI, ERNTE-42) W7 R A~ B SER p) B AR 28 0] 50 R 2 a iRy, AW S Lk i B g
AR RIRZ, PSR SRR E X REHRIFA  XFAR—BEIAFEE ML, B
ELRAXT G K R A I FIAIA F -

5.2.3 FERFE R E MR

SRR R H SR R IR AR R R S A A B R RS TSR . SRR S ]
FKABLRANEEHEY) (4418) | BAZBHETER (H4428) -

44158 /NIAETR, BEL, ERIEBERRM. ... (@ H: RFENZRAAGEERS _, &
KIRAIH NI T, |AEL?)

44278 REZREMEIH, EhETH AL, .. ... MIZ A FHEETFRT TR, AERA
BEfE TR Al REMPMELT, REHRESTEMRETT. ... (B H: FEmzEET
NfERR__, ESRIRBIH R EEHELFEREREH”)

ERNIE-4F R HE 2 FRAIRE N BHF, HURRHE SRR RE 2, ERNIE-4AE S HIRA
BIHR - FIanfE4ATSEH, HARMAITHNE FLARS ZREMAZ R . XFEEXRFAE
W, FRTSEE G B IR T R . WX R 2 8] R R AR BE F T B A AN E R — %
HEFRAE

4TS ZEHPEAER. /NI B AR IR S KBRS FH 7R W) P 4T 380 28 2 55 0 B % T T
BERAT ] L SE R AR . L (B H: BEOZEAMEERE -, ZERIRHIH <N NIZER
RIATGITIN R E =N O [ L A FR )

BRISEYL, ERNIE-4EA T LIEFRAIFEN EWE S HE 2 E R R, HAEFERAAMEEGE
B A RHEIR RIS (8] 52 REGIEF R, BRI H AN RIRLT
5.2.4 FEZ A #EEE H R

ZEAIMEF R E , ST R T 6 B AR R 5SS B IR A0 SE AR R 2 A R &R« X 2]
i, BT HRETE IR BRI a e E R, B ERE SRS T TR

A81FH. HWHE . TH . BT IRET . T4 TSRS DALV A — B AR
H, KEEEEHLORIE K SABNBBTFR—IESAE - EEHEAH N A Z R
%, RAN—K. BF: MRFHRERREELDEGBEINMIE, RIERERT HEE 7 1 i
FEHMIE, THERIERIMEE A ROEINMIE H: TERE___FIRTE)

REZHE P EHNERES, (HERNIE-4AEILH 2 FIHEEFE AR IRIE - X P GE
DA FEEREREEFEE, FEREERALZAERENR (W48 3 “IE /S TE” B
MRS | RIERIEXEE BRI . 25 B HEFE v] DIFR AR & 7 10 R 1) A SL AR 31 7]
B, X B R B R A P SRR A (A R A AE — S ml R, ey IR X R A A
SINMEZZE KR
5.2.5 7[R SGHRRIE H R

7] SCIR 5B 25 8 B 25 ST AN ] 23 8] 77 A7 37 320k O LR 23 18] 6 R 2 BvERS - DU
FE—HLZS R A0, EATER M B BB USR], (B s R] SR 25 A B AT LA A R B 25 18]
i e BIANFELLS TR, [R5 A < £ @ AN B, B 2RO AR R GE, (B
B & A 28 B3 = 5 B R

115788 E0 AR, R [ £ 8 H sk IBIRERF M T, METMLT
M...... (G H: “ElZBHN_JERHNFHa LSRAREMEFNSEZG R, ERAHE
K Bt «[E £ )

FH 55X 28 25 (8] 75 AL va] B PR A FH I8 SORNR], Qi SR ELIER e, ERLY R 7 LA A S 2 5%
B SL R B RAE— B e, X B R T BN SR+ 7 (LR R HE SLAIARBE ST, AR (UY
MBI H B 7 AL B S0, JE R SRR AR ESS - AE SCIR B B FISEARR A H /)
STHEI B, ERNIE-4R] DLHCESUF #6275 A0 1R A0 5 AR e BR A SE AR, (B R AEHE L Hfg
FRMEAG LA
5.2.6 FEANFEESSRBIMTS RN

CRA B30T, BRINAE HAE AR RBSE X RNER FERESR, (EMNERNIE-47EH
R E W R0 _ B AT DA ER B s (B R AR, BARInE 6.

6 %h5iE
FECCL20244F Fp 302 [BIE S AT, FATIER S T A R AR Y 25 [A) 1 SUERARBE ST - AREA
B = B F AR, 951050, NN, HIE, 20244E7H25H ®28H.

B3 PN
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HESRA | BAERI | R R

A EIRH] f ARSI BAR S R R AN SN, HARSFIMmE Lk Ooik
?ﬁ%>%%% SR AR

LA | B | RREASHE R AR, EBAAZINUEM, HEIE HIRERE s
" XS R AR HA AR R 5 % T

FEUG | R | AERRE SRR AR H ], BT R AR EE T R 5
2Tt

FSGRR | BE | FrSERARKAR, L4 J7 G 15 LR

25 [ %= Z5ZERKREZ, MAREARFIANREREREY, HZ T

Table 6: 1T F I N HFAWE £

MR K RS HTEFHEL Be, MRE FAERRIES N56.20. ZEARE, N THRTE
ﬂ?IM%Xﬁ% ﬁ,Tuﬁkmwﬁgmhwﬂiﬁm%,j%&ﬁ%ﬁ%ﬁ%ﬁ%ﬁ@
A3 7RI

Uesh, FF— R AT R, HRARRAL BEE M .« X AR A2
R, Wi 2 BRI e F IR BEE IR AR ORI, FIR, SS5A AN AR ERIE
BIR, GSRIREE A B2 BORAE ST AT AN A A - B 4 A RN SR T IR A A B AR
RIRRE, BT LLE IR S A A SR B R -
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KRR EEHAN A T BATHIENS IS T JE H SCZS [AE LN (SpaCE2024) #Y)
TEFBR - SpaCE2024 §7E 2 THMNAHLES X H 328 [8]9E LHEREE ), SIS REE
BRG] 2= EE BSEAEIRA - BEEEFHE RG]« =677 6 E B A 7P
[E] SR BN AFIIESS - FATEIPCK S O Bprompt H 45 & H0A B 77 2g K
B SRR R R T, W T — DRI E AE LR RS - R ARG
B BATES G B AR B8 H AR 70.8947, 7EZSBE B SE AR A B H i
B2 10.9364, 7EZSRME BRI H R VER R 70.8480, FEZS IR (ifE BIEFRE H
YR ZER0.3471, EZ AR E GRBIE H A R E 705631, M ELESERZR
90.6024, HE&H—

KB SETECHEEE . KEERA

System Report for CCL24-Eval Task 3: Chinese Spatial
Semantic Understanding Based on In-Context Learning and
Chain of Thought Strategy

Shiquan Wang, Weiwei Fu, Ruiyu Fang, Mengxiang Li, Zhongjiang He,
Yongxiang Li , Shuangyong Song
Institute of Artificial Intelligence (TeleAl), China Telecom Corp Ltd
{wangquS, fuweiwei, fangry, hezj, 1liyx25, songshy}@chinatelecom.cn
limengx@126.com

Abstract

This technical report provides a detailed introduction to the methods and achieve-
ments of our team in the Fourth Chinese Spatial Semantic Understanding Evaluation
(SpaCE2024). The SpaCE2024 aims to comprehensively test a machine’s ability to un-
derstand Chinese spatial semantics across five different tasks: spatial information entity
recognition, spatial information entity disambiguation, spatial information anomaly de-
tection, spatial orientation reasoning, and spatial heteronym synonym recognition.Our
team employed meticulously designed prompts combined with fine-tuning to enhance
the spatial semantic understanding capabilities of large language models, thereby con-
structing an efficient spatial semantic understanding system. In the final evaluation, our
system achieved an accuracy of 0.8947 in spatial information entity recognition, 0.9364
in spatial information entity disambiguation, 0.8480 in spatial information anomaly
detection, 0.3471 in spatial orientation reasoning, and 0.5631 in spatial heteronym
synonym recognition. The overall accuracy on the test set was 0.6024, earning us a
first-place ranking.

Keywords: Spatial semantic understanding , Large Language Model
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1 58

Z3[R)E L HAR R BRIES A E (NLP) S — MR RS ESS, BERMEBANE
HRIESMEIER, PEEVHEMMEEBIESEENSEXRZMGR . EEFXEEIE L
R, ST TRAVIZSENEAVERYE - AN B BRYE - 15 B ERE BRI
Y, UKHESHEGEHE - BohE 3. SNSMEN SN L B EE T . tth, AT
HSCE R IR ZS 6] 55 R B MBS S ANEIRLE R, XX EE L HBAMR LGB TE
BEBESHINLPHISAIRAR , (€t N TRFeT ABIE S FIASIE R AR AN FRAR .

5 00 Jg FP S0 A AR CHE ARV (SpaCE2024) §F N VE B 5% A8 = R 1 23 A8 U
REEN MR, EEEE—MNREUESE L BRSPS EE X HEBNESEN -
b, SpaCE2024 ¥ ANERIS TS, e ke RE R AN ZIREZS BE R
Sy BIRZSAME BRI E) « ZSEE B EiRE] . ZRE B IR - 2SR AE SR . 250A]
FIEE SGHF -

FEARIFMES S, FATE B AR ORI R (prompt) FREUBETY R 5452 AT (8
. BEE, A4 E TR0 5848 (chain of thought) FIJTE, AEEMEFRIER IR
ERERIE S (AE VR H F AR . HaR, BATE T LIS AR R AT R0
DAt — SRR R LSRR . &5, B ERREAS ZMEA MY, RIS
Fo FATH RGFE A IR B A 23 18115 B SR BI R B AR VBRI 70,8947, TEZS[AI{E B5E
PRIR AR B R R 40.9364, 7EZSAME B R H IR A H A ERTE N0.8480, EXE A ALE R
PR H AR VER R 0.3471, fEZS BRI R GRAE B R E 80.5631, MR LA R R
$90.6024, LEAEHEZH— -

2 MXRIE

23] 1 SCHERE R BIRNE F AU I OS2 —, WTSEMEARGREGEER -
N Ry 23 (A a W ok AR A B e B [ A 57, TR BERE B 3UR T, = AE BRI RIS I
JERREE . EE BIRESOEEORNAR A, SHLERH S B8 R RE ) AT 7R 22150
NEE . N T BEIFREAIEER T S [AE R AERE 7T, Kordjamshidi%® (Kordjamshidi et
al., 2012)7ESemEval-20122547 1 B T HF A 23 0] 5% R B2 MG LA AVRERES, ZIESH N
BHORTE S PRI B3 L EZAKE 5 Pk - MRS A e R g o BR T X e EAH AL
AN, EREATZ BIAVER R DU B R R — R, BIEXE 7 AR AT TR
¥ - 7ESemEval-20137, Kordjamshidi%¥(Kolomiyets et al., 2013)%]Spatial Role Labeling/E55
H4T T 585 - Pustejovsky% A(Pustejovsky et al., 2015)7ESemEval-2015%2 H 7ESpRLAE 55 H fif
FAISO-SpacebRFfA 3, i — 4 5885 23 [AITE UM BFRIEAESS -

SpaCE R R HAEHRZR 3025 15 SRR _ B TR AR TER, SpaCE2021 (& I et
al., 2022) 578 = 3L RITE R RHAIMT o30S 8GR VAR G BRI 5 o S0 ss B]E
FIWr 5 AR ER G ES =D FESS, S AlEEEEED B X o B SRS EE LRIE, &
IR R =S (A RB BRI R, TR A MESHIEE G RES) - SpaCE2022(Liming
et al., 2023)7ESpaCE2021 FUEEAH L3R T IR, R5 TiERRA, Buf THESE, 75
THhRER R, o R SO RTE CERAIRT - T30 EE LR IER S 75 SRR S s
B SEARIR R 5 28 8] 77 6L R RAREZ A TAESS - SpaCE2023(Xiao et al., 2023)7ESpaCE2022f) %
ftlh MM ER T 2 EHE SRR AR RS, UARFEIEARES; RE T RECRIARNES, DU HE
B ABMEES, oo TEIEES, Bl TS, BE TWRERE, B T ERERE
%5, ERNLEAIBM BAEE SRR P EERSCREG AT AR S E 5, Huii
TR -

SpaCE2024RF Z Fif AN AT 2SO i B8, FF08 % B — € B i B 5 3 B SRt s
R e, RIS R AU AIER S - SpaCE2024 5 i BT K15 Z 18 (Wang et al.,
2024) B2 B35 SCEBERE ) AU, DLAEEE B LN DB IRB 2 |G LR RRE T -
(1) = EHEBSRIRR]  ZSRMIUA I ok H SOR B RE B IS Y -  (2) FHEEEMAE
P o BESRME A G0 Ak H SO 2 [R5 B R AL, Bk H 58 SR BT R A &S [A]
Fir . (3) DEMEREFHEIRA  ZSRMI AR I Ak H R BE B R HE E S Ri5 -
©2024 FEVREEFT ¥R
RHE (Creative Commons Attribution 4.0 International License) ¥FA] AR

B = Jm P E RIS F RIS, %%1306%1%T§12ﬁ, KIE, HE, 20244E7H25H228H.
s PPN
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(4) 2B JTALE BHERE . BERET SRS H B SR b AT A B 7 A4, DA DE S a2e T ot
WEHLER . (5) FWEFIERE SGRA o SR MU FEIH % H BEFE R SUR R [F] el R =S
AL
3 Nk

FEARRENAESS F, BA1E AR O PR R R BV A e A B f S 2 - Bl
J&, BAE S LTI XE>S] (In-context Learning) 5/A4E5% (Chain of Thought) HI/7i%, H#EE
PRI R DA M R A e 25 (R OB AR H BRI - HOR, FRA 1T B S R T VAR
HATHOE, DL PR E RSP RtERE . e, B ERREA Z MR, K
HUR A AE R -

3.1 ET LTRSS B YR RS AR i

LTS, BRAESEA D —FEZENGE S - ICLAFREMHAB AT LETIXER
KRifgSFEHEH, WMEREIMIGREIEE LT R E R R EE - KR
L ICLEER U N EZE, B X S  w Tl grE KRB R E L, e E| 80
B A AR - S48 E — M S RG] RY 1R OCEE, R B i pREE RET B
SEi AT, RRILHIN BT SR BB FE RE o SXFRAE T AR AT A A0 P 1 4 (R R AR - [A]
AREFAD L ARSI R &, RN DLERE N BT P RBERE B REMER
BURRIRTT SR -

SRR R — PR L PISRES, TR RAE SRR HEERE ) o« CoTHIAR L ERELZE RN
R B ) B4R, R 218 i — RIS P IR HE W B R X e
PR o FEREI A, CoTHIER AR S| SR APEESR, MARNIURER TR
FOALACVEHL o XFRTIERAE A TSR EZ PRSI NS, B mEgER - Bl
FHE R AE (A A R - B B R B AR, CoT MRS T2 Mt i et FEBT
PR T N F A B . A U R B - BbAh, CoTidm] ME RN —FPIEMIMLF By, #BEA
WEREE IRMES TN RE SR, TSR EARR 12 R T R 25 0A] -

BN
é%—/u\?éﬂ:iﬁﬁ%mﬁmﬁﬁﬁ, BIRETEAISA, B3, iﬁlﬁ'—iéﬁéﬁﬂj—i—iﬂﬂﬁﬁig

XA: ARKXSEMNFEREEYEERERR 1 ARARN, [ iahRgrE A REEC SHEMEEELD
[E, IBEEFHRZIINE, EESIBAYERT], JIAERRAQ, AHREAH. kBRI
SEE 7 HANEZERE. tE. PEE. 8. Xr PURE. ZHARXKE. BEH. BRI 18
K=, WIREL, SHEFESE. NEFHFM, SPIPALTHERAISESITE,

AR OB EF IR .

HEI:

A:FE

B:ARELSEEMIE

C:RZII 3%

D:LA BT ARE

EBE: C

— IR

it

1. FHEXA, SHSTSRXNES. AR ARASENTE L BYIEHERRR I HEaAm
M, IHiphRgsE AR SENEERECSE, ItaRE™IRS g .

2. FRIESCA IR, SLAE R WA T T 3894,

3. AREANER OB EHIRRI I, SEREIRT IR S,

4. NZAHIREERRE, XL IMEEItE"NER, XN AtE NSRBI 173,

S Hlt, ERARERE 1 BB RR T,
\6i1m¢ciim$ﬁ“%§nrtzz”, AR, FLERSREC, /

GREFmAR, BEEC

Figure 1: CoTHE AL AL

TR A, FA1EFEQwenl.5-72B-Chat{Eoh B AR i FAORAL, Bk, 3A]
BIUKIEIGE S IR LIRS SR AL AR PUE R RIS R, promptist & SR A
1R, SEZP B TRBUE R R S R A B AR« HR, 7RIS A T B 2

B =R EEIE S ERS R E, %%1306%—%1&1?% K, E, 20244E7H25H%E28H .
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B BN 5 RYERER) KRS fEprompt iR E FANINFE KRR /RG], 15 SRR SE0T R AT
IMTHER, BREAE AR -

3.2 ET ETEINERFRERHA

BEE TR NITE R E R/NY B, RIEESEME R BN ICE36E N, BTN ETX
FEL D RBIRAES) . REVTHRIARIEE 5B LUE S ICLA M HUT & FE 155 - B
b, BE—AEWRA R M—HBEERY = {y1,...,ym}, TIGHESEEM EEGHEC
ISR TG 7 S B B RAE AT - 60 BIE—DRNERES T FIK RF),
RC = {I, s(x1,51), -, s(zk, y0)} BUC = {s(x1,91), .., 8(xp, up) ), HHs(p, yp, I) FARIE
ESHBRIESRE KRG - BEE Ry, FIMZAT LURIT A M A A TSP AL
KRR -

A
P(yjlz) = fu(y;, C,x) (1)
BATMIbR %y & BA s R AR A R

y = arg max P(y;|z) (2)

Yj

TN
TERXTILARBINETUERESR, BRIE NENA. [ SIEIEHIERNER.

NA: REDFINEER, MMBESMYRE, MK, BEASHNECSKETHE, EENSIEKA, BTE
ETF BT, EIFG— 1 BFERXBESNNGE. ... RRBEETY. NEaRESiTEEmER
BOKSRE, SRAMERNEALTEE., MWRIETE—IRFHSETY. SEMEER, KOEERNE
IR W)L, SR, FAIEFETKERES! "

iBIRR: PR NMBIESIZ()FRIL.

JEIR:

AFTEDH

B:A3E

CE

D:LA EiEIRERAE

E=:C
ROIEEE. .

XA ARXSENHERSEYEERAR I HRERN, T 37HhREEARRELSHEMEIFELD
B, BEEENRRI I, FEERIENERT], TIFER44ANT, AHREA15, BRI
BERE THRNESERE. 6B, PmE. Bll. Xz, PUAE. SHARXHKE. BiEH. LRIz, 18
A=, WIZER, SHIRTES. NEHW, SFIALTHEENEFIE,

AR (AEBE MR .

BB

AFE

B: R EGSREYIE

C:RZi I 5

&gx&mﬂx%

&=

i -
E=x:

Figure 2: [T 32158 RRAEIRE =~ B

BRAMEFRECEER TEAR L NG, H-Spamd R, sl ik
BN 3T ST HEER 2 A R SR GRIT B, SXFRAE T AT LAt — 2P 358 (Wei et al., 2023; Chen et
al., 2022) - B, FATED R EH I3 TR L ISR EE R G 31 A TUE SR LN SCRE
51, FEE R E IR S GURATERTIUNISRES 5 M iF LN USRS Z M ER . B4R,
FATTH FH BB AL e 3 5 200 158 (R R B 10 = U 58, il el A\ 9k ok i 5 30 A 851
B AE yprompt H 7RG8R, A0S WE RICLYIZREUE, A5 £ T8 & MICLEE I
#5Qwen1.5-7B-Chatt&7l , JR{FIEEANE 2P -

%:+EE$E%%E§%k§%Y$,ig@%ﬁﬁgﬂ,tﬁ,¢E,HMMHH%EQ%EQ
: PR
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3.3 A

P 2L SR o SR K & R A B[R] — AR R R HEER R AR L A TIIISE SR, T LU RO DR L
REMERRE, REEERNSENE . BT RERBEEN FEARER MRS, 55L& 7w
B A, BT LASEA % AR MRS AINT, TG H IS AT A0SR . Rt
ZH, NS AT E RN —FIENCF B, By IR A TR S BRI, $EsRsAlE
REEHE LAz ILEES - FINERGANSGTRES, BATEIARRER, HEFSH RN
FIYIZRES IR B SSIE SR TN &5 5 e 25, Tl 100 A3 S SR e o R o 45 SR A7 b 7, B
& S T B BI$E A A4 -

4 SEE

4.1 BENIE

SpaCE2024 5 INTEE X KB ST A =S [B1E LM RE AN, = 5 — &R
5 FEENER T OB RNE AR S EE)] o SpaCE2024 NI FHE55, LU A%
SRR EEEIRA - ZREREAEIRS - ZEERRF RN ZRTAEEHEES =
Al I R SORA B R IR R ZS (A SRR RE D), BRI anR1IPTR -

e Train Dev Test
= = %k Zik Total | HE £k Total | Bk £ Total

SCRIHEN | 937 161 1098 | 226 24 250 | 513 87 600
]

FAEIHA | 1074 19 1093 | 186 4 190 776 24 800
FHEIRA | 1077 10 1077 40 0 40 530 0 530
ZIEMERE | 909 301 1210 | 468 207 675 | 1533 537 2070
[&] SR B 4 1 5 44 11 55 541 139 680

Table 1: SpaCE24%HEEEIE /> i
SpaCE2024 HAEMZ (Acc, Accuracy) ENFEMIERAIHEZKIE, WAXSHR:

Ace = AP IERES R ORISR 0 E 248 3)
Wit 2 S R R R LR R TR I KR - DR R A

BT, AT AR
RN = HNER TS —SAR SR (4)

4.2 ET LTI 5 BYERE RS0 3CE A LE AR LS5 R
FATE ST SpaCE2024BHEE AT T — RFNILEZEH, LRETRINFZ2PTR -

Metrics
ICL CoT Train

0-shot w/o w
5-shot w w
5-shot w w/o
5-shot  w/o w

Accuracy
Total LRG| AEIRG  FHEIRS  SEEE FSGRA

0.5570 0.8560 0.9526 0.8750 0.3170 0.5454
0.4330 0.6360 0.9316 0.4250 0.2119 0.5091
0.4240 0.6720 0.9263 0.5750 0.1719 0.5455
0.5686  0.8440 0.9737 0.9250 0.3304 0.5818

DataSet

SpaCE24_dev
SpaCE24_dev
SpaCE24_dev
SpaCE24_dev

Table 2: SpaCE24551F 5 158645

F2REIR T AESpaCE24 % UE S L AR KIS I B 8155, EAPICLE /RIS S A2 A (5
F 2N 302 ) SRS AE prompt AN AR S EIRTR B, CoTRIRAE SRS HHEH T RE A i F R 4EBE S
P 7E AR T i M A JE 2 SR TR R, Train®7RJ& 55 F SpaCE24 I 2R S 3 AT T I 25
YN FAT B GRS B e 2 5 Qwen1.5-72B-Chat, = 4TI 1)1 GRS FA) 1558 A (RS 7Y
HQwenl.5-7B-Chat « SLIREEIRIEM, FEYNSRAITEIE R B b N S0 ) SRS 5 R4 BE SR 0
REGCRABRRRR T, ER/ERRE, FHE4ERE RS S5EAI%E 2 S EEEMCR T

B =R EEIE S ERS R E, %%1306%—%;&1?ﬁ, K, E, 20244E7H25H%E28H .
H :L‘/‘;)\l /l:l
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B o 3 B AT I DR Oy S A BE R SR AR T AR I (RIS 5 SRAE R D PEB S R, AP A[RR 2P IR
AR, AT FINEROEET R 2 B S WfERRE 7, IifEfe i i B A B
FEFS AR UE R T SN TN ) SR A - G0 SRAS e o AR R B R A B 52 A IE T AR T A,
FERERLYI S5 RE P o B BRI B = 2 $RTH DR BN -

4.3  FETHRERMEH IO AT B RARR LS5 R
ETRULERSLIETR, FAAESpaCE2024 M EE LT HEBFF SR AT T 6IREE R, Lk
RANZR3FR -

. Accuracy
DataSet Metrle | Vote | moral  setbiSl fEIRR RERE SEME FGRH
Baseline \ w/o | 0.4792 0.7509 0.8818 0.6860 0.2196 0.4200
SpaCE24 test | TeleAl test_.1 | w/o | 0.5991 0.8895 0.9312 0.8440 0.3471 0.5538
SpaCE24_test | TeleAl test_2 w 0.5958 0.8895 0.9273 0.8480 0.3373 0.5631
SpaCE24_test | TeleAl test.3 | w/o | 0.5898 0.8912 0.9364 0.8360 0.3265 0.5523
SpaCE24 _test | TeleAl test 4 | w/o | 0.5885 0.8947 0.9260 0.8440 0.3255 0.5492
SpaCE24 _test | TeleAl test_5 w 0.5958 0.8895 0.9273 0.8480 0.3373 0.5631
SpaCE24 test | TeleAl test_6 w 0.6024  0.8947 0.9364 0.8480 0.3471 0.5631

Table 3: SpaCE24{Mi# £ KSEIG4E

F3EIR T AESpaCE24 /M4 E BIXIRALLE RVE G, HiVote R R TS
W, FATT A DA R SRS T AR, B R A5 B RLAE AN R I SRES IR AR UEEE TINS5 2R A AE
Z5, HIFEAIPE T RIS PRI R E N BURART - TeleAl test 2% 2 B E S
R AL S AR AT ZE R, TeleAltest 55| A T IR EENLH], ARIEA AR UL F AT
RER ELFHIN 45 5 53 B A i€ BOAN L, TeleAl test 63 — B HUH TiX— &, NMUNEBEEIL B
B, SNARRREE o ENE, N EAEH R BURRR AR, R RA T
WORSTR AN S M E - HSCIRSE R AT UG BRI IZ 155 LAl LI AR e 5, A5k
EDRENIR ZAE T W, REEARTERE, FlTENHE LREARE 70.6024K R, 5
EARTIAH LIS T 25 71%HIAER R T, AESSRIRRBIESS B 5 B S BRE LU T 19.15% HI4H
WRTE, AERAEIRHNES LS EARBAELIUG T6. 19%KHENRT, ERFIRAES L5E
LRAARIAE LLIUS T 23.62% MRS S 71, FEZSIAIEFR AR S5 [ 5 2R AT LU RS T 58.06 % HIFE XS
I, R SORANMES b5 EEETIAE HIUE T 34.07% MR- TE o BATHETIAE SL AR A -
AEIRA] S FHIRB S R SGRRMES RS TR rERR, (ERE FEREES DR
&, FTLAE KRR AE ) LA B A BORAR T = A .«

5 BE5RE
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Abstract

The Spatial Cognition Evaluation task aims to enable language models to parse and
understand spatial relationships between objects described in the text, which is crucial
for a deeper understanding of natural language and complex spatial reasoning. In
this paper, we investigate the effectiveness of in-context learning for large language
©2024 FEVHEIEFTEAE
R#E (Creative Commons Attribution 4.0 International License) ¥F7] HhR
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models on the spatial cognition evaluation task and propose a demonstration example
selection strategy based on option similarity and spatial capability similarity. In this
paper, we infuse in-context learning with parameter-efficient fine-tuning to fine-tune
the open-source model, improving the spatial cognition capability of the large language
model. Moreover, this paper attempts to combine the capabilities of open-source and
closed-source models to tackle different types of samples. Experimental results reveal
that our proposed strategy effectively improves the performance of the large language
model on spatial cognition evaluation tasks.

Keywords: In-context Learning , Parameter-efficient Fine-tuning , Demonstration
Example Selection

1 58

=S (A Y 2 N RINFI R — DMZOEM K ESEEEFET BRIES AT . AEEAN
THEAER AR L, ZSETE B R AT ST — 3 o S P AR SR R 0A B 22 (A1 S
AMXFEES R, LFEMEHSENMEE S, WESES R, HE T FRMRET R
JTALAE B SRR HERE o =S (B3 SCH AR © A0 BAAE F A B AU R — DIATTRIBE R L, X
EREHBZRRANSMAL . MERRPEERBIER . LK, BBEREIEMIE
FE22 ST BOR BT ot 2, ok 8 BB 5T 38 JT G5 B7F 50 10 4] (6 B 25 4R N 2R — 5 BE 08 vE 1 2 A
BRAESTMZRGEE - ZREERIZHEOEPZREENRE, HRR EEZ8h
TS ET R A R R ER LA =S (B35 LEARGE T - P2 BARE T B BRI S
PR EWNATZRE R fltn, ML (CRF)EEL (Lafferty et al., 2001)#H
TRETTER, ZFFHEVL(SVM) (Suykens and Vandewalle, 1999; Roberts and Harabagiu,
2012a) FIFFAMLE 45 (CNN) (Mazalov et al., 2015) &R 4 25 6] 6 REEH - A FHE S HR,
W GloVe (Pennington et al., 2014) ~ WordNet (Salaberri et al., 2015)FIPropBank (Salaberri et
al., 2015) W FH T2 [E15 B3R - LIELMO(Peters et al., 2018)FIGPT (Yang et al., 2019) 7%
RHE SRR URIE O A T H I L R AMERE, BT & T an & LR RBIF0E LA
GRS B AT DL 5 R PRV 20 25 1 LR AL - Shin A (2020) 3 H1 T — 38
TBERTHZ 85 B R BUREL FH T 25 [A] 70 2R R BUFA 25 A] 5k R 5B -

0T eSS (R E PR SS RO RE, SV A S (R SO AR SRR TR A A S
Al TG SCEAERE N, SpaCE2024 A= RIE B LIRS - SEFERAEIRA - =EEEFHR
Bl ~ 23 8] 5 A JE B AN 25 8] e [R] SGIR A 14 2 IR 88 A 302 (818 SCERAR D RE ) - X4
MEGERDRIE T AR AT, R | =S EHE SRR, SE5Ge B8R e R
BEPHZEMEE RGN » ARIFET IS RE SCEBESIRR T KRBH) £ RIS FE
WAES ERVERE, AT TETUE RUE S =S A1 SR RE AL R e A R ] . AR
SORF BRSNS AR R B, AR e KRR 25 (B3 SCERARAE T - LAk, AT
FUCR IR T A A PR T R & T PN R HRE A o SEREE IR R, ST R A B SR
BRI S T RIEEE 2 (R U ESS EROTERE -

2 HHRHR

HET, 2 EHE RS BRI K ET AR ZEA 2 FE U EE - SemEval 2012 (Kord-
jamshidi et al., 2012), SemEval 2013F1SemEval 20158 Hi T T8 [7] 25 838 SRR L 1R, 5
AR FR S = B RN Eh B2 B T LA BFRERES - SemEval 20125| AT — M EEXET
B ASZS B % RIS B A EFREES . SemEval 20134 25 [0 5 R RFIZhA, DUIRIRAIK & 1)iE
Mo SpaCEH 32 18] 1 SCHR AT AL 52 T B8 e () 2 B SR 225K - SpacE 2021 H
TEANFAES, oRIRSATE IEIRAIET < 23 838 R VAR A BRI A0S (8] 58 AW 5 1
KB & 1E55 - SpacE 20228 K 7RSSR, 8N TEBMRERES, ZRIBFESEIEERTH
SCRARRN R B, AR [BUE BIEH A SOR F o AT 4R BE B8 U bR - SpacE 202301 7E
23 (8] SRR AN S (A E SUA BT R B BN T X R E R R, BRI BT R R
[F] AT
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Instruction: 17 i3 SCA G, ANEITHH LR AT DA— N ERE AT UE R R 25 5 PSR K, ZAERMEAA”
B PR,

Input: KRG LT GE I, BAT AN “KELIAGEK” P« L B0 ssH & UL R AR E AR F
RSt RSN AR . BT . “Rm” . S5 .

Output: HL i

Input: (LLEIRTZFEY QUG T BEA EE I 1 CIE SR RORE R, SCRMRAR I AR R (1 B XURS 1) SRR A 3 4812,

B RGN R T N R RS HRPMY , BURES TEER 2R MGRISEEN “SHiE7 . R

>

B SERZK, HEfG. GF B bR 7R SR e D i b D R SR URS MR S| s B8 — 37 SR8 HE RIS S5 T A £
k7 R “JETH” B HONOTE R T S A SA AR R R B 5. RUBLATU: - R . “5F . B
E‘” N “&I\E‘” o

Figure 1: KA AR

B R 25 A8 fE B R B 2R F & T L8 2% 5] 19 77 7% - NicholsFIBotros(2015) %
TCRFMSVMEE H T SpRL-CWWIHER o 1% 77143 T ORF{F H £ Ffa NFFERIEEUE R T &,
a0 F GloVeFIRIHR A ~ i 2% SEAE « TR FIR A RENTIRZE - SVMIUA T M E /T 5ER) = o2l
YHA IR IERA = TS RIZ R X R - D’SouzaMiiNg(2012b) & TFSVMEH T UTD-SpRLE
B ZERSR H SR IE A B ROR A2 B2 N [R] FARHAE H X5 25 (8] 56 M % B S BT B A
Mo —LifRE 2R L FIES BIRA TS ENE LHEBES, DR RZEEFE - Salaberri®
A (2015) 2 Hi FIX-Space & fif FH WordNet 7 (1 & fsth &5« A0 E « AT G5 TS ETE
PEHL, [FIA (A PropBank H1 HU S 50(E B &5 (B K RFEAT T 902K -

BEERESSINARE, ETHEMSN T EWTLZHTZEE B R - Mazalovs
AN(2015)F8 H T — P ET HBRMEE MG HIE LA BIMNE RGO R A A LE X R, BRIt
i& T 25 B {5 B HRE - Dans A (2020) 18 FIBERT AT 44 5& BIG A PR AN SE 4 22 8] %5 18] % R ft 4T
TR o ZAEE A S — > FH R R 4% SR PR S (B AR T AN — D BERTIE S A B, HAEFHEA
WAE AN FEAFFAER T B F AR AR &R - REZTIEMHA TBERTIE MBS HEA, (HR
FXF EUR A 44 B HI SRR % 2R - Shings A (2020)# H TBERTZS [AIMEAY I BERT MR 1AL
AR ETE, WEBIINMAZEEAE, #—PHHR-BERTH 2 B A B X RH#ATR
B, GBS MEREC S B RER & T B EE BRI AIMERE o ASUET B R 3C2E ST M E A 45
R T RIS (B3 LRSS L RISRERETT, NASRI TAERRML T BBk -

3 ET LIRS RE ERE

BRI S SR RE A AN BRI AT S BB UL T S EAESS R B2 5], ER—LEl
SRREARAE DN S m NN BIFERRN B AR A 2 | o B P S S R B TR BIRE AR DA S, A
SUEE T 25 (AR SCHR AR SS IS O T AR AR R SRS, 2 AR SRR TR LU BE AN 2 [R] 3 SRR fE
FRRUEE 9 MR AR 2 S ad BRI REAS « SRE, R SCREESFAS B AR BIAE A E Dy BT 256 n 21
AR Z B ETR SRR, (E R RERIREIA o X TIHRARRER, S m RO BOAHEER
B BCIRE S T RGN E N R AR T T AR AT, AR SCOCEE AE R B B M5 P 7= 1)
/g

3.1 RBIREAGES
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(L)) DREA, 2, ¢ At BICERE B BT RAER - R LUK % 22 1) =5 [A) 1 SCHR AR BE 7 3%
B, oy RN ZFEAN AR E SR, Hi, E&o, 6 & MWD ARFNET IR, Rlo; =
{oj, 07,02, 0f} o R T 46T MIEA A RAERARE D IR — DA, RSO R A FEARZ F )
EITURE (BAEE s -
i _ |oi N ojl

Soj - |Oz| . (1)

SRS, X FREAGRIREAR j, SR DR R A S AT SRR R —1F, WA
(A2 (R BRRAE D AR UBE N D, AN, HSRBEAHLUE 0. Bk, B MR B 2 [H
B XA F U s € SCAnR -

. 1 t;=t;,
w{y 0 @

T LRI B AN S (A8 R RE AR L AR F BB R, RS0 — 2R P A
IABEARANYE S PR A S AR U s -

s = sf)j + sf:j. (3)

KRR, ASOTREZHEARSEERE D M TR REARNMELE, REEFmaUERR
HIQ M EEANE REIFEA R T LR35 -

3.2 R

oA (A R A S5 B SR KR BRI M A B E S « AL E DL, SFEEWMAER . K
ETHAE DT TSRS S RE R E HIHE RN EE - A0 R R ER I E 1R,
B RAE

(DRSS E S R EA T KRR TF e ) BARESS -

(2)ZF R X BT E T RTUELE R A8 R T LUE e FEERIMQ I R
BIREZ, $EHE T KBTI EAT 25 [A) 18 SO AT S5 I i) Y s 8 -

B)EREE: XEXNNEHMWEREE, ViR BE &8 .

(4 E: YaRFERZERR@. B L f— 1P ERE SRR -

(5)32EW: 3% BN R B BT, RO R E B A R TR
3.3  ERBA

84O (Instruction tuning) Y4RIESEALERET TR BRESES, NMEEREELR
PEREFFRAERE )] - X T EERF RS IEURE L E T H/R- B f I AR T 4R - FHX0FF
TRRAERD AR SR B F IR S R0 77 LoRARUGA « LoRARUAGLEE TSR RIF E , #
BN GRREREREEA R G — 2, WNMEEROFTEZNGNSHE, NSl E D
TR FFR G RER . Bk, STEAW, € ROF /ERRERFERZEE, LoRATIA
—HARFREIEF TN, DB NB € R FlA € Rk, HA | ERIREAMER, dErid
FIERE, r@PiUE XHVER - ST Az, BRI HFRRN:

h =Wz + AWz = Wyz + BAx. (4)

e T, REMEMED F1A B, MW, REFFRSH BRI - [N, &
NAEMEAS SR THEREESZTEK (Causal Language Modeling, CLM) K, ZAHIEMH
EE77 2GR, RIBLE E SRS (20, 21, T2, - - -y 2i1) TR —" 45102, HAHE
FA ST EURUIR R B T B ZRad RR AR 61 K

Lotm(©) =Ezop |— Zlogp(mi | zo, z1,...,2i—1;0) ]|, (5)
i
He, oSS E .
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4 ETKIrEER 5 R RS

WE2ET7R, ASCRA T K38 XCRE RIS ARG R R pZ (L RE ), B, FATE SR
MRS AK AN TR FERES, ARIOERK = 51E N XRE R . X TRl
WK EE, BTN BENLEE — T EBIREoNISIES:, MHERK — WA ERN AIENZE -
XA, BT RINIGE T KA EORA . FERAIEAGE B, & M RBLATI L X 2%
ALK ERAEAT TN - 9 TSRO TRMA I AE R, B TRA T 8RR ) BICELHIRE &
KRB AR, Gl SRR E SR RITIIAE R o XM VA AN DU AT LA DR T A 58 B
T LRGN, FIRBES AR R AR AR L A FIum v e -

7% o) 5 A SR Bl 7 il -

N :

{

“qid” : “1-tramn-s-9137 ,

“text” : “LEMHAHRXANRKEEEEIEE, 2021917014591, 35 N F 522 i

5 9P CEXCCCX A /N BY T A0, 42 W5 24 Xl 6 K FH AR ) P A7 B 22 4F BB AR 24 100 K AL v (B 588 KT
M&%,m@$£ﬁﬁﬁ%A¢¢%%ﬁ,ﬁ?ﬁ%%ﬂﬁfﬁ&%ﬁ,LﬁEEEWHﬁm
ﬂLLEﬁ*%t,E%&FHﬁ VR A

“question” : “ (AT EELT AT S 7] 20 00 ﬁﬂ ,
“option” : { “A7 : “BRITH” , “B” :“gfbiiET L, “C” o CHIEE” D” : “PL LIk
AT}
h
M -
{ “qid” : “1-train-s-9137 | “ answer” : [ “C” |}

Figure 3: 23 [A115 8 SE AR B E R 1)
BT ZRPET G S PRSI, H1BIC-HI210 KR, PE, 20244725 £28H

5:3: PP L
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Table 1: iﬁfﬁ%ﬁj\ﬁ
&g Bir%E WhRE  SEif
4,483 1,210 4,680 10,373

Table 2: FLILER

NG Rl ERICES KRG 5 SEARE A A B R ] 7 H ) &S TRl HE R [R] SRR
ChatGLM3 R & 44.22 6491  79.48  59.20 2544  31.69
ChatGLM3 = A 5053 7421 8520 67.80  31.23  36.00
ChatGLM3 = & 5234 7368 86.62 73.00 3240  39.69

Y = A 5389 67.19 93.12 76.60 2897  56.46

04 = & 5521 69.82 92.86 76.20 30.68  58.62

ChatGLM3 + 3004 = & 56.45 T73.68  92.86 76.20 3240  58.62

5 L5449

5.1 SKERE

ARILETRTX 8000 48G GPUZERK T FTE S5, % TPyTorchEZRORIMCRD I A1 - 72
TR KRR O T, AR T S LoRAIE ILMFlowhEZ8L o bah, AyRacis,
171488 A ) 25 R R PR 95 T R K2 Chat GLM3-base? (Du et al., 2022) F R REIA 0043
%FChat GLM3-basel& R F AT U, FA TR E AR /INEE AL, ISR T 7 Epoch, >
HHNbe-5.

5.2 BIEE

AR A S (AR PR AR AT S5 EOR SR 3810, 3735 AR, — 1007 FRF, YIRS - BIEEE
AN E AR R - TSRS LLAFEFNERXEIN, DI EE R SRR A EEE -
%, B3R, BFEHEARA Eqid - text - question ~ optionflanswer L1 FEr, HH qid{LFE M
HBoS, KHGENS-FEEH-E B LA H 57 15K - X TRNSHER, UTEREE
WA, 2EMAEIRG], SRERFE IR, ARESEMEE, sAERFSGRA - X TFEEH R
N, trainfCRINGRE, devEF LKL, testMEMIAE - N TR HRAWER R, HHAERE
ZHEIMHBRE, mKERERZRE2D KU EEZ R - textRFIZEARF ORI B, BIVLER
T EBLA AR o questionfCRILAFFEE G-, B EE—TMEHESHIRAA - optionfl
FORFERA AT, R RI Bk T A B ER e, SR T EEX - answer{UER L
BRHRESR -

5.3 VEAGTERR
SpaCE2024{F FHEREHE  (Accuracy) {ERIEMIEIR, M TENFRREMNTINGESR, RS

PIEE R —E, M T IERS « P30S (A SCHE R 55 H B vERR A E SO i P IE R & R 1Y
A H B8R Neorreer 11 S HITIHREEAEE Ny or o FIELH, AT HEOIREIN T

N,
Accuracy = ];Zrzeld. (6)
ota.

5.4 SEESLER

FRBEER A SCR IR B R I U SREFNISIE R & 5 I TRAGOA, RO E#T L
TR SEARE, SSIERMF 2R - FTUUAI, ETChatGLM3R & T 302 >) 347 =Rk
AR, B R PR REAE HLOUGE FHTE S RO UG T B3 TT, M44.22887+ %5053 - [N, Ei&
IR AT A B Chat GLM3TE SRR BIFN A R AR >R E ERUR TR AIERE, 251

Yhttps://github.com/pytorch/pytorch

"https://github.com/OptimalScale/LMFlow

https://github.com/ THUDM/ChatGLM3
3https://yiyan.baidu.com/
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__Table 3: %‘fﬁﬂ%%%%_
Q ZXHEE Wik (KIrihs)

- 45.83 44.22
3 48.21 49.47
) 48.61 49.93

Table 4: /ANFEMBEEGE N AYSLIREER

I By SEIRA] AEIRE] BEIRE SEFEE [FOHA
JEIR %4 4993  71.75 85.84 72.80 28.04 39.38
JFIR 2 E+ BIFE  52.34 73.68 86.62 73.00 32.40 39.69

KB T 74.217185.20 - {H &, ChatGLM3 /G4 7828 [BIHEFRFI[E] SCRA K5 ERIERE, X
FhER G2 ] BE & BT 25 (BB A 15 I 22 2 IR B AR ANSHEWT . W iR A AL B - B oh e
ST A HEEE BE 0B TR ALK o TR SOR B TR N SR R EE 1B B RZI R, KT HE
B ETRSUGRE., 5 R B T, AEE A T BRI R AR R ABE Y ) AR B Ff R A R 5 338 S
fFR - HAh, SLELE R FIA SOOI AR R I . Chat GLM3MEREE LT, (2 7E LB 5
11528 AR EE 1 BRI IIChat GLM3, FIE, AR SOO4FI Chat GLM3 1 KA fry4h B
HATELE, B F S B3E BRI EE , DR S RS EF XS AE LS LW
K- SR L, ChatGLM3FISUOMAEZSS [AIFEHRA FIRIIAME, KT KRB EHEEES L
IR TENIEHRA, -

Bl A SR ES A R UE R, L& 7E T IR KR 2 Chat GLM 334 52 1 IR K8 & 3
Db FIARITRIS 5 B @A E AR AT R R R A AURUR . I TR R A SRS 1Y)
MR . [T ElA KRS S, ChatGLM3MEARTESS M50.5382 FF 252,34, 11 S04 R BRI 4 )
M53.89FH 2255.21, FKEATA TR & SRS A IR T B B 23 (A8 g RE

SEIRREE R ALLIChatGLM3 W SLEETY | #7557 T A RIR R G AR E X TEAERER
I, SRMFIFR . BHFEEOCCRHFERGEH T R XEIESEARE, vJRI&
W, NEPIREIFEAREE QN TR A RE R — E M, HikFEs 5% Rl iR P ae
WTEREIN S Z RGN PIRAL . [N, ZERIEESZRFIEEE N, R eiIgR R tE
I, Ft, ASCRARGIFEREEQNSEN FE LR HE -

BUE AR FM ASGH — B 7EChatGLM3 L 75258, 40 IR OCR RIS E 1T 1
bl o> GIERIER A LUSCR F JEIA ISR S AN IE 48 3047 T4 R 40 AR TR g T R 508 RIS A3
o FEMNAEE R SLISLE R UNFRAFTR « AT LIRS, #0450 0E £ 68 B 1R S AERE - @
ANIN1000% SSHEEARBITIIGR, BB APEREC M49.935 F15552.34 - 1IXEAH, HETAIZS [B]7E 3
FEEIRE LA B LISE 2 AR R AE AR S BRI 7 - HIL, R EIERS 15 RS D
H— B RAERINERE, BARREGRREN— 1R TTH -

13

6 .

C

4

ATLET BRI RIS R T AT A P30S (R B AR S5 LRI, #8oR 7 RREY
FEVZAESS LROVE ) o MEOh, 5B Id 5 T AR DU 5 = R 7 SCER AR RE 0 AR UL A SR G 2508 7R 31
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Abstract

The Fourth Chinese Spatial Cognition Evaluation Task (SpaCE 2024) presents the first compre-
hensive Chinese benchmark to assess spatial semantic understanding and reasoning capabilities
of Large Language Models (LLMs). It comprises five subtasks in the form of multiple-choice
questions: (1) identifying spatial semantic roles; (2) retrieving spatial referents; (3) detecting spa-
tial semantic anomalies; (4) recognizing synonymous spatial expression with different forms; (5)
conducting spatial position reasoning. In addition to proposing new tasks, SpaCE 2024 applied
a rule-based method to generate high-quality synthetic data with difficulty levels for the reason-
ing task. 12 teams submitted their models and results, and the top-performing team attained an
accuracy of 60.24%, suggesting that there is still significant room for current LLMs to improve,
especially in tasks requiring high spatial cognitive processing.

1 Introduction

Spatial expressions have long been a focus of cognitive linguists because they are not only a high-
frequency phenomenon in human language but also embody the fundamental mechanisms of how hu-
mans perceive the world (Talmy, 1983). In recent years, some NLP evaluation tasks have also sought to
explore machines’ cognitive semantic understanding capabilities through the lens of spatial expressions
by a single task such as spatial role labeling (Pustejovsky et al., 2015; Kordjamshidi et al., 2017) or
spatial reasoning (Mirzaee et al., 2021). As for evaluation in Chinese, the Spatial Cognition Evalua-
tion Task (SpaCE) has been held for 3 years since 2021 with the aim of comprehensively evaluating
machine’s capabilities with regard to Chinese spatial semantic understanding by multi-task learning (&
T ZRet al., 2022; Xiao et al., 2023a; Xiao et al., 2023b). The latest results indicate that machines’ spatial
semantic understanding capabilities lags significantly behind the average level of humans, especially in
tasks requiring high cognitive processing. Spatial semantic understanding remains a challenging task for
NLP systems, even for large language models (LLMs).

In this work, we construct a benchmark that comprehensively assesses LLMs’ performance on un-
derstanding spatial expressions and conducting spatial reasoning in the following five subtasks: (1)
Identifying Spatial semantic Roles (ISR); (2) Retrieving Spatial Referents (RSR); (3) Detecting Spa-
tial semantic Anomalies (DSA); (4) Recognizing Synonymous spatial Expression with different forms
(RSE); (5) Spatial Position Reasoning (SPR). SpaCE 2024 has released 10,373 multiple-choice questions
(MCQs) of the benchmark, which is available at https://github.com/2030NLP/SpaCE2024.
Summarized statistics are shown in Table 1. In summary, the characteristics of the benchmark can be
outlined as follows:

e The subtasks are interconnected. They not only share a common evaluation vision about spatial
semantics but also emphasize the relevance of data to each other, reflected in the shared contextual
information across some tasks.

e Structured synthetic data are used in the reasoning task. These rule-based generated data are 100%
accurate and do not require quality auditing.
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. #Test
Sub-Task | Answer Type | #Train #Dev Non-Disturb. . Disturb. #Total
single 1,074 186 746
ISR multi 19 4 24 30 2,083
single 937 226 489
RSR multi 161 24 81 30 1,948
DSA single 1,077 40 500 30 1,647
single 4 44 517
RSE multi 1 11 133 30 740
single 909 468 1,509
SPR multi 301 207 531 30 3,955
#Total - 4483 1,210 4,530 150 10,373

Table 1: Statistics of SpaCE 2024 benchmark.

e The consistency of LLMs is concerned. We set some disturbance data in the test set, by repeating,
rephrasing questions, and adjusting the order of options. If an LLM cannot perform well under
different conditions of disturbance, it’s hard to confidently assert that this LLM has some kind of
capability.

2 Task Definition

The five subtasks of SpaCE 2024 have different difficulty levels of cognitive processing, which can be
roughly divided into three levels: (1) Basic: ISR. This level requires understanding the lexical meaning,
grammatical structure, and semantic structure of a sentence, focusing on local information processing.
(2) Moderate: RSR and DSA. This level requires understanding discourse semantics with context and
commonsense, focusing on global information processing. (3) Advanced: RSE and SPR. This level re-
quires employing advanced cognitive capabilities based on semantic understanding, such as constructing
spatial scenes and conducting spatial reasoning. Details about the five subtasks are introduced in the
following.

2.1 Identifying Spatial semantic Roles (ISR)

Identifying semantic roles is a fundamental task in semantic understanding. We assume that a machine
that can understand underlying semantics should perform well in identifying semantic roles. SpaCE 2022
proposed an annotation scheme called STEP to formalize the semantics of spatial expression. S, T, E
and P stand for Spatial entity, Time, Event and Place, respectively. The meaning of a spatial expression
can be represented by STEP annotation as “an entity is at a certain place at a certain time via an event”.
Appendix A presents 14 spatial roles of STEP.

In ISR, machines are required to select the spatial role corresponding to a spatial expression or, con-
versely, select the spatial expression corresponding to a spatial role, as exemplified in Figure 1(a). The
answers of two questions in example are (B) ¢ Fi [ and (C) J7[H].

2.2 Retrieving Spatial Referents (RSR)

In Modern Chinese, a spatial entity’s position is commonly expressed through the combination of a noun
as the referent and a following localizer, such as # N [ (the area under the tree) and B[t B[ (the area
inside the theatre). However, referents can sometimes be omitted and instead be found in a more distant
position in the text. In Figure 1(b), there are no referents preceding the localizers Hij [ (front) and J&
[Hi(back), yet we can still understand that the meat is sold at the front part of the butcher’s and the bed is
at the back part of the butcher’s.

Since referents play a crucial role in accurately mapping localizers to real-world spatial scenes, the
ability to retrieve omitted referents reflects the capability of LLMs in text understanding. In RSR, the
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text: AEIANGE, SPANJLPREEIT HE. EFZHAIL text: [ AT 10/ PR 2 ALK (K1 2020F J5 K 19 JL 6], i T =52

MTERATH . EFENAFAIA T 5340, W, R —TRIK, X RS

text: With the sound of the gun, five people rushed out almost text: Lu Buxuan’s butcher’s is a rented single room of about 20

simultaneously. Wang Xiulan, taking the lead, sprinted to the square meters. The front part is for selling meat, while the back

front. Wang Chunlu, however, unhurriedly positioned herself in part has a bed where he lives here.

third place. question: ORI THISZAY, JEMHIZ KK,

question: 75 2% 3 B 7E(). question: The front part of () is for selling meat, while the back
part has a bed.

question: Wang Xiulan's position is in ().

A.f%J5TH the last one ALJK bed
B.15 i T the front one B [ 5% Lu Buxuan
C.53/{iI the third place C/NAIJE butcher’s
D.EA L3I0 £ None of the options are correct D.UA FIEI#EAS & None of the options are correct
question: “H#E” JET “SPMN” HIOEE. question: HITISZA, (JF M2 7KK,
question: “out” is a () role of “five people’; question: The front part is for selling meat, while the back part
A.#]][A] orientation of () has a bed.
AR bed

B.J IR shape

nape B.#1]A] single room
C. directi .
¢ ZE ellfsfn 10n0itlt C.[i#5%F Lu Buxuan
EaE g p D.UL LETGi#BAS & None of the options are correct

(a) ISR example (b) RSR example

Figure 1: Examples from ISR and RSR training set. English translations are shown for better readability.

machine needs to select one or more entities as the referent(s) of the localizer in question. The answers
to two questions in the example are (C) /NAJE and (B) H[H].

2.3 Detecting Spatial semantic Anomalies (DSA)

Having capability of semantic understanding means being able to detect an expression with semantic
anomalies. The text in Figure 2(a) has a spatial semantic anomaly: the protagonist should get out of her
car to enjoy the scenery after parking instead of getting in, because she was already inside the car. The
following context “’she looked back at her car” also indicates that the protagonist was outside the car.

In DSA, the machine needs to select an expression corresponding to the anomaly in text. The answer of
the question in example is (C) X7 EE FIEERE K E. Actually, the expression in option generally
don’t have semantic anomalies, but it always conflicts with contextual information in text that makes the
anomaly stick out.

‘ v \ foxt: SR ATERIRE T, PIBRMAC UH -
text: X EBIGTRESTE éb L2114 0% G S s B w0 text: Jang Yilun leans against under a willow and his legs slightly crossed.
e R A . 2 S VR 2R
e N+ i question: “ 5 FL A (ERVRE T 100~ 7 FEHORO R I 07T DL 5

W—REF E RN i i
text: Liu Zhien parked her car on a country lane and
got into her car to admire the village bathed in the
sunset glow. When she looked back at her car, she
saw a herd of cattle slowly passing by.

BRI R A7 5

question: Replacing “under” with () in “Jang Yilun leans against under a willow”
can make a new sentence presented a similar spatial scene as the original one.
AW in B.'H in C.5% beside D.i/l near

text: /K FIR ARG 7 SO AERRS , MSEEGR IR LETT A, DA

question: text 15 H {123 [H] 77 245 E 20 R R 221
question: The anomaly in text is (). text: The golfer needs to stand behind the ball after batting and observe from
AJREFIE S RNE . which direction of the hole the ball is rolling toward and at what speed.
B question: “ LT FERUIE VRIS 209 1l 30 32 BIOOTL I BT
‘A herd\of ca;{tlé;were slowl); ;;as;ing by the car. S,@ﬁg%ﬁiw?[ﬂj%% (TR, BALEARRM  HH
: B 5 FRAHHR I 7 AN .

CXERGE EVRAE R B A E

tion: Replacing “t d” with () in “rolling t d and at what d”
Liu Zhien got into her car to admire the village. question: Replacing "toward” with () in "rolling toward and at what spee

can make a new sentence presented an obviously different spatial scene from

D'iq‘“‘z‘;flil f\Eklu(Ji{;‘i" h the original one. The scene can be usual or unusual.
1u Zhien looked back at her car. A.[H % back B. |- % upward C.F % down D.j# % into
(a) DSA example (b) RSE example

Figure 2: Examples from DSA and RSE training set. English translations are shown for better readability.
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2.4 Recognizing Synonymous spatial Expression (RSE)

In Modern Chinese, different localizer generally causes to different meaning of the expression. For
instance, if we change the localizer " (on) of the sentence I HUCAEMWE L (Putting the chopsticks on
the bowl) into 1/ (beside), then the position of the chopsticks will change from the top of the bowl to the
area near the bowl. However, there are certain situations where two spatial expressions can have similar
meanings even though the localizer is different. For instance, the meaning of both sentence ¥ — ¥ A
FEMIB T and sentence ¥ — ¥ A EENIN L is Jiang Yilun leans against a tree, while the former uses
localizer T (under) and the latter uses localizer _[(on). The spatial scenes pictured by these sentences
are considered equivalent.

Comprehending such sentence groups needs to utilize commonsense and knowledge to compare the
spatial areas of the entity activated by different localizer in the real world. RSE has two kinds of ques-
tions. One requires selecting all localizers or directional verbs which ensure that the new sentence after
replacement can describe a spatial scene similar to the original one, as exemplified by the top question in
Figure 2(b), where the answers are (C) 55 and (D) 3/1. The incorrect options are so because the replaced
sentence implies ’the person leans inside the tree”, which is an anomaly. The other type requires to
ensure that the two sentences describe different spatial scenes, as seen in the bottom question of Figure
2(b), where the answer is (D) 77 and the others are incorrect: the scenario described by & _t % (rolling
upward) or {8 | % (rolling down) is similar to V&1 2= (rolling toward), because the trend of the ball’s
movement are similar and the former is just more detailed in the description of direction; V& [H] 2= (rolling
back) makes the sentence anomalous because [F] 2= (back) implies a return to a previous position but the
context suggests batting the ball to a new position.

2.5 Spatial Position Reasoning (SPR)

Spatial Reasoning is a cognitive process based on the construction of mental representations for spatial
entities, relations, and transformations, which is necessary for spatial semantic understanding (Clements
and Battista, 1992). In SPR, the context is automatically generated based on a preset spatial layout,
where entities within the text can form a spatial layout, but their positions must be deduced using the
spatial relations provided by the text. Figure 3 shows 4 types of spatial layout schema used in SPR.
These layouts contribute to evaluating the comprehension of different spatial relations, as well as the
same relation expressed in different ways, in an unified structure. Moreover, a larger number of entities
and more advanced layouts indicate a more complex spatial relation, which is conducive to building an
evaluation system with varying levels of difficulty.

The example in Figure 4 is an instance of the concentric hexagon layout. First, you need to use the 4
given conditions to infer the position of six statues, as the resolution pictured. Then, find the statues that
are not adjacent to Zhang Tianshi: (B) & [ & and (C) 5KFR2E.

g o 7 ° o o
e ® 3 © o
T— D o o

(a) square (b) concentric hexagon (c) eccentric hexagon (d) 3x2 matrix

Figure 3: Schema of 4 kinds of spatial layout. Blue circles with letters are spatial entities, with gaps
indicating their orientation

3 Dataset

Each data is a four-choice question containing five fields: gid, text, question, option and answer. The
gid field is the unique identity label of the data. For example, gid as “3-test-s-1660” points to the 1660

Proceedings of the 23rd China National Conference on Computational Linguistics, pages 122-134, Taiyuan, China, July 25 - 28, 2024.
Volume3: Evaluations
(¢) Technical Committee on Computational Linguistics, Chinese Information Processing Society of China 125



Computational Linguistics

text: SRR #MlT BRE, L7F, WEHE, KL
N BEARAE A0 o Bl — B8 LT L, A A A4 i T A

B o ARSI SR Z WK RS AN S, RZA—K.
LA

7 [ B 4 S T A O SR

Bl SR R IR R4 E

BRI AL A BRI E,

question: 5K K5O A Ao
question: Zhang Tianshi and () are not adjacent.

A. 515 Lv Dongbin

B.# [E 5 Cao Guojiu

C. 5k 2% Zhang Guolao

D. DL T #BAS /& None of the options are correct

TR AL LT W B 7 T 552 B

Resolution: = B

text: There are six statues arranging in a circle in the temple: 7 4
Zhang Tianshi, Han Xiangzi, Lv Dongbin, Jiang Ziya, Cao E‘G @ £
Guojiu, Zhang Guolao. Every statues face the center of the
temple. The distance between two statues is equal to one meter.

o % %
The known conditions are as follows: x A % =
Cao Guojiu is in the second position to the left of Han Xiangzi. I %
Lv Dongbin is in the fourth position to the right of Zhang
Guolao.

& 9

hi E T
e I e

Han Xiangzi is in the fifth position to the right of Jiang Ziya.
Zhang Guolao is in the second position in the clockwise
direction from Jiang Ziya.

Figure 4: Example from SPR training set. English translations and resolution schema are shown for
better readability.

data in the test set, with only one answer, belonging to DSA. We use numbers 1 to 5 to present the five
subtasks and use ”’s” or ”m” for a single answer or multiple answers, at least 2 up to 4. The fext and
question field are string shown above in Figures. Notably, the genre of the text covers general domains
such as textbooks and newspapers, as well as specific domains including text of traffic accidents, body
movements and geographical encyclopedias. The option field is a dictionary with the keys from the
letters A to D. The answer field is an array containing the letter corresponding to the correct option.

To ensure data quality, data in ISR, RSR, DSA and RSE were generated based on manual annotation
and data auditing with the rules that data could only be accepted if two people agreed or one person
audited it twice. The SPR data were automatically generated by a spatial knowledge base and an inter-

pretable program, without the need for data auditing.

3.1 Word Replacement for Text

Texts in DSA and RSE were generated by word replacement. We first grouped localizers and directional
verbs based on their morphological characteristics and the degree to which they can be grammatically
substituted. For example, 30, 11,51, /5 1 (up,down,front,back) were in one group. The groups
also served as options of RSE. Then, using the results of part-of-speech tagging, we replaced the original
words in the text with words from the same group. Finally, we manually annotated the replaced sentences
to determine if there were any anomalies in the sentences. Data with consistent annotations by two
annotators were considered valid. If there were any anomalies, they belonged to DSA, otherwise became
a resource of RSE for further annotation about whether the two sentences can picture a similar scene.
To generate more sentence pairs for RSE, the members of the SpaCE team needed to construct texts that
satisfy the requirement of the given word pair.

3.2 Annotation Extraction for Option

Since 2022, we have recruited nearly 30 students majoring in linguistics each year to annotate STEP
information, achieving about 5000 high-quality annotations as a data resource for subtasks. To construct
appropriate options for ISR, we extracted annotations that include at least three target roles and then
filled in question templates designed for different semantic roles to generate data. RSR took advantage
of the discontinuity between the omitted referents and the localizers. We selected discontinuous texts
from the annotations and, using the results of part-of-speech tagging, chose nouns as candidate options.
For DSA, before word replacement, the text had been annotated with STEP information, making it easy
to locate the annotation of the original word and perform the replacement to create a wrong annotation.
Together with three other correct annotations of this text, they were sent to GPT-4 to generate natural
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sentences, thereby forming options related to this text.

3.3 Synthesis Data for SPR

It’s too challenging for humans to entirely manually construct a spatial reasoning data, so we try to use
synthetic data techniques. Current technology employs LLMs to generate more data, such as data aug-
mentation or to generate complex prompt and narrative texts.(Mukherjee et al., 2023; Josifoski et al.,
2023; Eldan and Li, 2023; Dai et al., 2023; Yehudai et al., 2024) For reasoning tasks, LLMs are still un-
able to produce high-quality data, especially in cases where the reasoning chain is long(Liu et al., 2023).
Since the time required for human to audit a reasoning question is much longer than the other tasks,
we have decided to use a rule-based method to generate data with transparent intermediate processes.
SpartQA is a representative work of the rule-based method, but it only considered 7 types of spatial
relations which might no longer be that challenging for LLMs(Mirzaee et al., 2021). To address this,
we proposed a program that can automatically generate reasoning questions driven by expert knowledge.
Figure 5 illustrates the entire process.

E’roposmonsj
Input Qutput

Er:ouzledge_Ba;e - @Reasoner = (@ Generatorssp (@3 Polisher = Batase;j

Figure 5: A flowchart for SPR data generation program.

Based on the spatial layout shown in Figure 3, the knowledge base uses templates and reasoning rules
to describe the positions of entities within the layout. Each template is a spatial expression that contains
slots for entities, like X7E Y ZE i EUHL 552 1L B (X is in the second position to the left of Y), where "X
and Y™ are the slots. Reasoning rules between two templates are logical relations, including equivalence,
implication, inclusion, conflict, and reversibility, ensuring that the program has the ability to generate a
large number of varying expressions based on a small number of premises. For example, X7EY /211 %{
27 B can deduce XAEYIRET £ 75 [ 552 M & (X is in the second position in the clockwise from
Y) because they are equivalent. We also set up multiple templates as conditions and one template as a
conclusion in reasoning rules to expand the program’s reasoning ability. For instance, X7EY Z& i1 Z{ 2
27 B groups with ZIEY /2N EGESE 1ML B (Z is in the first position to the left of Y) can deduce
XAEZFEINEGHLTE 1 ML B (X is in the first position to the left of Z). The current knowledge base contains
a total of 592 templates written by linguistic experts, expressing more than 30 types of spatial relations.

After loading logical relations and condition-conclusion pairs from knowledge base, the Reasoner
needs to input some initial propositions that can form a complete spatial layout and automatically gener-
ate more prepositions. Then the Generator will randomly take several prepositions as known conditions
and one preposition as a question until these prepositions can form a spatial layout. The entity will
be removed from the question as an answer and the other entities will be the options. These extracted
propositions are then fed back into the Reasoner to output the intermediate reasoning process. Finally,
the Polisher will replace the slots in template like X as a predefined entity like 5K K (Zhang Tianshi)
and add a lead in the text to make it conform to natural language.

Given that the knowledge base is constructed correctly, the data generated by this method is guaranteed
to be 100 % accurate. It can generate a vast amount of diverse data without limitations if the spatial tem-
plates and inference rules in the knowledge base are sufficiently comprehensive. Futhermore, compared
to using LLMs for data synthesis, the rule-based method offers strong interpretability, transparency in in-
termediate processes, and traceable reasoning steps. This is extremely beneficial in assessing the quality
and difficulty of spatial reasoning data.

Proceedings of the 23rd China National Conference on Computational Linguistics, pages 122-134, Taiyuan, China, July 25 - 28, 2024.
Volume3: Evaluations
(¢) Technical Committee on Computational Linguistics, Chinese Information Processing Society of China 127



Computational Linguistics

Team Total | Single Multi | ISR RSR DSA RSE SPR
TeleAl 60.24 | 64.90 37.45 | 93.64 89.47 84.80 5631 3471
SHU 59.69 | 64.34 3693 | 9143 8491 81.00 5431 37.16
PKU 5949 | 63.55 39.66 | 94.29 77.19 78.00 58.77 37.11
ZUT 56.60 | 61.71 31.60 | 9143 8526 79.80 4923 32.11
GDUT 5647 | 6126  33.03 | 92.86 73.68 7620 58.62 32.40
BNU 56.20 | 6179  28.87 | 9429 79.65 7420 56.92 30.64
Knowdee 5448 | 5929 3095 | 91.17 75.09 7540 5231 30.44
DataGround 5355 | 61.69 1378 | 90.13 7333 79.60 S51.23 28.58
SU 51.99 | 56.16 31.60 | 90.00 80.53 70.20 24.15 34.07
CPIC 48.65 | 5291 27.83 | 86.10 76.67 6220 4031 26.03
Insgeek 4724 | 51.53 2627 | 81.82 67.19 70.00 33.69 27.35
XTU 33.64 | 36.80 1821 | 67.27 4947 2160 26.62 21.72
(F?;:iﬁgﬂg) 4792 | 5437 1638 | 88.18 7509 68.60 42.00 21.96
Baseline2 4629 | 5294 1378 | 85.19 5439 65.60 45.08 25.00
(GPT-4-1106-preview)

Table 2: Accuracy of 12 teams (%)

4 Evaluation and Results

We use accuracy as the ranking metric. The higher the accuracy, the better the LLM’s capability of
comprehensive spatial semantic understanding.

Accuracy = #Correct (D
‘B #NonDisturbDatas

There are 150 disturbance data in test set that use to evaluate the consistency of LLMs. A group of
disturbance data contains an original data, a repeated version, a version with different order of options,
and a version with different expression of question. A LLM is considered stable only if all the answers in
a group are the same. The higher the consistency score, the less the LLM is affected by the data format,
making the evaluation results more reliable.

#StableGroups
# DisturbGroups

Consistency = 2)

Totally 30 teams enrolled and 12 teams stick to the end. The top 6 teams won the prize. They all
employed LLMs either fine-tuned or utilized prompt engineering. The accuracy results are shown in
Table 2. We develop two baselines, one is using prompt engineering in GPT-4-1106-preview", the other
one is fine-tuning in Qwen1.5-7B-Chat model'. Both baselines were tested in zero-shot mode. Most
of the teams surpassed our baselines, yet the best total accuracy only slightly exceeded 0.6, suggesting
that SpaCE 2024 is quite challenging for current LLMs, especially in RSE and SPR. In contrast, LLMs
performed well on tasks from basic level and moderate level, notably the top accuracy was close to 0.9

Ohttps://openai.com/index/gpt-4
"https://github.com/QwenLM/Qwen1.5
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in ISR. We also analyzed the performance of questions with single answers versus multiple answers and
found that LLMs are much better at handling single-answer questions.

We selected 100 questions from each of the four tasks, excluding SPR, to create a human test set.
Each task had 6 human participated. Table 3 shows the performance of the top 6 teams and the average
of human accuracy on the human test set. None of a team surpassed human performance. Although
accuracy in ISR and RSR is close to human, there is still a gap between LLMs and human on DSA and
RSE. For SPR, we believe that spatial reasoning questions tend to reflect individual human differences
rather than the overall human level. Additionally, the quality of our synthesis data does not need to be
reflected by human scores, as our members have sampled on every type of questions, ensuring no error.

Team ISR RSR DSA RSE
TeleAl | 94.00 92.00 81.00 54.00
SHU | 82.00 85.00 72.00 58.00
PKU | 91.00 81.00 75.00 60.00
ZUT | 86.00 90.00 77.00 49.00
GDUT | 86.00 79.00 77.00 54.00
BNU | 93.00 83.00 71.00 58.00
Human | 96.00 92.33 91.50 86.33

Table 3: Accuracy of top 6 teams in Human test set (%)

Table 4 shows the top 6 teams’ consistency scores. The results indicate that the performance of LLMs
is affected by the question format, which is unrelated to the test content, particularly the order of the
options. The 1st was not only the most accurate but also the most stable.

Team | Consistency | Repeated Reform Question Switch Option

TeleAl 84.85 98.46 85.00 89.23
SHU 81.82 95.38 90.00 87.69
PKU 69.70 81.54 85.00 78.46
ZUT 71.21 96.92 95.00 72.31

GDUT 77.27 90.77 85.00 84.62
BNU 72.73 98.46 80.00 76.92

Table 4: Consistency scores of top 6 teams (%)

5 Overview of Approaches

Only the top 6 teams submitted their models. Model ensemble with majority voting is the main strategy.

The team from TeleAl company manually selected 5 examples for each subtask to construct in-context
learning (ICL) training data, then fine-tuned Qwen1.5-7B-Chat 3 times to do the majority voting. TeleAl
set weights on various models and tasks, thereby performing a more nuanced and context-sensitive ag-
gregation to enhance the accuracy and consistency score of the final predictions.

The team from Shanghai University (SHU) recategorized the dataset into four types of questions based
on the training size and the difficulty of the tasks. For the questions having large training data with
low difficulty, SHU fine-tuned Qwen1.5-7B-Chat, Yi-6B-Chat, and intern2-chat-7B, then voted for the
majority as answer. For the structured data in SPR, SHU assumed that it was too difficult and not suitable
for training with the easy question, so they fine-tuned the above models again and voted. The remaining
questions did not have enough training data to fine-tune well, so SHU ran GPT-40 with Chain of Thought
(CoT) and Qwen1.5-110B-Chat with 5-shot to solve them.

The team from Peking University (PKU) ran GPT-4o three times in ISR, RSR, DSA, SPR and con-
ducted a majority vote. For RSE, it ran GPT-40 and Deepseek-chat, meanwhile set another Deepseek
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as the judge to decide which one was better when two answers were not the same. PKU also set an
error correction mechanism to rerun the question in some situations like only outputted one answer in a
multi-answer question.

The team from Zhongyuan University of Technology (ZUT) used data augmentation by generating
pseudo-labeled data. They used training data to fine-tune Qwen1.5-7B-Chat in different hyperparameter
and chose high-score models to predict the unlabeled test data. After majority voting, nearly 3k reliable
pseudo-labeled data were added to the training set to fine-tune again until no further improvement in the
accuracy of the test set. ZUT also ran GLM-4 in the test set and made model ensemble.

The team from Guangdong University of Technology (GDUT) employed 5-fold cross-validation and
majority voting to produce the final prediction by fine-tuning ChatGLM3-6B-base. Another model for
ensemble was Ernie-4.0-8k-0329, whose overall score was higher than ChatGLM3 in ISR, DSA and
RSE. For ICL, GDUT dynamically selected 5-shot examples by computing the similarity of options
between the target test data and the training data in same subtask. The top 5 of similarity would be
chosen as examples.

The team from Beijing Normal University (BNU) constructed prompt with one-shot. To select the
most representative example for each task, they used Sentence-BERT(Reimers and Gurevych, 2019) to
encode all training data into embedding and averaged all embedding to get the centroid of the task. The
data closest to the centroid in terms of embedding distance was the most representative.

In general, the models of the top 6 teams were primarily based on ICL and the majority voting strategy.
Fine-tuning can bring about a more stable model, and it can improve the performance of a 7B model close
to that of GPT-4o0, but this improvement is limited to simple tasks. For the two most complex tasks, fine-
tuning might not bridge the gap because it’s fundamentally related to the reasoning capabilities of the
base LLMs.

6 Additional Analysis

Following an analysis based on the results of the top 6 teams, We studied each subtask, the shared text
across tasks, and conducted a comparison between SpaCE 2024 and SpaCE 2023.

6.1 Performance of Per-Task

Questions in ISR were labeled as STEP roles. The good performance on most types may be due to
the powerful ability of LLMs to capture the correspondence between form and meaning, such as the
negation marker of Factivity and the preposition marker “£!|” of Ending Point. There were two types of
questions where performance needed to be improved: 1) Questions asking for selecting a spatial role.
For example, only two teams correctly answered the question “ZE5 558”8 T 7P 288" HIO5 B ( "the
back of the car” is a () role of "the delivery box”). Some LLMs may not have a good grasp of STEP,
leading to confusion between Internal Place, the correct answer, and Part. This issue was more serious
in the Direction type, where LLMs often misidentified directional verbs as other roles. It was possible
that the machine’s internal knowledge did not classify directional verbs under semantic of Direction
like STEP did. Therefore, the prompt must include a detailed introduction of STEP to achieve better
performance. 2) Questions requiring reasoning ability, including event sequencing questions in Time,
qualitative distance reasoning questions in type Distance, and position reasoning questions similar to
SPR in External Place.

In RSR, we found that the difficulty of referent retrieval is related to the type of localizers. LLMs per-
formed better on questions where localizers describe up-down, inside-outside, and front-back relations
than on those describing left-right and cardinal directions (north, south, east, west). We also observed
that LLMs tended to choose entities closer to the target localizer. For example, in the question “()/5 121
DRE — BRI G HAC RN R FE7 (" Behind ( ) is a camera recording the entire teaching process”,
only one team correctly chose “classroom” as the answer. The remaining five teams chose the closer
option, “blackboard”, which is illogical because blackboards in classrooms are commonly mounted on
walls, making it impossible to place a camera behind them. Another observation is that LLMs tended to
avoid using the subject as the referent. For example, in the question “FI& R 48T RAE(O) AL THE
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b, A —LWLE RN " Yuan Gebing tied a rope to the left doorpost of () and threw the other end to
the driver”, the correct answer is the subject ”Yuan Gebing”, but all teams chose “’streetlight” or “car”,
which are inconsistent with the context of the flood rescue situation described in the text.

The DSA’s questions were annotated with the amount of textual information needed to infer anomalies.
Statistics show that the more information required, the harder the question, and the poorer the LLMs’
performance. In texts describing body movements and traffic accidents, embodied experience and traffic
knowledge were necessary to infer the anomalies but not included in the text, making it more difficult for
LLMs. For example, in texts describing body movements, LL.Ms performed poorly on questions related
to the orientation of the chest in a prone position. Similarly, in texts describing traffic accidents, without
common knowledge, such as north-south roads have east-west lanes, it was hard to judge whether two
cars will collide. In terms of understanding spatial relations, we observed the same phenomenon as
in RSR that LLMs performed worse with left-right and cardinal directions compared to other spatial
relations.

RSE had two types of questions. LLMs performed better with synonymous spatial expressions than
with those have different meanings, which was consistent with human performance. However, unlike
humans, the pairs of words with which LLMs performed better in synonymous spatial expressions were
quite different from another type. The former mainly included synonyms, such as *5%-11” (beside-next
to) and "H-[N” (within-inside), while the latter mainly included antonyms, such as “-%} (inside-
outside) and ”_F - N [H” (above-below). Humans did not show such a significant difference. For exam-
ple, with common antonyms like ” |- (up-down), humans performed well on both types of questions,
although antonyms were rarely used in synonymous spatial expressions. It indicates that LLMs’ under-
standing of spatial semantics remains at surface semantics, lacking the capability of modeling spatial
scenes case by case.

The difficulty of SPR questions was measured based on the number of actual reasoning conditions
used, which were automatically outputted by the reasoning program. The more reasoning conditions
required, the longer the reasoning chain, the harder the question, and the worse the performance. For
instance, the score of the questions with using 2 conditions was 40 % less than those with only 1 condi-
tion. The complexity of spatial layouts and the number of entities also affected LLMs’ performance: 1)
The more complex the layout, the worse the LLM performs, shown as Square layout >hexagonal layout
>matrix layout. 2) LLMs performed better on texts involving 4 entities compared to those with 5 or 6
entities. 3) If a cardinal direction was added to a hexagonal layout, LLMs’ performance decreased by
approximately 8 %. In terms of spatial relation, we labeled each question with spatial relation based on
the localizer used. Statistics show that LLMs perform better in reasoning about opposite and adjacent
relation compared to left-right and cardinal directions. Reasoning about up-down relation is even worse.

6.2 Discussion on the Shared Text

20% of the test set questions shared textual information between subtasks. Taking the most basic task,
ISR, as a clue, we constructed 801 question pairs in the form of (ISR, RSR/DSA/RSE/SPR). The condi-
tional probability that ISR is correct when the other subtask is correct reached 92.26%, suggesting that
the LLMs’ ability to complete advanced tasks is based on a fundamental understanding of semantics.
On the other hand, the number of pairs where both tasks are incorrect is much fewer than the number
of pairs where ISR is incorrect and another one is correct. Other fundamental capabilities of LLMs like
reasoning may compensate for this deficiency when the LLMs’ semantic understanding is flawed.

6.3 Comparison between 2023 and 2024

SpaCE 2024 inherited ISR, DSA and RSE tasks from SpaCE 2023, providing a basis for comparison.
However, the data formats differ between the two years. In 2023, ISR and DSA were sequence labeling
tasks, and RSE was a true-false task, while in 2024, they were all multiple-choice questions. To allow a
comparison, we selected questions with the same text from both years and used F1 score as a metric for
ISR and DSA to be consistent with 2013. For ISR, we only considered the single labeling corresponding
to the MCQs as the result of SpaCE 2023.
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ISR DSA RSE
#Num F1(%) #Num F1(%) #Num Acc.(%)
2023 45.40 62.54 68.48
92 40 46
2024 95.47 86.25 52.54

Year

Table 5: Per-task Comparison between 2023 and 2024 of SpaCE

As Table 5 shows, the F1 scores in 2023 are the average of two BERT-based models and the accuracy
score is the average of two LLM systems. All scores in 2024 are the averages of six LLM systems. The
state-of-the-art improved markedly for ISR and DSA, but went down for RSE. This displays the strengths
of LLMs compared to BERT-based models, but also indicates the effect of data format. For ISR and DSA,
sequence labeling tasks are overly complex in format, preventing the machine’s capabilities from being
fully demonstrated. For RSE, MCQs are more challenging than true-false questions because true-false
questions only require comparing one pair of words, while MCQs provides four pairs, resulting in a
lower score. In general, it was the first time that the SpaCE series of tasks employed multiple-choice
questions, helping to improve the validity of the evaluation.

7 Conclusion

This paper introduces the fourth evaluation of the Chinese Spatial Cognition Task. The benchmark con-
sists of five subtasks covering 5 dimensions of spatial semantic understanding to comprehensively assess
the machine’s language comprehension and reasoning capabilities on spatial semantics. In addition to ca-
pability assessment, SpaCE 2024 concerns the consistency of LLMs’ performance and sets a disturbance
set. As for quality control, a novel rule-based method was used in the spatial reasoning task, successfully
generating high-quality synthesis data with transparent intermediate processes and difficulty levels.

The accuracy scores across 5 subtasks reveal the following trend: ISR >RSR >DSA >RSE >SPR.
Based on a fine-grained analysis, we have gained the following insights into the spatial semantic under-
standing capabilities of LLMs:

e Regarding the spatial relation, understanding ’left and right” and “cardinal directions” are weak-
nesses of LLMs, which have been observed among tasks.

e LLMs’ ability of semantic analysis is comparable to those of humans. However, the semantics
of spatial expressions also encode the interactive experiences between humans and other entities,
which currently cannot be simulated by LLMs. This limits LLMs’ performance in some advanced
tasks.

e Spatial reasoning tasks pose a significant challenge for LLMs. Current LLMs do not possess the
ability to solve complex reasoning problems. Data fine-tuning is unlikely to improve their perfor-
mance in spatial reasoning tasks.

In future work, our aim is to generate a large amount of structured, high-quality, and knowledge-
controllable data to train LLMs to enhance their semantic understanding and reasoning capabilities. To
this end, we will further investigate data synthetic methods to incorporate more spatial relations such
as H.(inside) and %M outside) into the knowledge base and to extend this method to four other subtasks,
exploring a technical path for data synthesis driven by knowledge.
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A STEP scheme

Role Description

Example

Spatial Entity the entity in a spatial relation.

Ry EE -4

There is a glass of milk on the table.

the position of an entit
External Place P Y

relative to an external referent.

T LR

There is a glass of milk on the table.

the position of an entity

Internal Place e
within the referent.

XN B TR A BT AL -
The top of this cocktail is red.

the initial position of an entity

Starting Point ]
when it moves.

DI TEEER] T EIE -

Tome walked from the dormitory to the library.

the final position of an entity

DI NTE SR T R A -

Ending Point when it moves. Tome walked from the dormitory to the library.
the path taken by an entity DB E X B -
Path .
when it moves. Tome walked south along the street.
. the position that an entity VIR E X R B E 2 -
Direction . —
towards when it moves. Tome walked south along the street.
the position that an entity’s IS ERILTE R fIE -
Orientation P . . y Tome walked backward to the south
surface is facing. . .
while facing north.
Part the piece of a spatial entit DIBETAUE 7547 L -
p p Y Tom placed his hand on the table.
the physical form WAKH—FEL -
Shape . . . . - .
of a spatial entity. Please line up in a straight line.
. the amount of space PHIAEPE3 A B -
Distance i .
between two entities. The two places are 3 kilometers apart.
the event related to DIBIEF AT £ 1 E-

Spatial Event ) .
a spatial relation.

Tom placed his hand on the table.

the time that

Spatial Time . .
a spatial expression happens.

HIEEREE A Z BT T3 .

Tom left the scene before the police arrived.

the state that

Spatial Factivity . .o
a spatial expression is a fact.

IR -

Tom is not at home.

Table 6: Introduction of STEP scheme. The underline in the example indicates the words corresponding
to the roles. English translations are shown for better readability.
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System Report for CCL24-Eval Task 4:
Benchmarking and Improving LLMs on Chinese AMR Parsing

Rongbo Chen, Zhenwu Pei, Xuefeng Bai, Kehai Chen, Min Zhang
School of Computer Science and Technology, Harbin Institute of Technology, Shenzhen
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Abstract

This paper introduces our submission system for the Chinese Abstract Meaning Rep-
resentation (CAMR) parsing evaluation task at the 23rd China National Conference
on Computational Linguistics. CAMR represents the semantics of Chinese sentences
using a single-rooted, traversable, directed acyclic graph. We choose to build CAMR
parsing system based on LLMs. We first systematically benchmark the performance of
current Chinese large models on the CAMR parsing task. Based on this, we integrate
the prediction results of high-performing large models using a graph ensemble algo-
rithm to obtain the final predicted CAMR graph. The experimental results show that:
1) current large models already possess a certain capability in few-shot CAMR pars-
ing; 2) an AMR parsing system based on fine-tuned Chinese large models can achieve
superior performance compared to previous systems; 3) the graph ensemble algorithm
can further enhance the performance of a large model-based CAMR parsing system.

Keywords: CAMR , Large language model , Graph ensemble

*SEHEE
©2024 FEVTHEIETEAE
RIE (Creative Commons Attribution 4.0 International License) ¥FA] HAR

B =R EEIE S ERS R E, %%1335%—%1&4@, K, E, 20244E7H25H%E28H .
: PR
(c) 2024 HEPLEFELEESNHIBEFTELWRELL 135



HEESY

1 58

518 L 37~ (Chinese Abstract Meaning Representation, CAMR) ¥fiF¥ 5 Ak
TR, AT S B FE R R MB N E RN, TR i OCa) R TR LSRR
H—PERE R TCIAE (Banarescu et al., 2013) - AR THER AMR E/RTEE, CAMRTERR
B AMR HE LRRBEST IR, B850 T80 ST 57 LR RXFFEEE R, Al L iF sk
AIFIE S . AMR 5 CAMR @ 5 2T 55 A SO F 5% B 18 A (Bai et al., 2022a; Bai et
al., 2022b; Bevilacqua et al., 2021; Cai and Lam, 2020; Flanigan et al., 2014; Konstas et al.,
2017; Lyu and Titov, 2018) - T HENEMEARKIAZE, AMRS CAMR C&# ZNAHT
PLESHHIE (Nguyen et al., 2021) « XiE R (Bai et al., 2021) ~ XAHE (Liao et al., 2018) & H
IRVE S AL N S5 S

IH AMR/CAMR AT T IETT DL AL =K BETEBE K T (Transition-based
Parsing) -~ T B M55 (Graph-based Parsing) DL FETF FFE|FF /71 (Seq2Seq-
based Parsing) - HH', ETHEBIIEE SR CAMR Bl — 2RI LB nlE, RiiEid
TR L L RE EHVEF F1 ok — 5 30 Mt i AMR B (Wang et al., 2018) - T E A7 ¥E— M@ o <17
RTINSk 2 42 B0 W B BORR 7 203 AT AMR BT, &9 B |13 75 20 RL N E B |75 30 (Zhou
et al., 2022; Chen et al., 2022) - FTFFNBIFIHTIERZ O BAEER CAMR BLIETFAIML,
M LUF A A BT 203 4T B B34 AL (Huang et al., 2021) - DL E=F754EH, ETFHEF
FIRITET R AN LSO R P RRFE, KRR TES RIS R E -

TR, KHEIESHEEA (Large Language Models, LLMs) fEi&Z% BR1E S L FIESS
EHUR T ERRIALT) (Touvron et al., 2023; Zhao et al., 2023; Wang et al., 2023; Ren et al.,
2023; Zeng et al., 2022) . 53 T E RIS EIBEF N GREIEMEL, KRR 4 7 78/ N
PONTEAERNEILEE ST, Flan EFCS) ~ 1EEIEFR P HEHERE ) (Zhao et al., 2023) - H
BT, R KRB R B T R A 55 138 A V0 U R A 55 AR H R R — A UK R3],
TS KT BERS LS TN Bt R (BIF8 AR FITE b T IS - AT CAMR fi#
TriES5, Gao et al. (2023) B MR XKIESHEEH T CAMR @, ¥R T KiESEE
7 CAMR TS LRE T - REEWI, Gao et al. (2023) FIPEREMXT 2R, HEBAiHEt=
KIETFE CAMR T 55 LRSI -

N T I IEIE P ORI FECAMRENT 55 LI 71, ARSUE SE7E CAMR T 55 £
R AR E N IE 2 D P CRER T T 2GR, SR REREOERZEIMEE
#2), WERT G ERE ChatGPT ~ GPT4 M i AR LL K Baichuan-2 + LLaMA-3 + LLaMA-3-
Chinese = DI A SORETY o FEMEERA b, AR SORBURA B LA T RS (6 H BIR & &
1% (Hoang et al., 2021) BAZ M HFRIHALER . LRLEREH, 1) WENFHKREDE
BH—ER/DHARCAMREETRE ST 2) S BRSO RENS USR5 DITECAMRAENT
ROUATHCROMERE, RN BE SR 3) B SBEIEREW#— PRI RO RITERE - &K,
AR R ARG =D IS L AIEUS T 80.96 ~ 74.85 F166.91 AU %L -

2 HIE

RIAFEHET FH 2 F 51715357 CAMR B#FT - B 555 CAMR B3 A7 R F4L T b 32
DL 25 2 0 43 18 B) T A F F 40 CAMR RIVE R E S, XA SO R F 47 %R, ZE b FE i 52
PR SCAR B MRl CAMR T3, RJE RN Z TSR] CAMR R #1700, IR E

A M CAMR B, &5 2 MEE A f CAMR B TR & ks B s, 5% H
¥ CAMR & -

2.1 CAMRZHAL

K2 HE CAMRP2023" H SUDA? fSRIE % K 7] 5% Z 06 57 A& 7 18 2047 TR AL A Bk b
ool 1 R, FATREE A K RRTF RN Carg0(x8/H)) (x7 / BUSE)" A B A “arg0 (x7 /
BT ralign (x8 / BY))”, RFMEEFETEFIFEIR “quant() (x5 / x1)" ZERAL “:quant (x5 / — :coref
x1)” o AAL, FATLR CAMR B A BHEES KRS - SBMRTESS#HTER, M

"https://github.com/GoThereGit/Chinese-AMR,/tree/main/CAMRP %202023
https://github.com/EganGu/camr-seq2seq

B =R EEIE S ERS R E, %%1335%—%1&@% K, E, 20244E7H25H%E28H .
H :L‘/‘;)\l /l:l
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LT3 ) CAMR BEIRIZIEFPA1 o Eid L ET5i%, BATH R CAMR BG2] 7T HT K2
W CAMR FPS -

SMAISCAR: 3X /R B R ) ) U P St/ -
SETRFRCA: x15% x2_FP x3 & x4 2 x5_— x6_1 xX7_EH x8_1Y x9_Husr x10_&Am x11_.

CAMRHA: (x10 / it
:mod() (x9 / #E-01
:arg0(x8/#) (x7 / BUT
:quant() (x5 / x1)
:cunit() (x6 / 1))
:domain(x4/&) (x3 / #H&
:mod() (x1 / iX)
unit() (x2 / #)))

FHIeER: (x10 / £l :mod (x9 / HB-01 :arg0 (x7 / B wralign (x8 / #7)
:quant (x5 / — :coref x1) :cunit (x6 / 1*))) :domain (x3 / #&
cralign (x4 / &) :mod (x1 / iX) :unit (x2 / #)))

Figure 1: CAMR JFFIWRE (FIULEETR T H4T)

2.2 ETFTHICKERFCAMRFENT

HT REHBEUR 5 WEIUE B OO CAMR fEFTRIBE ), ARSGEECT AR EA R
FMERETIATRIS, HHER T ORI E BRI E: NTRHAREE, K
S DA R 22 ) R AL I CAMRENTRE ) X THRARAY, AU AR W B R
T ZIFRRTLRI T RE -

2.3 ETOHEARERZSIHCAMRBENT

ARIEE Chat GPT F1 GPT-4 PR i I 317 23 T/ DI AR 32 /R 22 3] 1 CAMR T - B 56
i E S TE S « REIFEAR - FHPRARER, MERRRENTFE LT U5 ERAF K
MR B 0 KR i VB R AT S B CAMR B o AR SCf5 A O ER R AEARAN T

EFHEL: IRR— D IGRE IR R, RIEE TRIL R3], BEERH PR
SUAREHON A SR E LR A -

c Bl RBle; RBls; RBla; Rl
PR x15X x2_ 00 x3 & x4 2 xb_— x6_1 x7_BU x8_f) x9 B x10_Hff x11_.

Figure 2: F1 T CAMRMEMTH)/ DA SR 22 ) AR 51

2.4 ETHREMAKCAMRENT

N T IR AR TR A UK ) CAMR BT IERE, 2R SR B 22 5] BT 200 TR RS
TR, WMREHT CAMR BT T ARAL . 7B RER PR RS, AU 51
A< S BRSSO DU ML) CAMR A3 T HE: . BEJE DL B B3 A0 77 AT Iiml - DL
Bl 1 A R R — B B R - R, A e A\ B

Y5 REWN N AR S B AR LSO, BTN R SO R TR LR R “x1X x2_ 0 x3 & x4 x5 —
x6_1 X7 B x8_f x9_ BB x10_Faf x11_. 7

N T B SFEMLETAEMCAMR N, AXEUE TXH THESES - JRAJNAE R KT
B BMLmE, B D REBNMNGEIRSE, [ RRESTES, o BrEA), vy BREMHEL
) CAMR JF31, ZARJ7iEE A DU 6026 s G T 45

SHTETEA P MBI T AR, AU DR 2 S GE R AT 1A
BT E P ETSE S AR, I35 14200, KJE, P, 2024457025 &28H

%3 NG
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L=-— Z logP(y|I®x), (1)
{I,x,y}eD
Hep LACRBURRE, o REFINPHERERIE . AU HZE TR TR AT 220 -

2.5 b

A TAREE A AR P AN SR AT S CAMR FIRILTE, R FRE Rt TR E, FE5F
=AHH, fEEthe, TRBEMREIRK R -

o HEEFHNE: HTHEAE/RESERE SR RE, SECAMR EH T S KR
TRERER - WREFE SRS EFESHE, WRHEFESETRIIRE: REGHES
BEAR USRS, WEFIIRKRBRIN—EMEMNGTE S HEEITA; T A5k
T, WERNCERNRIN—X#ES, FEBHEE, flincopl x12 / BBE, HhaTE
SEESCN “opl (x12 / FEE)” .

o MHRBIE: WAMFTHMM IS, FHEEM AT A5 BB IREE KK . fl4n
TR S ST RN AEANLEEEBRL, sF T R AR AESE, §l T %8 5
T x1x2x370F BT A AR A 2 (A IR A o ST A T AL, b4 Bl R
DCRECANIERRH T A, 2 RTE -

o FFPRR R F &R AN T LML & TS, Bl “coref’ 5 “ralign” - ¥ FE AL H Y
SERERI, ¥ E AT E IR - SRR AT, BRITCILEACHETSAHTER, T
BEERETE, DAEFR T S — A0 T 5, B R RS 07 s FRR 258 e 5 A% O
T A AIPRE -

2.6 KE@EE

BRI Z N EMEE 03 CAMR BlfE, A SCERHERNE BIL (Hoang et al., 2021) K& %
ANFIIGE R TGS RS - 2T ) CAMR B - % B335 i1 8 A AMR K AN F S E
T AMR W5 FFFETT S AL RIFRZE,  Hoang et al. (2021) B T/ERRH—FE MM B AXE
ERT E R R A A SRR, R R A p T (Rl AR AR T B SR IR, RIERSEZ
HSFHREALAETE . BEmME, HEAEZERAm N AMRE, RKIGERE ™ AMR EER
EE, NTEA SR ERG, DR m-1 BT ITE S T S AE TR E, MmN SRR
B m PNEREGE, &AM m MR EE TR — R ERREEE T -
3
3.1 EREE

BE: AU A3 3 AR A RO 2R, ARSI T R ERE - AR
YIRS S 16576 AIEURE, AR A B4 AlEE 1789 #1500 5438, MIKEA- B CHHIE
E 1713~ 1999 F12000 555098 - H A MIASEC B EB RN RO & DOE L1 B Shigtrae ) -

BERG: S THVERRABEE, AIGERT ChatGPT f1 GPT-4 B MR ST 7 Al - 1R
PETSLSS MR EE R, AR GEH 5-ICLAE N /DR E, BI7RGIRE AR Il 25 £ o R AL
RIS EERBA A TR X THAIEF OB, ETHAEROEMEIESE (C-EVAL) 1
PERE, ZANGEE T Baichuan-2°, LLaMA-35, LLaMA-3-Chinese” = M FURIEAL 1T W B0
(S.F.T) - sk, AT TSR, ASGER T 2T H U BART #7241 CAMR AT R4t
(BARTseq2seq) 1ERMFH:LE

SEGRE . AT AR TLAE AS00 GPU LTIk, X F AR AT 2 H T IR |
WZRERIR KN R 128, NGRIK N 5, SARFFIIEKEHR 1024, 4 AdamW (Loshchilov and
Hutter, 2019) MEEs T, 3 B E T E H{1e-5, 3e-5, be-5, 8e-5} -

IERRRRE], ASCURA T —URBIRR, SRS IR -

Shttps://github.com /baichuan-inc/Baichuan2

Shttps://github.com/meta-llama/llama3
"https://github.com/CrazyBoyM/llama3-Chinese-chat

%:+EE$E%%E§%ﬁ%%Y$,ig@%%ﬁ@ﬁ;tﬁ,¢E,HMMHH%EQ%EQ
H :L‘/‘;)\l /l:l
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VEMFEFR: 2SN 30K A Align Smatch {E R M FE TR o & & 4E 7 7 8 F% 1 Smatch K &
N AMR B =TTHNE S, BT EGES =MEIEREN=TH: FRT A (Instance)
FI=JCH « RoREMIN (Relation) M =JTCHEMERT SEM (Attribute) FI=JCH . Align-
smatch 7F Smatch B EEfill EIEVR T WMDOE R A RO RVEUE . A STE B MR RN 5T E
B (Xiao et al., 2022), FEFN CAMR, [EIH AT LB fn 2 v -

3.2 SLRER

AR KEBFICAMRBENTERE: £ 1 X T AR ZEN 4 TestA LRI . 7E/DFE
MG A, ChatGPTIRTYES T 43.07 K Fy 5088 WAL Z N, GPT-4BUS T % & /b
Ae, G T 51.9500 [ 578k DLESSRRIFIERREHRAER D2 B 48— E 1 CAMR BiTHE
71, NETRATFRRM T HOEE . A, BT, BATZIINE B R
7E CAMR % 2T VB REL (D51 8.62F119.55) , JFFEAIAERE CAMR 5% RIS
KR TINGRIER L EAAE, FEELTI . E2E8fEE T, WERENRENE
TYRETD 2RI BARTseq2seq 18R « 527 FH, FETF o SCRERNOREAIES T 0] b ol s 53 Y
PERE o HFAIHL, LLaMA-3-Chinese BUS T 79.69 ] Fy 7088, 1% 3 B E TR A5 25 i) AR T A9k B
H—EME T - Bob, BN EAETRERMRS, 7TLLA M LLaMA-3 A 22 B &%
SRATHSCANERRE ST, AREEAE R OCEE L TRORR BETE CAMR AT RS L RECKIR A -

Setting Model Total Instance Attribute Relation
P R Fq Fi Fq Fy
5.1CL ChatGPT 48.03 39.04  43.07 52.06 77.57 8.62
GPT-4 55.26 49.01 51.95 61.32 84.41 19.55
BARTSseq2seq 78.63 79.46 79.04 84.94 93.86 64.69
SF.T Baichuan-2 79.64 78.30 78.97 84.77 93.33 64.28
T LLaMA-3 79.79 79.43  79.61 85.36 94.20 64.72
LLaMA-3-Chinese 79.69 79.68 179.69 85.36 94.19 64.95

Table 1: AN[FEFREIZENHE Test A_E A Align-Smatch?5 5>

B rERe: B DERCT PR E LR T T — P RS, DI REE ER S S
WUEERBCR B - BRTE, BOTER TR 1 HArERARE ARG E N EIRES #iE, FHRHA
[A] {27 >) A 3E H AN PIRPRIERERL, ST 6 MEIEEAL - 3 2 S TAEMNKE Test A EFATLL
WRAF R FE G AT RIS eSS RRIL - SRR, T EE e d R , RAMEIENE
HE BRI F 45 A & 152180 CAMR B Bt ptiblts (B AAE A Prakam i
RO, BEERAEENS, VIR MR R R R AHATANTLI, fEEid R
EF2IHE I CAMR BJE, ZHT IRJE A AT LAERCR/IMB R T -

Setting #Models P R iy

Ensemble_1 4 80.43 80.69  80.56
Ensemble_2 5 80.75 80.94 80.84
Ensemble_3 6 80.80 81.11 80.96

Table 2: X5 Test AN ZH & Rl & J5 FICAMR B ) Align-Smatch 5 73

BARGRE: K 3 IIH THATTIEME S U REFRFERGIN LR . BITHRGE=
AR B BIERTE T 80.96 « 74.85 L% 66.92 BI43EL . HA, FATHI T IETE Test A Fl TestB B
HAMNRE L, AR T FEEN LSS SUDA FIATE (Z 7 BT ERIE R Test A Fl TestB I
SRS T 81.30 M 74.71 %) MK, RIAKIESEAES 240 FiE LE BT 6
AORE RIFRCR, (EARNFAES DA - Ao, MET EEFENAESS H FRER A RO A
#) WestlakeNLP , FATHI 7 1EE NN EE TestA F TestB _FFRINEAN - dboh, £ 4 FH T =
R AARL VR 80, T B B TestC R4S SBAREE T MK 5 TestB 1 TestC M EURIE, &
BRI AT REZ TestC o DOER]FAER, PGB TIADGE R GEAEE RS MAIE S L FAE
—EMER, FHEI NI POER H POE TR # ) AR KR E -

B =R EEIE S ERS R E, %%1335%—%1&@% K, E, 20244E7H25H%E28H .
: PR
(c) 2024 HEPLEFELEESNHIBEFTELWRELL 139



HEESY

Model TestA TestB TestC
P R F P R F1 P R Fi
SUDA-HUAWEI., 82.16 7820 &80.13 75.52 71.79 73.61 -
ECNU2, 73.83 66.05 69.72 66.01 57.71 61.58 -
BUPT2, 50.41 42.55 46.15 49.95 42.72  46.05 -
GDUFE:3 75.53 75.60 75.56 69.71 67.33 68.50 -
SJTUas 47.41 46.45 46.92 46.44 45.68  46.06 -
SUDA 23 80.82 81.79 81.30 74.39 75.03 74.71 -
WestlakeNLP23 74.40 70.24 7226 7042 68.63 69.52 -
Ours 80.80 81.11 80.96 75.13 74.57 74.85 67.05 66.77 66.92
Table 3:  FFMILE XS E
Total Instance Attribute Relation Coref Ralign
P R Fy Fi Fy F1
TestA 80.80 81.11 80.96 86.34 94.71 66.96 1.60% 11.63%
TestB  75.13  74.57 74.85 81.09 89.02 59.94 2.48%  15.42%
TestC  67.05 66.77 66.92 68.52 95.97 46.79 3.18%  11.55%

Table 4: = MMHA ) Align-Smatch iS5 FRFE = AMER

3.3 W7

ST AL AR 03 ST, RIESBRAURNGFAE— P E . FERKMEARIE L
b, SAEEAMRIMPAANRMAE, 55 I A2 E BT RSB, a2
T2 IR LU E O FRHIRIRE - Fob, TR AT —mEn, KA LA FHiE
5iAZ [Z 8k R LR .

3.2 ik, #ER 4 FALLE HE PGB E S IATGEN K E S HERR KR, EREFE
PRIZETT 5. (Instance) KR (Relation) FITIM - T SEM (Attribute) BTN L, =
A EE LIRS 2 SN AR TELAPOEMREE A 5 B £ 86.34 F181.09 U434,
POEMNALE C B8R 68.52; AIMERZATIM L, HPGENNRE R EUE 46.79 , BHEAK
THAEACDGEM AL -

CEA DL, FATHEN TestC PR SR B 22 1R BB & i DOE I PGB AIESS M BN E R -
B, &HPCERAEAERZERE, mMIMRIGES B A E RS, FPOEIEF R L
¥, ANEEEMENE S, MIMRPOESMEITER T, P08 T ARAE — SR IAADGE IR
R, (UKEES AR B ERET EESAE . DLESRE, AR ERE S TOEE
SMERIRHEERIRTR T, BB OUREE 4318 A 737 fOE N B A B HA A LS R -

4 5w

FEAIR CAMR BT IEIAESS 1, FA I ARG vrAl 7 IA A UK AECAMRFIT(ESS £
HIREST, FERCELTM L6 B Rl 2 SRt — D SR T AR I CAMRMEMT RGP RE - LIRSS
REM, BUVE R SO B 2 B BRI DR AT A ISR CAMREITRE T, H B45&
KRl & BORBE I — IR RHIPERE - BLAh, MECTIURDUE, HPOEMATIRE — 1 R
MERTHREG - A JE, T EPOER CAMR BRI, Bl T — VB ERIRR 7 S0 2l i
EMICDOB RN FFE RIANGERE, A —FEdEiT B shisE K& & DOEMN B CAMR
PEATINGRARARTHEITIERE -

Bkt

ST AR AT AR BRI E B, AN AEEMEEM RS . A T/EREIIT
EEERTAE IR RTE (GXWD20231130104007001) ¥H) -

B =R EEIE S ERS R E, %%1335%—%1&@% K, E, 20244E7H25H%E28H .
H :L‘/‘;)\l /l:l
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WE

AIAE T BRAVESE =+ = Jmh BT EOE S 22K UGO8 SRR T PPFIIAT 45
MBS RZGR . MFIE LFKIR (Abstract Meaning Representation, AMR) i F A [7] JTC 34
B A)FEAT A, DATE URESE AT f, REBE R, R —DMH)FHE L. &
1132 2455 EE B AMR @708 &, $2HE+A LoRA(Low-Rank Adaption) %
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Abstract

This paper introduces the system we submitted for the Chinese Abstract Meaning Represen-
tation Parsing Evaluation Task at the 23rd Chinese National Conference on Computational
Linguistics. Abstract Meaning Representation (AMR) uses a directed acyclic graph to model
sentences, with semantic concepts as nodes and relationship labels as arcs to represent the se-
mantics of a sentence. Inspired by the research on AMR parsing that combines grammatical
information, we proposed a CAMR parsing framework that mixes LoRA (Low-Rank Adap-
tion) experts, which consists of a basic CAMR parser fine-tuned from a large language model,
4 sentence type experts, and 1 ancient ancient LoRA expert model. In the end, our proposed
framework achieved great results.

Keywords: Chinese Abstract Meaning Representation , Semantic Parsing , Expert system ,
Sentence type
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1 Bl

fh 535 L3R N (Abstract Meaning Representation, AMR)(Banarescu et al., 2013) 1d FH 5 [ 53
Bt AT E A, O SR AE AT R, RARMSE AL, B—Ma 7908 LRIR . AMR
O iz BT NLP B RIHESH, BHESCAT 2 (Nagalavi and Hanumanthappa, 2019), Xfif %
4i (Bai et al., 2021) FI%1RFE 72 (Kapanipathi et al., 2021). HF o3 g ()i 5 AEF AR K%
Ft, H3 AMR(CAMR) 7£ AMR F5Al FARYE H SO e st AT 79 2 AE 2k (Li et al., 2019), &
BB 5N T SR SE AR BT 77E, AMR SRR B i B E RS T AR, 1 CAMR
TEMES T SAEAR S EAEHBIE “an(n € N)”, Han M1 FFHEKKER . A7 “XEMNAJE
K127 IR AR N “x1 X x2 & x3_ fH4 x4 B x5 27, F3FH CAMR #rd 15¢ 24555,
¥R AZMSPREEA R E, WE 1 PR, XA SO T CAMR B, ANEEE R

4 el v CAMRE]

X 2 H4 RHA
x1 X x2_ 2 x3_{+4 x4 _FE
(x4 / JRE

domain

:mod() (x3 / amr-unkown)

:domain(x2/&) (x1 / iX) X3/amr- x5finterrogative
unkown

:mode() (x5 / interrogative) ) ,

________________________________________________________________

: 1 CAMR

'(x4 / JRA :mod ( x3 / amr-unkown ) :domain ( x1 [iX cralign ( x2 / 2 ) ) ‘mode ( x5 / interrogative ) )

Figure 1: A1) “iX2HAJEH 2?7 1) CAMR 74

I AMR it J5i% . AMR SEMT 5573 U (GHE etal., 2024): S5 BRI SET R IITE.
BT ARWHI I EEET seq2seq 7772 T I 7 VAR 3 2R 0 A0 G R UM SR 4 2 AMR
(Flanigan et al., 2014); F: T #2177 10K 5\ 1) 0) 7 FIRKAE B VR B 4 sl e R4S, P Ed
— RN WA 52 AMR f#EHT (Wang et al., 2015);  F& T 0 0 77 vk i@ i 51 NASE 0 S0k
RELTT 0T B G5 K B HE 1R AT T A, A b T AU A 27 =), AMIR S AT A1 55 6 46 9 A
KR # (Peng et al., 2015); 3230 RN, ILAE SoTA(State-of-The-Art) ] AMR fiftf ik 25T
seq2seq 7772, AMR BG4 4k 897772 5 I HBevilacqua et al. (2021) $2H, filif/ 15T BART
FJa T seq2seq #E SPRING(Symmetric PaRsIng aNd Generation), [R]FSZHL |~ AMR ) fgAT FlAE
RS . KiEFHAAE NLP & TR R UL SRR RE T, WFFE B A 1T AR 450 FH 58 K ) 2 e s 7Y
Lee et al. (2023) 541 FLAN-T5 %! (Chung et al., 2024), %] AMR f##HTH) SoTA. HT
AMR S8 E A OE, WEFEE AT IEAWHR R WU £ #2858 o 45 5 BUA FVE (S Bk 52 AMR
fEdTiERe, e WA AL A RS, AT RS AR B i bl 22 I 28 0 )3 IR N 3] AMR
AT AR A, DUHEESETE AMR fENTIIPERE . Sataer et al. (2023) S5 R NI Fh A4 1 ) 7 J8%
TS5 R B AV AR #E 4 21 PLM(Pre-trained Language Model) H . Sataer et al. (2024) i &4 H
VE R T YO A EDRL B 1 SRR BERNE] PLM A, (Hid 2 By & ey kil 2 10 4 38 A
Ao TE CAMRP2022(Z=5K et al., 2023) fEATIFIAT S5, FEF K177 SUDA-HUAWEL {L 15 7
BAERI S, PKU(Chen et al., 2022) i 7 LA J5i%. £ CAMRP2023(Xu et al., 2023) #', Gao
et al. (2023) %} Baichuan-7B #2347 S 80MH, £ %) 7 FEH PLM #E47 CAMR fi#ght TAE AT
FELiI4E 5, Yang and Ziming Cheng (2023) 7£ ChatGPT3.5(Ouyang et al., 2022) 347713 AMR 1]
TREARMDREARZES], RILT —EN CAMR fEHTHE /1. Guetal. (2023) Ik T — MKAFAJEAM

©2024 H1FHIHHIEF ¥R

4 (Creative Commons Attribution 4.0 International License) ¥F 7] Hi ki
"https://github.com/zsLin177/camr
Zhttps://github.com/Baichuan-inc/Baichuan-7B
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VB A bR AR AL, A5 BT B R A)32E B 4 H BILSTM(Zhang et al., 2015) #4 Hfh A F] PLM 1,
HHEZRTRAAAEE RN E. M50 RRAEEERETE S 505 BRI CAMR f#HT 1 HER
PRI IR DOEE L, o oCA) 70l DU IR B SOE g MRk ), BE il f), B R A
FJPU AR )R (R, 2007) . BB A) AT G AAREAE R BEm A R T iE#, A EIREUE R
SR A HF A VAR s AT A ) I BRI i AN, AR ) Sl A MR E S A
WA I 2NN TR R . Yan etal. (2020) B R AR T —4 CAMR %€ i 3
8, EIFRW LT TAE. 76 CAMRP2023 1, B 1 [a) A AR 4E LA EE AR R CAMR fAAT 48 5
A RIAENTRE ), (HHIE A S 2L T 1A XX — 5 TH T 51

AMR AT (R F 70 Hp A S AR S 1Y 1) 2 OBk SR BRG] 7B RS B R I A B DA AR
F AMR fEHT P RE & — MER R R F M. FWATLEFT BB CAPPST(Wu et al., 2023) 5
Ml EEATY 8 55w, RH T R CAMR MENTHELE, ZHELE AL A — AN K IAE SR
TR TR (1) JE Al CAMR fffr 2%, FF4 A 4 DR 1 4>l 3E LoRA(Low-Rank Adaption)(Hu
etal, 2021) TR, ZHELE SR IEH A RE BB T KA LL5E R CAMR f##fT. SEIR4h
BRI A AT AT H e B AU R SE R AT SR MR BE RO LR, W] DU R 3R
R BUEE RHAE, 5 A T SOBLAY ) B Ak R AT 2R A LA B R M RR AR T . FRAT A AREE TR YR
{Ehttps://github.com/Zehrooo/CAMRP-MoE,

2 Ak
gtk (x4 /FE mod (x3 / amr-
unknown } :domain { x1 / i :ralign ( SaE
X2 [ 2 ) ) :mode ( X5 / interrogative) )
t P i
EES =S
By |
Experts \
B —
A 1
e o, CAMRRBHTEE Weights 8
e IR 2 I — (ChaGLMsGbbase)
= L - GLMBlock
(e Ry \ J E [ ] E
L’ : Add :
) T (LorA-#(E ! t t , i
Weights 85 | ' [ FEN ] E
) 4B - f I
.y v ] [ Add & LN ] i
L. - A — - :
(LoRA-£ZE) LoRA-£Z/) (LoRAER !
- \ Weights 8; | | Weights 8, Weights 8
N (AR v_ 9
\ c_—el - T
\\‘ .-LORA_EF\E\' [ LN ] i
+ | Weights 84 ¥ i
DT HHE w @ R
= sC L
| - [ Embedding ]
1
1
1
BA EEMAFRE? x1_=x2 Ex3 4 x4 FEx5_? EIEEA

Figure 2: HEZE 25 H 7R &

FATHE CAMR i AT B9 — B 7 20 20 0% 51 00 SCAR A AT 5%, B N — AN 43 1A] Ja B 1) 1
S = {s1, s2, ..sn} MHAERET R T W = {wl, w2, ..wn}, HEHHH CAMR K
B DFS kb2 Y = {y1, y2, ..., ym}, WE 1 Fiw. LMEAAKDREL T Guetal. (2023) F4k

Bt =R EIAEES SRS E, %343%—%53% K, E, 2024E7H25H£E28H .
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BT, B R R A OC R0 SE AL ER AN 5 . Bl JE A2 HUA ChatGLM3-6B-base K153
fit CAMR f##fT 2% . 75 CAMR o fha) 3G HARF 451, FnE IS £ 255 interrogative
BE M. expressive /&M . imperative #T{8 = Ff, 15 AR — MOE 1SS AE UK R mode
KL RN KGR A ALER, SEAEM . e HE il A IE S ) = Fh 75 2 H 298 R mode FH5E 0] ME &
interrogative K& ~, 40 “:mode (xn / interrogative) ”o [FJH, #iffi. BIGES W26 HARTE >
R)ECE BRI AR s b BT RENE, AT RN A LR T 4 MR LoRA XK. AT
T ORIOE IR ) LoRA L5, kit 1) 70 BRI T TR b, 33X 58 H 3 [m] ke 5 0 iR
A LoRA T 5K, AL, S S Hig il DUBE R4 (TestC) MIZk 1 HE LoRA LK. &/,
i FHIEI 2R 7712 (Hoang et al., 2021) ¥4 th 455 DL P25 5L . HEZRG M s s I B 2 o .

2.1 2Z2¥HiE ChatGLM3-6B-base

GLM XH Encoder-Decoder 2244 (Du et al., 2022), 5444t Transformer(Vaswani et al., 2017) fJ
BARX AT : GLM 02— AIBR Z 3 Y 24T 1 VR %, (0 52 4t 2 1475 token
T, HH GeLU(Hendrycks and Gimpel, 2016) %t T ReLU #i% M %0 . ChatGLM3-6B3 /&% Al
MK KEG SEE G R ATHORE I, HEAR B! ChatGLM3-6B-Base K H 1 5
ZREMNGREARE . T 0 I 20 O T & B I 2SR EE, JRAETE . R, AR EEAN R 2
I AT T A NSRRI, [R5 R SCHF 8192 1 B R SO HACE & LU &2 CAMR fi#ffr
IR 5T CAMR it & B R G SR 5%, FRATH T DU % R A5 4 .

(1) AT EG RIFSCARERRE ), MR EEA RIFISUARBRRE ]

(2) A& —E Mg RE /1, LML) CAMR JPAIE—E R B 5AARSERIEEL, BEAIAT DL A
His 58 RS S5 VUG T G 7R A4 a Ab 2

"conversations": [
{
"role": "user",
"content": "X & fF4 B ? x1_X x2_ & x3_f+4 x4_ A x5_? "
},
{
"role": "assistant",

“content": "( x4 / Ji[A :mod ( x3 / amr-unknown ) :domain ( x1 / iX :ralign ( x2 / A& )
) :mode ( x5 / interrogative) )"
}

]

Figure 3: F T UIZRM AT as XS 1G0T s ], A1) “IXa At A SR 27

WE 3 R a) “XRAAAER?” MR EEE =, 7R R L id B N,
TEREIER BN IMEATHR 2 . T, W0 im 5 a1 S “IX & 4 B 27 55576 10 9%
SHAT W “x1_ X x2 £ x3 Ha x4 JRE x5 27 HEVE BRI X, KRR CAMR
M5 O: “( x4/ JR K :mod ( x3 / amr-unknown ) :domain ( x1 / IX :ralign ( x2 / /& ) ) :mode (
x5 / interrogative ) )” {ENIERI ¥ L, $4 GLMBlock HI#iiHH Basicy(X) FIRKRN:

Xp =X + fA"(LN(X);6) (1)
Basicy(X) = Xg + fF7N (LN (Xp);0) )

Horp pAtn () FORETER AR, PPN () FRHIHUE, LN () %5 LayerNorm #ifE, 6 675
#RHBUE.

2.2 LoRA{EZ

Z 05 WU R (Parameter-Efficient Fine-Tuning, PEFT) $2 £t 1 K B A f30f LLM 1 75 74,
LoRA J& H g AR Tk —, 2 VO FERT R EAT I I, AN EE Y S8 B IOy
P, EVNGRI R 25 FL B o0 WACER AN P9 IR R A ) SR A B8 i AT o) A2 28 ) A B 3
BEATZIH, AR/ GRSAIL B T IR SE S BRI BCR, IF B LA S 5 NN HE 3 E
iR. £ AMR/CAMR fiEtfr v A B 78 =8 FHiZ 77 (Lee et al., 2023; Yang and Ziming Cheng,

3https://github.com/THUDM/ChatGLM3/
BT E P ET SRR, SE430 - 16300, KJE, P, 202445725 H A28

%3 PN
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2023), {HIXEEHF IR FEL GEEGE R 456 Au0a) 2R AR I AMR AT B 585 850 = 1
T, BATNNE BB N ZEA X CAMR ENTHE T 7. IRA & FIEA (Mixture of Experts,
MoE)(Jacobs et al., 1991) E7E¥ 2L X B RA L GEK, DIREBE LA FIES T
Ae, 1% PEFT 55 MoE &5 & nl LA SRR R 1) 911 25 Rl AR FASE 7Y f 4 B Rl A 428 il 78— AN ml DA 2 10
5 A

W 2 Fras, (ERRIEAT 28 AR S5 FhAS[R) R 2 B B0 4k 22 )1 2R L LoRA B 5K, 439108
PRI AL oK. BEin F)R Lo B RL K, P f) R e Z M PUE LK. AR L LS H
F) T RN T4 e . b, #H LoRA £ GLMBlock ¥ttt LEy;(X) R8N

Xgi = X + fA(LN(X);6)) 3)

LEy;(X) = Xg; + fF*N(LN(X¢;); 0) (4)
Hor 0, 7~ LoRA £5 ¢ HIRLE .
2.3 HJFAIHELR

"conversations": [
{

"role": "system",

"content": "REA) TR, IRF LW A TRIRAA . BEF A EOAE R ER .
}’

{

"role": "user",

“content": "t TLHFAH 1t
},

{

"role": "assistant",
"content": "M )"

}
]

Figure 4: AT IR a) 773 BB XSEX w ], A)F: “HFRTEHTAH!”

ChatGLM3-6B & ChatGLM3-6B-base [ X} 1§ 8Y, H & — @ WX 1k 6e 77, Al b 2k 8 %
ChatGLM3-6B HEAT LoRA f1, MR 58 sl ] 7 73 FE T e o 2odls i S 1l o 1 4 s,
X 51 T ChatGLM3-6B-base 44, BLALHIHE | system prompt PAZY SR A ()4 9 4 AN4)
TR, 5 EH—8, Rit®E A0 N assistant” B A H 1 loss. R, FAN—
SR JEIA T S = {s1, 52, ..sn}, HAEHIH N

SC;(S) = OneHot(type;) Q)
Horbri e (BRids), A, Hrfia), SElA)), OneHot(-) AT A .

24 1B
[T AR 1) 7 73 FEBE R i B U8 WS RS LoRA L 5K ARRPEIIAE S8 1 i pGs

MR, P T PGEL 2K, 1% LoRA B FRAZ s uzhil. TRk, [T Bi i

KRN

1, ifi = argmax(SC;(S))

0, otherwise

Gate;(SC;i(S)) = { (6)

HA argmazx () FoRFEERER RG]

25 HBRE&

3 ) AR S ) 2 [ I AFAE — 35820 () M 308 45 K R 28 — BB o0 R ik ) 2R 55 1), AR L X %1
T AT R )25, X T @ 45 A T PERE I E AN I B R b 28 . T LR RN, @i A A I
BEBAEE P ELR AT 8% (EEE % H 5P LoRA L5 CERFK) (1) parser % H HE

B =R EEIEEERS R E, %%1343%—%1&5@, K, E, 20244E7H25H%E28H .
H :L‘/‘;)\l /l:l
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reis, URARA R E R X T DOE NS - P AFUIZR D K LoRA % 5 LTS3
AL . TR, &R TR

GE(2 x Basic_Output, 2 x LE_Output), Input € Modern Chinese
GE(2 x LE e Output, 2 x LE);, , Output), Input € Ancient Chinese

Hrh GE(-) KRG 1 (Graph Ensemble).
3 L
3.1 EBWE

FRAE A AR FIRE AT s G S A RAE AR DOE SR £ 0 2 A 15 5L, TestA Fl TestB [ 4)
KNG 1 Fin. HPEiRa)2E (Normal) FIEE S bR %, E&BHEE S 79.9%-89.8%
ANEE, HrEf)35 (Imperative) FIECE &5 LD, HE 0.2%-1.2% A%, 5ER4)2% (Interrogative)
&I A 2K (Exclamation) [P & LEABLE, 20 & 5.4%-10.5% A1 5.1%-10.8%. H1T H ARAEH X
BT AL R, MK TestC #ATREN Gt

Output = { (7)

Table 1: f)RAEPARDUE B LS TestA 1 TestB 111 3 Ai 17450
Sentence type Train Dev Test A TestB
Total 16576 1789 1713 1999
Interrogative 901 189 184 129
Exclamation 850 177 186 167
Imperative 36 16 6 25
Normal 14898 1441 1369 1696

2 S H M ChatGLM3-6B-base 7E 8 7k A40 &K {# F 18365 2 ¥4l (N5 KE)
X} ChatGLM3-6B-base 317 4= S £ LA B FE AL AT 25 (Basic Parser). Il 2k S 5k B a0
F: training_step=3000, batchsize=48, learning rate=le-6. ILAb, 22l B RYHERL 20 T35
THUNews(Sun et al., 2016) LA sAR K (silver data) FI1EIIZk, (H I R$E T IR MRAT 25 O PERE
(80.47, TestA)o

LoRA E5 LoRA L ZAEHTK A40 2K LTSGR, L0 SEIRIRE AL, A AR & 2ol I 25
) LoRA & Z R T I 4l )1 25 £ 00 B b R A AR B, PRIk, o TRRIR A K. BEin A&
MU 58, I SREHE B 1000 25K B I ZRER I ERE AT 2000 25 ARER 240 %, 3Lt 3000 25504k -
I T 0T A 6] (B B, A 0 B 2K BRI R B ) el 52 25K B IR OB Al 948 kAR
R, 3t 1000 26808 o X+ DUE LS, IIZREHE N & CAMRP2024 327077 321 500 26T %
EHHE . LoRA EXINZIESEE BN F: training_step=500, batchsize=6, learning_rate=1e-6,
=16, alpha=64.

TR AUM, A1) T HBELAE Bk A40 B R BT ISR, MIZREEAEFH CAMR2.0v H
(1) 4169 ZE0 4 « 7] BBH ZRAE S50 B 40 F - training_step=33352(=8epoch), batchsize=5,
learning_rate=le-6, r=64, alpha=256. X))/ IR AERE TR AW R

1 n
Accuracy(SC) = ~ ; 5(SCy(Sy) € Ag) (8)
Horfn REFIEEL SCi(Sy) A RaHE kM FIMZEA, Ay 25 k ANETF RISk
BRSES, — AR RERIR & B AT i 6], delta() & —MEREEL R type; € A,
NE, AL, BN 0.
CAMR @M IPE 645 K ] AlignSmatch(Xiao et al., 2022).

32 SEWMAERSHH

JHIL X} Chinese-BERT-Large(Cui et al., 2021) F1 ChatGLM-6B #i Bt AT LR, PA5E i) 52878
2o HAES . K2 P T A) T REHRAEIADOE B RS EHERIZ, 74iH 5/ Chinese-BERT-
Large 7F TestA H#a 5 F MR RAE 54.4%, MELAMATA)T53 281155, M ChatGLM-6B-LoRA

B = Jm P E RS F RIS, %%1343%—%%5@, KIE, HE, 20244E7H25H%28H,
s PPN
(c) 2024 HEPXBERFLTHIBF ¥R INEL L 148
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Table 2: f) 77> FBLHAEBURDUE B £ _ERIHER R (%)

. ACC
Classifier TestA TestB
Chinese-BERT-Large 5446 \
ChatGLM3-6B-LoRA 9524 97.34

ChatGLM3-6B-LoRA x 3 98.10 98.54

FIYERA R IER] T 95.2%. 2 FLi et al. (2024) (B K, BA L AR K% H 8 F AL 2 110
PR, R = AR FIIZD KRR R A T RS R A, SEIREE IR, 27 VAAE TestA 3%
T+ T 2.9% HMEmaZ, 1F TestB FHETF T 1.2% (HERZE .

Table 3: FEAbAFHT 8% 5 % % AL =DM EEE S LRSS0 LLEL (%)

Parser Sentence Test A Test B Test C
Type P R Fq P R Fq P R Fq
Basic Parser 80.68 80.81 80.74 7526 74.77 75.01 58.64 59.16 58.90
Experts All. 80.78 81.02 8090 75.12 74.65 74.89 70.51 70.49 70.50
Ensemble Parser 80.87 81.53 81.19 7480 75.75 7527 70.62 7252 71.56
Basic Parser 81.05 81.02 81.04 7522 7490 75.06
Norm-Expert Norm. 81.12 81.08 81.10 75.11 74.75 74.93
Ensemble Parser 81.07 8147 8127 7473 7586 75.29
Basic Parser 79.11 7945 7928 74.68 72.87 73.76
Excl-Expert. Excl. 80.50 80.00 80.25 7497 73.65 74.30
Ensemble Parser 80.20 81.33 80.76 7427 74.04 74.16
Basic Parser 7729 7258 7486 7256 7141 71.98
Impr-Expert Impr. 78.01 75.63 76.80 74.64 72.79 73.71
Ensemble Parser 78.01 75.63 76.80 7494 73.39 74.16
Basic Parser 79.31 80.65 7998 76.83 75.78 76.30
Intr-Expert Intr. 79.88 81.28 80.57 76.45 74.47 7545
Ensemble Parser 79.81 82.50 81.14 7628 7637 76.32
80.5 — . /
79.5
185 74.7 -
71.5 A 73.7
76.5
s 727
74.5 71.7
All Norm. Excl. Impr. Intr. All Norm. Excl. Impr. Intr.
—— Basic —— Expert —= Ensemble —— Basic —— Expert —= Ensemble
Figure 5: TestA #1577 T 28 Figure 6: TestB %157 3 £k

kR 3 Fros LT85 % T RE A BIEE LA o . BiZRE B AR EGE
i TestA Al TestB I3 Tk WK 5 B 6 AR, HPRE AR R R AR AT 280 Fr
HATFZ5] (Al). BRiRAIZE (Norm.). ERILA)ZE (Excl). #rf#A)3E (Impr.) A5 F)2E (Intr), A
ABRAE Fy 8. AR R AR AT 28 (Basic) 7E 5K K _EILA 10 MR L, 7 TestA 1,
PR FAE A R AR DA 7 TR 2 10457, (HAE TestB 1, RAT I A) L KA
ARG K RDUE TR AT 8% . [ERERIE, ARE R EARNERIRT R, 7
TestA 5 TestB HESEREMAENT 8510 Fy 73500 BIER T 1.94% 5 1.73%, BEIUA) 2 (4 T+ AR 24 B

B =R EEIEEERS R E, %%1343%—%1&5@, K, E, 20244E7H25H%E28H .
: PR
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=, 7R 0.97% 1 0.54%, BRIRF)ZE L ZAIEE 0 A KL FKAE TestA HIRIATA T, 720
FETF 0.06% F10.59%, {HAE TestB H1 IR IA K Al fET %, 535 FF% 0.13% F1 0.85%. K Fr
HEFRKMNEERIITES G (Experts) 5 AR 83347 VBRI, FLAE TestA I By 7328032 THN
0.26%, Tf7E TestB H R F% 0.12%, IXJ2& B T 5E 7] A1) K& R R 1) K& FKAE TestB LRILA
FESEM. HP0E (Anct) XM RINA L0, HAE TestC LR Fy 2 BER IS H FERfR T 28
11.60%. {E#E1TEIZE A (Ensemble) #:AF J5 R IR T B8 A 28 & SE LRl i A 25 1) S
i, (BTE TestB HERMA)RIRMNA WA R LK. b, A CHHEH FIENTHEZELE TestB (14
RFEIN 75.27%, A TestA ) 81.19%, X P& H TiERSRIEAF FEH, TestA HIiE k%
E M TSR E CTBS.0, S5 28 79 A0 45 3 15 I 28 18 3528, T TestB M3k [ N B /N 48 SR A
(ZE0R et al., 2023). H A FERLAEAT 2348 5 TestA RIS AERIEAT IS, 125 LoRA £ K il fd
(YRR 0000 U 3R BT TR ), IR B R VR 1) 22 A S B R iz AR AN 2, BIEE A
KIEFBAE R, AT ToVE 8 A iR tiX — n) /L

Table 4: PFMIHEAS Align-Smatch 7537357 LE (%)
Test A Test B Test C
P R Fy P R Fy P R Fq
BLCU 7893 7889 7891 74.04 7427 74.16 56.87 5859 57.72
HITSZ 80.80 81.11 8096 75.13 74.57 74.85 67.06 66.77 66091
GDUFE 80.87 81.53 81.19 7480 75.75 7527 70.62 7252 71.56

Team

FEAR YIRS F, 200 open FE3E i =S BAMELZ )2 AL 51E 5 K% (BLCU). M /RIE LK
2 (YINHITSZ) M~ R4 K% (GDUFE), WlVF4ER U1K 4 Fiw . AT A & AT
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Abstract

The purpose of the CAMR task is to convert natural language into a formalized semantic rep-
resentation in the form of a graph structure. Due to the complexity of the AMR graph struc-
ture, traditional AMR automatic parsing methods often require the design of complex models
and strategies. Thanks to the powerful generative capabilities of LLMs, adopting an autore-
gressive generative approach for AMR parsing has many advantages such as simple modeling
and strong extensibility. To further explore the generative AMR automatic parsing technology
based on LLMs, we design a two-stage AMR automatic parsing method based on LLMs in this
CAMR evaluation. Specifically, we design two pipeline subtasks of alignment-aware node gen-
eration and relationship-aware node generation to reduce the difficulty of LLM understanding
and generation. Additionally, to boost the system’s transferability, we incorporate a retrieval-
augmented strategy during both training and inference phases. The experimental results show
that the method we proposed has achieved promising results in this evaluation.

1 Introduction

Semantic parsing is one of the fundamental tasks in the field of Natural Language Processing (NLP). As
an important formal method of semantic parsing, Abstract Meaning Representation (AMR) (Banarescu
et al., 2013) has attracted widespread attention from researchers in the NLP field. AMR represents the
semantics of a sentence in the form of a single-rooted directed acyclic graph (DAG), where nodes are
used to represent semantic concepts abstracted from the sentence, and edges are used to represent the
semantic relations between concepts. Thanks to the development of AMR technology, researchers have
also begun to try to integrate the semantic knowledge in AMR graphs into application systems such as
machine translation (Song et al., 2019), text summarization (Liao et al., 2018), and event extraction (Xu
et al., 2022), in order to enhance the system’s understanding of semantic knowledge and improve system
performance.

The data resources and automatic parsing technologies associated with AMR primarily concentrate
on English. Li et al. (2021) considering the traits of Chinese, establish the annotation standards and
evaluation methods fitting for Chinese AMR (CAMR), significantly advancing the progress of Chinese
AMR research.

The existing CAMR automatic parsing technologies can be divided into three categories: transition-
based methods (Wang et al., 2018), graph-based methods (Chen et al., 2022), and autoregressive gen-
erative methods (Bevilacqua et al., 2022). The transition-based method considers the AMR automatic
parsing problem as a sequence-to-action conversion issue. This method usually relies on a complex tran-
sition system for action definition and feature extraction used for action prediction. The graph-based
method treats the AMR automatic parsing problem as a graph search issue, that is, searching for the
highest scoring subgraph from a directed complete graph. Due to the complexity of the AMR auto-
matic parsing task, the graph-based method usually requires the construction of multiple models such as
concept recognition and relation recognition to achieve a complete parsing process.
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Figure 1: A Brief Flowchart of Our Method.

The autoregressive generative method considers the AMR automatic parsing problem as a sequence-to-
sequence generation issue. Compared with the other two methods, the autoregressive generative method
has the advantages of simple modeling and easy implementation, and has become the mainstream method
for solving AMR automatic parsing problems. Recently, thanks to the powerful generation capabilities
of large language models (LLMs) (Zhao et al., 2023), the autoregressive generative methods based on
LLMs have also been adopted by more and more researchers and achieved competitive results (Lee et
al., 2023).

The existing autoregressive generative methods based on LLMs usually adopt a strategy of generating
AMR graphs in a single stage (Gao et al., 2023), such as directly generating linearized sequences of AMR
graphs or generating tuples within AMR graphs. Given the complexity of the AMR graph structure, the
difficulty of generating AMR graphs in a single stage is significant, which constitutes a huge challenge
for the generation ability of LLMs.

In order to reduce the difficulty of generating AMR graphs by LLMs, we decompose the process of
generating AMR graphs into two stages. The first stage is alignment-aware node generation, and the
second stage is relation-aware tuple generation. In the first stage, we first group the nodes according to
the alignment type between the nodes in the AMR graph and the words in the sentence, and then let the
LLM generate different aligned type nodes in groups. In the second stage, we first group the tuples in the
AMR graph according to the relation type, and then let the LLM generate tuples of different relation types
in groups. Considering that this shared task requires testing the system’s ability to automatically parse
ancient Chinese sentences into AMR graphs in a zero-shot scenario, we adopt a retrieval-augmented
instruction tuning strategy to fine-tune the LLM, with the aim of enhancing our system’s transferability.

2 Method

Our method can be divided into three parts to descirbe: alignment-aware node generation, relation-aware
tuple generation, and retrieval-augmented instruction tuning strategy. Figure 1 shows the flowchart of
our method. Our system takes a sentence and the word information in the sentence as input, and after
performing two pipeline tasks of alignment-aware node generation and relation-aware tuple generation,
it obtains the entire AMR graph as output.

2.1 Alignment-aware Node Generation

To achieve alignment-aware node generation, we categorize the nodes into several types based on the
alignment between the nodes in the AMR graph and the words in the sentence (Chen et al., 2022):
general alignment nodes, split alignment nodes, multi-word alignment nodes, and non-alignment
nodes. The general alignment node refers to a node in the AMR graph that can correspond to a word
in the sentence. The split alignment node refers to a node in the AMR graph that can correspond to a
part of a word in the sentence. The multi-word alignment node refers to a node in the AMR graph that
can correspond to multiple words in the sentence. The non-alignment node refers to a node in the AMR
graph that cannot correspond to any word in the sentence. Since the generation patterns of nodes with
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Task | Input | Output
Alignment- 'sentence’: ' B4 46 LA A o8 o RaE, .Zﬁn;f},l 1%1(1);1['(;00(_); .')(;z(le%o ’ ?)?uvlgg ' ;})5]:?_
aware Node | 'words: {'x1": '"F E', 'x2": '#", 'x3" '¥& &', 'x4" 01 g‘_),‘ (x4 ;PJ )ﬂ-dl _’), '(x’S ‘9} Y Y ',(x6 )E’E
Generation FIR XS R X6 RAE} i _).i ’ 2T AR TR, T A R
} } ’
{ .
'(top, - , =)' [['(x0, root, -)', '(x3, % L-01, -)'1],
{ '(arg0, -, -)': [['(x3, #& %-01, -)', '(x10, country,
'sentence’: ' B ¥ 36 LA A 4 R E ._)‘]]’ i . o SN
Relation- 'nodes": {'non-align": ['(x0, root, -)', '(x10, coun- ‘gernsle,_- ’_;,),'[{,[(S;S’;E ,};‘i(-)(il’_;,) > ()(:éz,;’,fi?ﬁ-)-])]],
aware Tuple try,;)’], align': ['(x1, ¥ &, -), '(x2, %, ), '(x3, [‘(xi ’ﬁ']’fﬂ-i)l oy "(XS L;]\;ﬁ’ _)’,]] ’ T
Generation & iL-01, -)', (x4, #lRA-01, -), '(x5, ¥, ), ‘(nan,le i _)._’ [['leO’couﬁgry _)’, (x1,
(x6, B8, -)] } 3 > = o) s <) > >
'(mod, -, -)" [['(x6, &8, -y, (x4, #] A1-01, -
)11,
}

Table 1: Input and Output Examples for Two Tasks.

the same alignment type are the same, the alignment-aware node generation task can help LLMs learn
the generation patterns of nodes, thereby achieving better node generation effects.

The input for the node generation task is a sentence and the words in the sentence, and the output is
the nodes in the AMR graph. Therefore, the node generation task can be described as follows: Given
a sentence and the words in the sentence, predict the nodes corresponding to the sentence in the
AMR graph.

For the words in the sentence, we use a dictionary to store the information of the words in the sentence,
where the key of the dictionary is the index of the word and the value of the dictionary is the text of the
word. For the nodes in the AMR graph, we use a dictionary-list data structure to store the grouped node
information, where the key of the dictionary is the type of the node and the value of the dictionary is the
list of all nodes under that type. For each node, we use a triplet to represent all the information of the
node: the index of the node, the text of the node, and the index of the co-referential node. An example
of the input and output for this task is given in Table 1.

2.2 Relation-aware Tuple Generation

The input for the tuple generation task is a sentence and the nodes in the AMR graph, with the output
being the relational tuples in the AMR graph. Therefore, the tuple generation task can be described as
follows: Given a sentence and the nodes in the AMR graph, predict the relational tuples in the
AMR graph.

For the relational tuples in the AMR graph, we use a dictionary-list-list data structure to store the
grouped tuple information. The key of the dictionary is the relational information, and we use a triplet
to represent all the information of the relation: the name of the relation, the index of the aligned word of
the relation, and the text of the aligned word of the relation. The value of the dictionary is a two-level
nested list, where the first level list represents all the node pairs with the same relation, and the second
level list represents the parent and child nodes of each node pair. An example of the input and output for
this task is given in Table 1.

2.3 Retrieval-augmented Instruction Tuning Strategy

Based on our definitions of the node generation task and the tuple generation task, we can build prompts
for these two tasks separately to be used for instruction tuning. The prompts for these two tasks are
composed of the following three parts: task description part, example information part, and input infor-
mation part. The task description part is a natural language description of the current task. The example
part is an input-output pair for the current task. The input information part is the input of the sentence
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to be parsed under the current task. To make the examples more representative, we use a vector retrieval
model” to find examples for each sentence to be parsed. Specifically, we use sentences in the develop-
ment set to build a vector retrieval database. For a sentence to be parsed, we vectorize it and then search
for the sentence with the highest semantic similarity from the vector retrieval database by calculating the
cosine similarity as the final example.

In the instruction tuning stage, we denote the entire prompt as X and the corresponding output as O.
Each token in O is denoted as 0;. When calculating the loss of the language model, we only calculate
the loss for the output part. The calculation formula is shown below:

L= Z —logP(0;| X, 0i-1). (1)
i=1

3 Experiments and Analysis

3.1 Experimental Setup

This shared task includes two scenarios: open testing and closed testing. We conduct experiments in the
open testing scenario. The LLM we used is the Baichuan2-13B-Base ! released by Baichuan Intelligent
Technology. Due to computational resource limitations, we adopt the LoRA-based method (Hu et al.,
2022) for fine-tuning the LLM. The main training parameters used during the fine-tuning process are
listed in Table 2.

Parameter Name Parameter Value

learning_rate 2e-4
lora_rank 64
lora_alpha 16
lora_dropout 0.05
num_train_epochs 30

Table 2: Main parameters used in fine-tuning.

3.2 Experimental Results

This shared task includes a total of three test sets: TestA, TestB, and TestC. Among them, TestA and
TestB are modern Chinese test sets, and TestC is an ancient Chinese test set. The AlignSmatch (Xiao et
al., 2022) F-scores of all teams on these test sets are shown in Table 3. BLCU is the result of our system.

According to the results on the test set, we find that the performance of our system has a small gap
with other systems on TestA and TestB, but a large gap on TestC. This indicates that the transferability
of our system in zero-shot scenarios is still limited.

Team TestA TestB  TestC

GDUFE 0.8119 0.7527 0.7156
HITSZ 0.8096 0.7485 0.6692
BLCU 0.7891 0.7416 0.5772

Table 3: The results of each team on the three test sets. GDUFE is the result of Guangdong University of
Finance and Economics, HITSZ is the result of Harbin Institute of Technology (Shenzhen), and BLCU
is our result.

Ohttps://huggingface.co/shibing624/text2vec-base-chinese
"https://huggingface.co/baichuan-inc/Baichuan2-13B-Base
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3.3 The Impact of the Retrieval-Augmented Strategy

To verify the impact of the retrieval augmented strategy on system results, we design a set of ablation
experiments for result analysis. The experimental results listed in Table 4. Through the experimen-
tal results, we find that the retrieval augmented strategy indeed improve the system’s performance to
some extent. It is worth noting that the retrieval augmented strategy significantly improve the system’s
performance on TestC. This indicates that the retrieval augmented strategy has advantages in zero-shot
scenarios.

Method TestA TestB  TestC

w/ retrieval-augmented  0.7891 0.7416 0.5772
w/o retrieval-augmented 0.7725 0.7341 0.5366

Table 4: Comparison of results using the retrieval-augmented strategy.

3.4 Error Analysis

Based on the analysis of model prediction results, we summarize several problems currently existing in
our system.

* The generated format is illegal. Since we use relatively complex data structures to represent the
output of each task, there will be some predictions in the system’s prediction results that are illegal
in the data structure. This inspires us that we may need to design a more reasonable representation
form for CAMR tasks.

* The generated content is illegal. Since our system uses an autoregressive generative approach, the
system will generate some content that does not match the input information or is inconsistent with
the CAMR Schema (for example, the generated relation is not a relation in the CAMR Schema).
This inspires us to possibly need to design more complex constrained decoding strategies.

* Lack of relevant knowledge. Since ancient Chinese texts are usually historical documents, the
knowledge contained therein deviates significantly from the knowledge commonly used in modern
Chinese. For example, the system make an error in node prediction for the sentence “# F3f =&

F AR T - . Itincorrectly predicted the node “4t 7% based on “7% . This inspires us that we may
need to pre-train LLM on ancient Chinese texts.

4 Conclusion

In this paper, we propose a two-stage generative CAMR parsing method based on LLMs. We decom-
pose the CAMR task into two pipeline subtasks: alignment-aware node generation and relation-aware
tuple generation to reduce the difficulty of understanding the CAMR task for LLMs. Furthermore, we
introduce retrieval-augmented strategy during training and inference to enhance the transfer learning
capabilities of our system. On three test sets of the CAMR 2024 evaluation task, our system achieve
promising results. Through the analysis of experimental results, we find that our system still performs
poorly on the ancient Chinese test set, which inspires us to further enhance our system’s CAMR auto-
parsing ability in low-resource scenarios through pre-training, data augmentation, and other techniques
in future works.
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Abstract

Abstract Meaning Representation has become a key research area in sentence-level semantic
parsing within natural language processing. Substantial progress has been achieved in various
NLP tasks using AMR. This paper presents the fourth Chinese Abstract Meaning Representa-
tion parsing evaluation, held during the technical evaluation task workshop at CCL 2024. The
evaluation also introduced a new test set comprising Ancient Chinese sentences. Results indi-
cated decent performance, with the top team achieving an F; of 0.8382 in the open modality,
surpassing the previous record at CoNLL 2020 by 3.30 percentage points under the MRP metric.
However, current large language models perform poorly in AMR parsing of Ancient Chinese,
highlighting the need for effective training strategies. The complex syntax and semantics of An-
cient Chinese pose significant challenges. Additionally, optimizing transfer learning techniques
to better apply knowledge from Chinese Mandarin to Ancient Chinese parsing is crucial. Only
through continuous innovation and collaboration can significant advancements in both Ancient
Chinese and Chinese Mandarin AMR parsing be achieved.

1 Introduction

With the growing maturity of morphological and syntactic analysis techniques, natural language process-
ing (NLP) has advanced to the level of semantic analysis. Sentence-level meaning parsing, in particular,
has become central to semantic analysis research. To address the challenges of whole-sentence semantic
representation and the domain-dependent nature of sentence semantic annotation, Banarescu et al. (2013)
proposed a domain-independent whole-sentence semantic representation method called Abstract Mean-
ing Representation (AMR). AMR abstracts the meaning of a sentence using a single-rooted, acyclic, and
directed graph, predicting the semantic structure of the targeted sentence. Large-scale corpora have been
constructed for AMR, and several international conferences have been held to evaluate AMR semantic
parsing tasks.

The conference of CoNLL 2020 featured a cross-lingual track with five languages, and it was the first
time Chinese was included. However, parsing Chinese using AMR has its challenges due to significant
syntactic and semantic differences between Chinese Mandarin and English. To address these issues,
Li et al. (2016) introduced several major changes to develop Chinese Abstract Meaning Representation
(Chinese AMR, CAMR), enhancing its ability to parse Chinese effectively. Similar to AMR, the CAMR
corpus has begun to take shape and played an important role from CoNLL 2020.

2 Evaluation Task

Our evaluation task is to parse input sentences and output CAMR graphs of the targeted sentences using
data from the CAMR corpus. It is noteworthy that the alignment of concepts and relations, as well as
additional semantic role labels, have been incorporated into CAMR to better capture the unique charac-
teristics of Chinese. The evaluation task at CoNLL 2020 did not utilize the alignment of concepts and
relations. Therefore, to address this issue, our previous CAMRP 2023 evaluation task (Xu et al., 2023)
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adopted a newly designed metric named ALIGN-SMATCH (Xiao et al., 2022). This metric includes the
alignment of concepts and relations, aiming to better evaluate the performance of automatic parsing. And
for the sake of consistency and accuracy, ALIGN-SMATCH remains the main metric this year.

Overall, CAMRP 2024 is a follow-up and extension of CAMRP 2023, with key differences including
the addition of a blind test set containing 2,177 Ancient Chinese sentences. This extension aims to
further test and refine our parsing methods, ensuring robust performance across different eras and styles
of Chinese language.

3 Data Set

The CAMR corpus has been constructed through a collaboration between Nanjing Normal University
and Brandeis University since 2015 (Li et al., 2016)(Li et al., 2019). Over the past two years, we have
utilized these datasets to evaluate the progression of CAMR parsing. To further assess the generalization
performance of parsers, we have introduced a new Dev Set B and a blind test set (Test C), consisting
of 500 and 2,177 Ancient Chinese sentences, respectively. Consequently, our evaluation includes one
training set, two development sets, and three test sets, as shown in Table 1.

The Train Set, Dev Set A, and Test A for CAMRP 2024 are sourced from CAMR v2.0, which is
available through the Linguistic Data Consortium (LDC)'. This dataset, derived from the Chinese Tree
Bank 8.0, comprises a total of 20,078 Chinese sentences. Consistently, the dataset includes training,
development, and test sets, which have been proven to be of high quality in the evaluation tasks at
CAMRP 2022 (Li et al., 2023) and CAMRP 2023.

Data Set Sentences  Word Tokens
Train Set 16,576 386,234
Dev Set A 1,789 41,822
Dev Set B (Ancient Chinese) 500 9,130
Test A 1,713 39,228
Test B 1,999 36,940
Test C (Ancient Chinese) 2,177 33,461

Table 1: Data set distribution

3.1 Data Format

The datasets we offer are available in two different formats: raw text annotations and tuples. Datasets,
excluding Dev Set B, Test B and Test C, also come with corresponding dependency analysis results. For
detailed information regarding these dependency analyses and to avoid redundancy, please refer to our
prior work (Xu et al., 2023).

Figure 1 is an example of a CAMR text representation from the training set, detailed with sentence
ID, word tokens, word ID, alignment of concept and relation, and the text annotation of CAMR. All files
are encoded in UTF-8. The translation of the original sentence is “fii/command ¥ 3{/Zifeng /lead
ZEfear — B /two hundred Fe/unit Li/with t%/attack 3i/capital,” which means “Command Zifeng to lead
200 chariots to attack the capital.”.

Table 2 is a copy of CAMR tuple representation including sentence ID (sid), source node ID (nid1),
source concept (conceptl), relation (rel), relation ID (rid), relation alignment word (ralign), target node
ID (nid2), and target concept (concept2).

3.2 Ancient Chinese AMR

As the predecessor of CAMRP 2023, the evaluation task this year has introduced a certain amount of
sentences of Ancient Chinese, selected from the segmented text of anicent Chinese classic Zuo Zhuan
(a commentary on the Spring and Autumn annals of ancient China) processed by the school of Chinese
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# ::id export_amr.37 ::2023-06-27 09:37:07
#usntap FE D E B R UK R,
# mwid x1 85 x2 F5 x3 I x4 F& x5 ”H x6 3 x7 LA x8 & x9 = x10 ,

(x1/ @5-01
:arg1() (x14 / person
:name() (x2 / name :op1 x2/F%F ))
:arg2() (x3 / b-02
:arg0() (x14 / person)
:arg1() (x4 / &
:quant() (x5 / ZH&)
:cunit() (x6 / 3F))
:arg2(x7/LA) (x8 / 1%-01
:arg0() (x14 / person)
:arg1() X9/ W)

Figure 1: Sample of CAMR text representation

ATHS TRET1 B KRR XRHT RKAMITIE TA%HT2 a2

sid nidl conceptl rel rid ralign nid2 concept2
37 x0 root :top - - x1 fir-01
37 x1 fi-01 :arg0 - - x13 person
37 x1 fii-01 :argl - - x14 person
37 x1 fi-01 :arg2 - - x3 Iif-02
37 x14 person  :name - - x2 FH
37 x3 Ih-02 :argl - - x4 %
37 x3 I-02 :arg2 x7 2A x8 %-01
37 x4 % :quant - - x5 )
37 x4 S :cunit - - x6 I
37 x8 %-01 :argl - - x9 =
37 x8 %-01 :arg0 - - x14 person

Table 2: Sample of CAMR tuples

Language and Literature at Nanjing Normal University. During the annotation process, Yang Bojun’s
annotated version of annotations on Zuo Zhuan (Yang, 1990) was used as a reference. Among these, 500
sentences are for Dev Set B and 2,177 sentences are for Test Set C, focusing on assessing the performance
of the parsing system on Ancient Chinese.

Chinese Mandarin has undergone changes in pronunciation, vocabulary, and grammar compared to
Ancient Chinese. Therefore, the annotation of Ancient Chinese AMR adds and removes some semantic
roles and modifies some predicate argument structures based on the Chinese AMR annotation framework.
It also specifies annotation methods for special sentence patterns. Overall, the Ancient Chinese AMR
maintains consistency with the Chinese AMR annotation format and includes alignment information
for concepts and relations. As shown in Figure 1, the node “_~H” (two hundred) is numbered x5,
completing the concept alignment. The function word “L1” (with) is numbered x 7 and is annotated along
with the semantic role : arg2 on the directed arc from node “x3/” (command) to node “x8/1%”
(attack), completing the relation alignment.

To better describe the semantic structure of Ancient Chinese, first, the framework of Ancient Chinese
AMR has added two concepts to the CAMR system to represent the causative and conative usages,
namely “make” and “consider”. As shown in Table 3, the phrase “Tf1i# 2 in Chinese Mandarin would
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New concepts Example sentence (snippet) Ancient Chinese AMR

:arg2(x10/1M) (x29 / make-01

make-01 LR :argl() (x11 / 3#

:0p1() (x48 / consider-01

consider-01 VLN NEEREE L -arg0() (x8 / /N

Table 3: New concepts and examples in Ancient Chinese AMR

be directly translated into “and fast it (x)”, which doesn’t make sense at all because the word “3&” here
in Ancient Chinese often carries a causative meaning. Therefore, its actual meaning should be rendered
as “and make it fast (+/)”. And similarly, the phrase /N A\ B2 HF should be translated as “the petty
man considers losing his lord as a shame (/)" instead of “the petty man shame losing his lord (x)”.
Second, flexible usage of part of speech is a common linguistic phenomenon in Ancient Chinese.
Based on this feature, the Ancient Chinese AMR primarily added annotation rules for nouns used as
verbs and nouns used as adverbials. As shown in Figure 2, in the phrase “%& fif 2, the word “ff”
(elbow) needs to have the action of striking with the arm supplemented in the actual annotation, with
“ifi—01” (strike) being the root node of the sentence, thus restoring the true semantic expression.

"® B Z"
All elbow it
"All strike it with the elbow"

:argo ‘manner :arg‘]

Figure 2: Example of noun used as verb in Ancient Chinese

4 Evaluation Design

In the spirit of innovation and comparison, CAMRP 2024 includes three evaluation metrics and two
modalities.

4.1 Evaluation Metrics

* Smatch As the most widely-used evaluation metric to compute AMR parsing scores, SMATCH (Cai
and Knight, 2013) uses a graph matching algorithm to return precision, recall and F-score. It focuses
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mainly on the overlapping of two AMR graphs, specifically on the nodes and edges. Considering
that it was originally designed based on the English corpus and serves for English AMR parsing,
SMATCH works well when it comes to monolingual AMR comparisons and yet failed to parsing the
alignment information in Chinese AMR.

* MRP Due to its extensive compatibility, MRP (Oepen et al., 2020) has been utilized as the primary
metric in both CoNLL 2019 and CoNLL 2020 for multi-lingual track. It employs a “node-to-node”
search strategy to find the maximum match between two semantic graphs. However, for AMR or
CAMR parsing evaluation, MRP typically yields higher scores compared to the other two metrics
mentioned above, attributed to its relatively lenient scoring method.

* Align-smatch According to the changes in Chinese AMR, alignments of concept and relation were
introduced into ALIGN-SMATCH (Xiao et al., 2022). Functions word in Chinese, unlike in English,
convey a great deal of meaning, and therefore in ALIGN-SMATCH, they are well preserved and
the deemed as the reflection between concept nodes. In short, Align-smatch inherits the basics of
SMATCH and now can compute concept alignment and relation alignment in a more accurate way,
which is indeed necessary in Chinese AMR.

Metric Node Edge Node
Concept  Alignment Index  Semantic Role ~ Alignment Word  Concept  Alignment Index
MRP Jif1-02 [5.5] :arg2 . 01 [16,16]
SMATCH I-02 - :arg2 - %-01 -
ALIGN-SMATCH  Jifi-02 X3 :arg2 DN %-01 x8

Table 4: Comparison of three metrics regarding alignments

For the three metrics mentioned above, they all share the same essence which is to convert a semantic
graph into several sets of triples or tuples, namely “node-edge-node” (mostly). The key difference lies in
how they treat alignment information. Table 4 details the comparison of three metrics regarding align-
ments (example snippet from Figure 1): SMATCH does not provide information for concept alignments
or relation alignments, while MRP aligns concepts in a rather cumbersome way (token anchoring pe-
riod). In contrast, ALIGN-SMATCH can handle both concept and relation alignments effectively. Hence,
we consider it as the primary metric for CAMRP 2024, and metrics like MRP and SMATCH are used as
references only and serve to reflect any fluctuations or progressions over the past few years.

4.2 Two Modalities
The evaluation task includes Open Modality and Closed Modality:

* Closed Modality Participants are required to use the designated training data, test data, and pre-
trained model without substitutions. Additionally, we provide dependency analysis results of the
training set for each team under Closed Modality. The pre-trained model, HIT_Roberta from Harbin
Institute of Technology (Cui et al., 2021), is highly recommended.

* Open Modality Participants are permitted to use other pre-trained models and external resources,
such as named entities and dependency analysis results, without limitations. However, all resources
utilized must be detailed in the final technical report. Manual correction is prohibited in both modal-
ities. Table 5 outlines the requirements for each modality.

5 Evaluation Results

CAMRP 2024 initiates on 1* March, and data sets inclucding train set and dev set are authorized and
released via LDC. Test sets are provided on Ist May via our GitHub repository’. Participants are to

3https://github. com/GoThereGit/Chinese-AMR
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W Closed Open
Resources
Algorithm No Limit No Limit
Pre-trained Model HIT Roberta No Limit
External Resource Dependency Tree No Limit
Data Set Train Set, Dev Set No Limit
Manual Correction Not Allowed Not Allowed

Table 5: Requirements of two modalities

submit their technical report by 25! May and Camera-ready by 25" June. The evaluation task will be
hosted as a workshop affiliated with the 23"? China National Conference on Computational Linguistics
(CCL 2024) from 26" - 27" July in Taiyuan, China.

5.1 Participants

There are 19 teams enrolled, and yet 3 teams completed the evaluation, resulting in a total of 15 sub-
missions as shown in Table 6 along with other detailed information. All three teams chose the open
modality exclusively. This contrasts with the previous year, where the majority of teams opted for the
closed modality, with only a few choosing the open modality. Overdue submissions are marked with an
asterisk and submissions with manual adjustment (not correction) are marked with a plus sign in Table
6. Each team is listed alphabetically here and throughout the paper.

Team Affiliation Test A Test B Test C
closed open closed open closed open
BLCU Beijing Language and Culture University 0 1 0 1" 0 1"
GDUFE Guangdong University of Finance and Economics 0 2 0 2 0 2
HITSZ Harbin Institute of Technology (Shenzhen) 0 2% 0 2% 0 2%
Total 15 0 5 0 5 0 5

Table 6: Participants information overview

5.2 Overall Results

Results from 3 teams encompassing a total of 15 runs exhibit an unexpected level of parsing performance
across a broad spectrum. For the sake of better display and clearer comparison, we accordingly drew 3
tables (Table 7-9) to present all results of three test sets, in open modality and three metrics. Precision,
Recall and F-score in each table are abbreviated as P, R and I, respectively. Note that Test B was the
blind test at CAMRP 2022 and CAMRP 2023, and Test C is the new blind test. For the teams submitted
more than two runs, we hereby list their best records. Hyphen “-”” marks the team submitted one run only
per track. The highest F-score in ALIGN-SMATCH metric per track is in bold font, which would account
for a substantial part of final rankings.

In Test A, GDUFE’s first run had the highest ALIGN-SMATCH £ score (0.8119), indicating superior
alignment quality compared to other teams. They also performed well in SMATCH (0.7960) and MRP
(0.8382). HITSZ had closely matched F; between their runs, with Run 2 slightly improving, demon-
strating consistency. BLCU had submitted only one run and had relatively balanced scores.

In Test B, GDUFE again led in ALIGN-SMATCH F} (0.7527) and showed strong performance across
all metrics. Their second run was slightly lower but consistent. HITSZ showed improvement from Run
1 to Run 2, with notable increases in SMATCH and MRP scores. And BLCU was getting closer than they
were in the Test A.

In Test C, GDUFE still had the highest scores, with an ALIGN-SMATCH F} of 0.7156 and great results
in SMATCH and MRP. Their performance was consistent across two runs. HITSZ showed decent results
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Team Run ALIGN-SMATCH SMATCH MRP
ca u P R F P R 3 P R £
1 0.7893 0.7889 0.7891 0.7701 0.7654 0.7678 0.8176 0.8153 0.8165
BLCU ’ i i i i i i i i i
GDUEE 1 0.8087 0.8153 0.8119 0.7924 0.7996 0.7960 0.8348 0.8417 0.8382
2 0.8059 0.8154 0.8107 0.7886 0.7997 0.7941 0.8320 0.8417 0.8368
HITSZ 1 0.8075 0.8094 0.8084 0.7913 0.7900 0.7906 0.8343 0.8326 0.8335
2 0.8080 0.8111 0.8096 0.7927 0.7929 0.7928 0.8364 0.8338 0.8351

Table 7: Results of Test A in open modality

Team Run ALIGN-SMATCH SMATCH MRP
u P R 3 P R ) P R 13
1 07404 07427 07416 07381 07429 0.7405 0.7860 0.7801 0.7831
BLCU ] ] ] : ] ] ) ) )
cpupe | 07480 07575 07527 07462 07642 0.7551 07862 0.8032 0.7946
2 07462 07566 07514 07438 0.7626 0.7531 07846 0.8021 0.7932
urrsz | 07459 07399 07429 07457 0.7416 07437 07836 07845 07841
2 07513 07457 07485 0.7521 0.7484 0.7502 07888 0.7900 0.7894

Table 8: Results of Test B in open modality

with slight variations between runs, especially maintaining strong performance in MRP. BLCU then was
a bit left behind and there is room for improvement.

Overall, GDUFE consistently outperformed the other teams across all tests and metrics. Their methods
provided the best alignment and overall parsing quality, as reflected in the highest F} scores. This
indicates their approach to semantic parsing and alignment is highly effective and reliable.

Results vary according to different metrics and test sets. While the training set and the majority of
the development sets are in Mandarin Chinese, Test C, which contains 2,177 comparatively long and
complex Ancient Chinese sentences, poses the greatest difficulty for scoring:

FltestA > FltestB > FltestC

The MRP metric, due to its relatively lenient scoring method, yields better results than the other two
metrics. Counterintuitively, ALIGN-SMATCH does not have the lowest scores:

Flmrp > Flalign—smatch > Flsmatch

This can be attributed to the update of the concept alignment tuples in ALIGN-SMATCH, which gen-
erally score easily, resulting in higher scores compared to SMATCH. And what is worth mentioning is
that GDUFE has scored a 0.8368 in MRP, which literally outperforms the SOTA at CoNLL 2020 by 3.3
percentage points* (Samuel and Straka, 2020).

We are to further discuss more technical details in the subsections below.

5.3 Models and Analysis

The BLCU team introduces a two-stage generative approach for CAMR parsing based on large language
models (LLMs). Their method aims to address the complexity inherent in generating AMR graphs by
decomposing the task into two stages: alignment-aware node generation and relationship-aware tuple
generation. The first stage focuses on generating nodes by grouping them according to their alignment
with words in the sentence, while the second stage involves generating relational tuples by grouping them

*CAMRP 2024 uses the same Test A as CONLL 2020.
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Team Run ALIGN-SMATCH SMATCH MRP
ca u P R F P R 3 P R £
1 0.5687 0.5859 0.5772 0.5425 0.5683 0.5551 0.6419 0.6697 0.6555
BLCU ’ i i i i i i i i i
GDUEE 1 0.7062 0.7252 0.7156 0.6666 0.6869 0.6766 0.7423 0.7624 0.7522
2 0.7051 0.7249 0.7149 0.6665 0.6878 0.6770 0.7403 0.7619 0.7510
HITSZ 1 0.6706 0.6677 0.6691 0.6501 0.6426 0.6463 0.7311 0.7280 0.7296
2 0.6589 0.6728 0.6658 0.6380 0.6519 0.6449 0.7204 0.7351 0.7276

Table 9: Results of Test C in open modality

based on relationship types. To enhance the model’s ability to handle zero-shot scenarios, particularly
for ancient Chinese texts, the team employs a retrieval-enhanced instruction fine-tuning strategy, which
integrates similar example sentences retrieved from the AMR corpus into the instructions.

The alignment-aware node generation process categorizes nodes into several types based on their
alignment with sentence words, aiming to predict the nodes corresponding to the sentence in the AMR
graph. This involves using a dictionary to store information about the words and nodes, represented as
triplets. The relationship-aware tuple generation task then focuses on predicting relational tuples within
the AMR graph, storing the tuples in a nested dictionary-list structure to represent the relationships.
The retrieval-enhanced instruction fine-tuning strategy constructs data from the AMR corpus for node
and tuple generation tasks. By incorporating high-similarity example sentences retrieved through vector
retrieval, this strategy aims to improve the system’s transferability and performance in parsing.

The HITSZ team leverages large language models and involves a two-step approach as well: system-
atic evaluation of current Chinese LLMs on the CAMR task, followed by a graph ensemble algorithm to
integrate high-performing predictions. They have evaluated both commercial models, ChatGPT (Ouyang
et al., 2022) and GPT-4, and open-source models, Baichuan-2°, LLaMA-3°, and LLaMA-3-Chinese’ for
their capabilities in few-shot CAMR parsing. Their findings indicated that while current LLMs possess
some capacity for few-shot CAMR parsing, fine-tuning these models can significantly improve per-
formance, often surpassing previous best systems. Additionally, the graph ensemble algorithm further
enhanced the CAMR parsing performance by combining outputs from multiple high-performing mod-
els. The methodology involved a sequence-to-sequence approach for CAMR parsing, where the CAMR
graph is linearized for training. The process included a thorough pre-processing step to ensure proper
bracket completion, node correction, and handling of special relationships such as co-reference and align-
ment. The HITSZ team’s results demonstrated that their system achieved decent scores on various test
sets, highlighting the efficacy of combining LLMs fine-tuning with graph ensemble techniques.

The GDUFE team introduces a novel framework for CAMR parsing that utilizes a mixture of Low-
Rank Adaption (LoRA) experts (Hu et al., 2021). Their system comprises a base CAMR parser fine-
tuned from a large language model, supported by four sentence type experts and one ancient Chinese
LoRA expert model. This framework is designed to leverage the strengths of specialized models for
different sentence types, including declarative, interrogative, exclamatory, and imperative sentences, as
well as ancient Chinese texts.

In their approach, the base CAMR parser is derived from fine-tuning the ChatGLM3-6B model (Du et
al., 2021). The LoRA experts are trained on mixed data, combining training and silver data to enhance
performance for specific sentence types. The system also includes a sentence classification module and a
gating mechanism to activate the appropriate LoRA expert based on the input sentence type. This allows
the framework to effectively handle the diverse linguistic structures found in different sentence types.

The methodology involves treating CAMR parsing as a sequence-to-sequence text generation task.
The input sentences, annotated with concept node labels, are transformed into a linearized sequence

Shttps://github.com/baichuan-inc/Baichuan2
Shttps://github.com/meta-llama/llama3
"https://github.com/CrazyBoyM/llama3-Chinese-chat
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representing the CAMR graph. The fine-tuning process ensures the model can generate accurate CAMR
sequences from input text. The sentence classification and gating modules further refine the process by
activating the relevant LoRA experts to handle specific linguistic features of the sentences.

Experimental results showed that the integration of LoRA experts significantly boosted the system’s
ability to parse different sentence types, with particularly impressive results in parsing ancient Chinese
texts. The final system, combining outputs through a graph aggregation method, demonstrated superior
performance compared to using the base parser alone or individual experts.

5.4 Fine-grained Metrics

In order to better explore the potential of each parsing systems and further promote the development of
Chinese AMR parsing, we therefore set several fine-grained metrics. On the base of prior work (Damonte
et al., 2017), CAMRP 2024 proposes 7 fine-grained metrics for Chinese AMR parsing, and Table 10 is
provided with detailed explanations. Neg. computes on semantic roles with :polarity, and Con. focuses
on concepts identification only. NSF makes Propbank frame identification without sense, ie, want-01 /
want-00. Reent. focuses on reentrant arcs or edges. The rest four are specially designed for Chinese
AMR parsing. Imp. denotes those concept nodes usually ending with Entity or Quantity, for these
concepts are newly asbtracted and generated, not original from the source sentence, namely implicit. CA
and RA are for the precision of concept alignment tuples and relation alignment tuples.

Fine-grained metric Evaluation object

Neg. Negations :polarity roles

Con. Concepts Concept indentification only

NSF  Non Sense Frames | Propbank frame identification without sense

Reent. Reentrancies Reentrant arcs only

Imp. Implicit Concepts with suffix such as Entity, Quantity
CA Concept Alignment Concept alignment tuples

RA  Relation Alignment Relation alignment tuples

Table 10: Seven fine-grained metrics

W Neg. Con. NSF  Imp. Reent. CA RA
Team

BLCU 0.7225 0.8637 0.8749 0.8212 0.6059 0.9024 0.4874
GDUFE 0.7465 0.8693 0.8768 0.8343 0.6378 0.9048 0.5598
HITSZ 0.7435 0.8694 0.8733 0.8347 0.6458 0.9057 0.5411

Table 11: Subscores of fine-grained metrics in open Test A

W Neg. Con. NSF  Imp. Reent. CA RA
Team

BLCU 0.5955 0.8142 0.8139 0.7172 0.6396 0.8493 0.4855
GDUFE 0.6058 0.8206 0.8191 0.7409 0.6225 0.8426 0.4910
HITSZ 0.6015 0.8151 0.8167 0.7129 0.6597 0.8372 0.4845

Table 12: Subscores of fine-grained metrics in open Test B

Tables 11-13 display the performance of participants in each track, including three test sets. Generally,
subscores in metrics such as NSF and Con. are notably higher than others. The Neg. metric shows
variability in difficulty across different test sets. Nearly all subscores in Reent. failed to reach 0.65,
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W Neg- Con. NSF Imp' Reent' CA RA
Team

BLCU 0.3272 0.6218 0.5390 0.7043 0.2787 0.8475 0.1848
GDUFE 0.4829 0.7747 0.7303 0.8194 0.3015 0.8796 0.3119
HITSZ 0.5313 0.7052 0.7516 0.8274 0.3149 0.8788 0.3449

Table 13: Subscores of fine-grained metrics in open Test C

highlighting the complexity of the CAMR topology structure and the exceptionally challenging nature
of the parsing task. The use of concept alignment annotation in Chinese AMR has clearly had a positive
impact, with metrics related to concepts, such as CA, often exceeding 0.90. However, RA remains the
lowest among all metrics, consistent with results from CAMRP 2023.

Notably, the HITSZ team achieved the highest subscore in Reent., attributed to their focus on the
graph structure in Chinese AMR. Their specialized approach to co-reference resolution enabled more
accurate identification and representation of reentrancies within the AMR graphs.

From the comparison across the three test sets, Test C shows the greatest variability in scores among
the teams, likely due to the ancient Chinese corpus used in this test set. This indicates that the transfer
learning capability of large models still requires further improvement.

Overall, these fine-grained results illustrate the strengths and weaknesses of each team’s approach
across different linguistic challenges, highlighting areas such as Reent. and RA for future improvement,
especially in handling ancient Chinese texts.

6 Conclusion and Future Work

This paper provides an overview of the fourth Chinese Abstract Meaning Representation parsing evalua-
tion at CCL 2024. CAMRP 2024 continued with the ALIGN-SMATCH metric to better assess the parsing
performance of each participating system. And it was the first time that Ancient Chinese AMR parsing
has been introduced into our evaluation series. Three teams submitted their results, each presenting in-
spiring and motivating work. Some teams advanced prior methods with creative approaches, while others
thoroughly explored the capabilities of LLMs. Notably, the GDUFE team achieved a score of 0.8382 in
the MRP metric, surpassing the best record from CoNLL 2020 by 3.30 percentage points.

Decent progress has been made in both Mandarin and Ancient Chinese AMR parsing, marked by
notable achievements and innovative methodologies. However, relation prediction and alignment remain
challenging and act as bottlenecks in the development of Chinese AMR parsing. Despite remarkable
breakthroughs in some aspects, leveraging the power of LLMs and maximizing their potential in transfer
learning towards Ancient Chinese AMR parsing seem to be critical areas for further improvement. Also,
the complexity of semantic relation identification and alignment within AMR structures necessitates
focused attention and the development of innovative techniques.

In our future endeavors, we are dedicated to advancing Chinese AMR parsing through comprehensive
initiatives. This involves hosting evaluation tasks to facilitate the assessment and benchmarking of pars-
ing models. Additionally, we aim to construct and refine models specifically tailored to the complexities
of both Mandarin and Ancient Chinese, thereby propelling the field of semantic analysis forward. By
focusing on relation prediction and alignment, we seek to address current challenges and enhance the
performance and understanding of Chinese AMR parsing. Through ongoing research, collaboration, and
innovation, we aspire to develop robust and accurate parsing models, pushing the boundaries of semantic
analysis further.
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Abstract

This paper addresses the task of identifying and classifying historical event trigger words in
Classical Chinese, utilizing both small-scale and large-scale language models. Specifically, we
selected the small-scale language model GujiBERT for intelligent processing of classical texts,
and the large-scale language model Xunzi-Qwen-14b. Both models underwent continued pre-
training and fine-tuning, resulting in GujiBERT-CHED-mlm and Xunzi-Qwen-14b-CHED. For
the small-scale language model, we used a BiILSTM as the feature extraction module and a
CREF as the decoding module, employing a sequence labeling paradigm to complete the eval-
uation experiments. For the large-scale language model, we optimized the prompt templates
and used a sequence-to-sequence paradigm for evaluation experiments. Our experiments re-
vealed that GujiBERT-BiLSTM-CREF achieved the best performance across all tasks, ranking
fourth in overall performance among all participating teams. The large-scale language model
demonstrated good semantic understanding abilities, reaching a preliminary usable level. Future

research should focus on enhancing its ability to produce standardized outputs.

1 Introduction

Ancient texts contain rich information on historical events, figures, geographical locations, and
more, which are of significant value for historical research, cultural heritage preservation, and exploration
of historical patterns. Events, as the smallest granular units describing historical knowledge, are critical
for the detection and organization of information in ancient texts. This facilitates the enhancement of
knowledge services for ancient literature from a digital humanities perspective. Due to the diverse content
forms and complex language structures of ancient texts, information extraction typically relies on expert
manual annotation and analysis, which is time-consuming and labor-intensive, making it difficult to scale
for large volumes of ancient texts. In recent years, the rapid development of natural language processing
(NLP), particularly the application of deep learning methods, has provided effective solutions for the
automatic detection and identification of events in ancient texts.

The objective of this task is to evaluate and further improve algorithmic models for detecting histor-
ical events in ancient texts. Pre-training and fine-tuning are conducted on a prepared dataset of ancient
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historical texts to develop an optimal performance model. This model should possess two key capabili-
ties: first, accurately identifying the corresponding trigger words and their locations, meaning it should
precisely pinpoint the words that best represent the occurrence of a historical event in ancient texts and
clearly mark their positions within the text; second, correctly determining the event type associated with
each trigger word according to the CCL-CHED official classification system for ancient text events,
ensuring the accuracy and consistency of detection results.

Based on an extensive survey of research on Chinese ancient text event information extraction,
we employed both natural language understanding models and natural language generation models to
complete this evaluation task. Specifically, trigger word recognition and classification were treated as
a sequence labeling task, with a domain-specific BERT model selected for continued pre-training and
fine-tuning to construct the trigger word recognition and classification model. Additionally, to explore
the applicability of large language models to this task, a base model tailored for intelligent processing
of ancient Chinese texts was selected for continued pre-training and fine-tuning. Comparative testing
was conducted to select the optimal prompts, enabling the large language model to generate character
indices and trigger word categories for the given text. Figure 1 illustrates the overall technical approach
employed in this study. Through a series of experiments, we discovered that smaller language models,
exemplified by BERT, outperform in terms of prediction accuracy and the standardization of output.
Although large language models have advantages in terms of ease of use, the standardization of their
output is challenging to control, necessitating further manual processing. Overall, large language models

are less suitable for tasks that require high precision in information extraction.

Supervised
Injection data from Tnjection:
CHED
Unsupervised
Tnjection raw data from Tnjection
CHED
v v . J 4
Fine-funing -+ Cunm?u?d el e Xunzi-Qwen-Tb GujiBERT — Cum]r:med pre > Fine-tuning
training training
v v L
Prompt .
: : : Perform ance GujiBERT -
Kunzi-Qwen-Tb-CHED }—b constmchlcm and Evaluation CHED
comparison
A

Best Model

Figure 1: Technical Framework

2 Related Work

Currently, there are three main methods for event extraction from ancient Chinese texts: pattern-

matching-based event extraction, statistical machine learning-based event extraction, and deep learning-
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based event extraction. The pattern-matching method relies on expert-specified rules to parse sentences,
identify trigger words, and categorize event types. The machine learning-based method converts the text
into feature vectors and uses classifiers (such as support vector machines and maximum entropy models)
for event identification and classification. For instance, Zhangchao Li et al.(2020) studied war events in
the “Zuo Zhuan” (Chronicles of Zuo), exploring a combination of rules and machine learning. They
used pattern matching to identify war sentences and then employed Conditional Random Fields (CRF)
combined with feature models to identify and extract elements of war events. However, traditional statis-
tical model-based methods rely heavily on manual feature engineering, making it difficult to fully extract
deep semantic information from the text. With the significant advancements in natural language process-
ing achieved through deep learning, constructing neural network models (such as CNN, RNN, LSTM,
etc.) has enabled the automatic learning and extraction of textual features, substantially improving the
accuracy and generalization capability of event extraction. Deep learning-based methods include various
technical paradigms such as “sequence labeling” , “reading comprehension” , and “sequence-to-
sequence” . Additionally, highly domain-specific pre-trained models are used to enhance the learning
effectiveness on the text. Representative research based on the sequence labeling paradigm includes a
study by Ma et al.(2021), they explored the multi-class automatic classification of canonical trigger words
and event sentences using a Bi-LSTM model, achieving an accuracy of 95%. In their research focusing
on “Records of the Grand Historian” , Zhongbao Liu et al.(2020) utilized a BERT-LSTM-CRF model
to extract historical events from the corpus, achieving an F1 score of 82.3%. In a study by Xuehan Yu
et al.(2021) focusing on war sentences from the “Zuo Zhuan” corpus, they compared the performance
of five models: GuwenBERT-LSTM, BERT-LSTM, RoBERTa-LSTM, BERT-CRF, and RoBERTa-CRF,
for event extraction. Among these models, ROBERTa-CRF achieved an F1 score of 82.1%. research
based on the reading comprehension paradigm, such as that by Yu Xuehan et al.(2023), they integrated
machine reading comprehension (MRC) into the neural network architecture to achieve event extraction
by setting questions. Among these, ROBERTa-MRC_AC and RoBERTa-MRC_MC performed well in
event type extraction, achieving F1 scores of 88.2% and 89.2%, respectively, significantly improving the
performance. The sequence-to-sequence paradigm involves inputting the sentence to be processed into a
generative model, which directly outputs the final result without the need for further manual processing.
Representative research includes the study by Zhang et al.(2023) who proposed a generative approach
using a knowledge graph-based event generation framework to extract war events from “Records of
the Grand Historian” . The trigger word recognition achieved an effectiveness of 71.3%. Wang Y. et
al.(2023) used “Records of the Three Kingdoms” as their research corpus and compared sequence
labeling models with generative models. They explored the effectiveness of the BERT-BiLSTM-CRF
fine-tuned BBCN-SG sequence model and the Stacking-TRN-SG model constructed by integrating three
models—T5-SG, RoBERTa-SG, and NEZHA-SG—fine-tuned based on the T5 model, using stacking.
The Stacking-TRN-SG model achieved a recall rate of 70.35% in event extraction.

Overall, pattern matching can achieve good results for specific types of texts, but its transferability
is poor. Statistical machine learning methods heavily depend on the richness of training samples and
perform poorly in parsing sentences that did not appear in the training corpus. Currently, deep learning

methods have become mainstream. Among these, models based on the BERT architecture have achieved
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good results under the sequence labeling paradigm. With the rise of transfer learning techniques, meth-
ods based on reading comprehension and generative models have also been applied to event informa-
tion extraction from ancient texts, providing new perspectives for event extraction research. In addition
to changing task paradigms and designing, comparing, and analyzing different architectures of deep
learning models, many scholars also aim to provide the most basic and foundational optimizations for
various natural language processing tasks by constructing domain-specific pre-trained language models
(Dongbo Wang et al., 2022). By the end of 2022, the emergence of ChatGPT once again revolution-
ized the paradigm of natural language processing tasks. Subsequently, large language models continued
to innovate, leading to the creation of models tailored for different vertical domains. This includes the
“Xunzi” series of models designed for intelligent processing of Classical Chinese. However, as of now,
there have been no studies observed that apply large language models to the extraction of trigger words
in ancient texts.

Given the extensive research showing that domain-specific continued pre-training of deep pre-
trained language models can effectively enhance the model’s performance on downstream tasks (Gu-
rurangan et al., 2020). Related studies also indicate that sequence labeling models still maintain certain
advantages in specific task scenarios. Furthermore, according to Wei et al. (2023), it is evident that
within the sequence labeling task paradigm, the BERT-BiLSTM-CRF model achieves the best perfor-
mance. Considering the current lack of relevant practices involving large language models in the ex-
traction of trigger words from ancient texts, this paper proposes constructing incremental pre-training
for BERT specifically for the evaluation task. It combines this with BERT-BiLSTM-CREF to enhance
the effectiveness of event information extraction. Additionally, attempts are made to incrementally pre-
train and fine-tune large language models, exploring their applicability in extracting trigger words from

ancient texts.

3 Domain-adaptive continued pre-training of the model

3.1 Continuing Pre-training Data

This paper uses the contents of the “text” field from the training set provided by CCL-CHED as
the continuing pre-training data for all models. Domain-adaptive pre-training is a form of self-supervised
learning that only requires domain-specific text input to the model without any manual annotation. In this
experiment, using a self-developed Python program, the entire contents of the “text” field from both
the train.jsonl and validate.jsonl files in the CHED trigger word recognition task dataset were extracted as
training and validation corpora. A total of 5650 valid training sentences were obtained, with an average
sentence length of 21.67 characters. The minimum sentence length was 3 characters, and the maximum
sentence length was 200 characters. The cumulative distribution of sentences with different numbers of

characters is shown in Figure 2.
3.2 Selection and Continuing Pre-training of BERT Model

3.2.1 Selection of Base Model

The SikuBERT series models constructed based on the “Complete Collection of Four Reposito-

ries” corpus have laid the groundwork for intelligent processing of Chinese classical texts (Dongbo
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Figure 2: Cumulative distribution plot of the number of sentences with different numbers of characters

in the continuing pre-training corpus

Wang et al., 2022). Subsequently, Professor Dongbo Wang’s team from Nanjing Agricultural University
further utilized approximately 170 million characters of ancient Chinese corpus from the Dazhige web-
site to further pre-train the SikuBERT series models, leading to the development of the GujiBERT and
GujiRoberta series models (D. Wang et al., 2023). According to the experimental data in the literature
(D. Wang et al., 2023), it is evident that GujiBERT demonstrates relatively superior performance. Based
on this, this paper selects GujiBERT as the baseline model for further pre-training.

3.2.2 Continued Pre-training Approach

This paper adopts Masked Language Modeling (MLM) (Devlin et al., 2019) as the task objective
during the pre-training stage. MLM involves masking certain characters in the input sentence and re-
quiring the model to predict these characters to learn bidirectional contextual relationships in language.
During pre-training, BERT randomly masks 15% of the vocabulary in the input sequence. The masked
words are replaced with a special [MASK] token. The objective of pre-training is for the model to pre-
dict the masked words based on context. In this way, the model needs to use information from other
words in the sentence to infer the masked words, thereby learning deep semantic relationships and con-
textual dependencies between words. For example, for the sentence “iE P 5 TiHIE/NE, B M
38.” (Sending the Interior Minister Wang Yi to supervise the six armies to attack Jinzhou city.), after
preprocessing by the model, it may become “i& P 5 FiF /N %, [MASK]E M. ” (Sending the
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Interior Minister Wang Yi to supervise the six armies, [MASK] Jinzhou city.), and the objective of MLM
is to predict the character at the “[MASK]” position.

3.2.3 Training Process

During the training process, the preprocessed training data is inputted into the GujiBERT base
model at the sentence level for continued training. In the forward pass, the predicted values of each
masked word are computed, and the model parameters are adjusted through the calculation of the loss
function and backpropagation, enabling the model to learn deep semantic relationships within the corpus.
After multiple rounds of tuning and comparison, the final experimental hyperparameters are determined,
as shown in Table 1. The model obtained from continued pre-training based on GujiBERT in this paper
is named GujiBERT-CHED-mIm.

Experimental parameters | Value
Batch_size 8
Epochs 10
Max_sequence_length 512
Learning_rate 5e-5
optimizer AdamW
Line_by_line True

Table 1: Key Hyperparameters for Continued Pre-training for BERT model

3.3 Selection and Continued Pre-training of Large Language Models
3.3.1 Selection of Base Model

The Xunzi language model is a series of large language models tailored for intelligent processing
of Classical Chinese texts. It is built upon models such as Qwen, Baichuan, and GLM, and has under-
gone extensive fine-tuning using a large amount of supervised ancient Chinese corpus data. This model
series is capable of comprehensive tasks such as intelligent text indexing, information extraction, poetry
generation, translation between classical and modern Chinese, reading comprehension, morphological
analysis, and punctuation annotation' . In this paper, the Xunzi-Qwen-14b model® from this series is
selected for continued pre-training and fine-tuning, aiming to construct a large language model suitable
for the CCL2024-CHED task.

3.3.2 Continued Pre-training Approach

The Xunzi-Qwen-14b model is further pre-trained using Low-Rank Adaptation (LoRA) (Hu et al.,
2021). LoRA fine-tuning is an efficient fine-tuning technique for large-scale language models. It adapts
and updates specific parts of the model by introducing low-rank matrices, enabling fine-tuning for spe-

cific tasks while maintaining training efficiency and economical memory usage.

"https://github.com/Xunzi-LLM-of-Chinese-classics/XunziALLM

2https://www.modelscope.cn/models/Xunzillmdce/Xunzi-Qwen1.5-14B/summary
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3.3.3 Training Process

To further explore the effectiveness of large language models in this task, the study continues pre-
training the Xunzi-Qwen-14b classical Chinese language model using the LLama-factory framework.
This aims to enhance the efficiency and performance of event recognition in this task. During the training
process, the corpus needs to be preprocessed into a specific format. Training corpus examples are shown
in Table 2.

Xunzi-Qwen-14b Continued Pre-training Data Format

(
{"text":"BH, @3 KETH M. ")
{"text":"JLA, HWMEIBANFEEEZEFERE. ")

Table 2: Xunzi-Qwen-14b Continued Pre-training Data Format

The hyperparameters set during the pre-training process of Xunzi-Qwen-14b are shown in Table
3. The model obtained after continuing pre-training on Xunzi-Qwen-14b is referred to as Xunzi-Qwen-

14b-CHED in this paper. The perplexity of this model on the validation corpus is 21.99.

Experimental Parameters | Value
stage pt
finetuning_type lora
cutoff_len 1024
train_batch_size 1
learning_rate Se-5
num_train_epochs 3

Table 3: Key Hyperparameters for Continued Pre-training for Xunzi-Qwen-14b

4 Fine-tuning Training and Evaluation of the Model

4.1 Fine-tuning of the BERT Model

4.1.1 Preprocessing of Fine-tuning Training Data

This paper utilizes the training and validation sets provided by CCL-CHED in the three task files
for fine-tuning training and performance evaluation. Specifically, according to the event labeling patterns
of different tasks, the corpora in each task dataset are converted to the input format required by the
sequence labeling model. The B, I, E, S, O role tagging strategy is adopted, where B represents the
starting character of a multi-syllable trigger word, E represents the ending character of a multi-syllable

trigger word, I represents the remaining characters of a multi-syllable trigger word that are neither at the
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start nor the end, S represents a single-syllable trigger word, and O represents characters in the sentence
that do not form trigger words. Based on the B, I, E, S, O role tagging strategy, the number of characters

with different role types for each task is shown in Table 4.

Task Name Number of Role Tags
Trigger Word Recognition 5*1+1

Coarse Event Type Identification 5%9+1

Fine-Grained Event Type Identification | 5*67+1

Table 4: Number of Character Role Tags for Different Tasks

4.1.2 Experimental Setup

The BERT-BiLSTM-CRF model is built using the PyTorch framework. The pre-trained weights for
GujiBERT? are obtained from the Hugging Face official website. The computer system used for fine-
tuning training of BERT-BiLSTM-CREF operates on Red Hat 4.8.5-44, with a CPU model of 48 Intel(R)
Xeon(R) Silver 4214R CPU @ 2.40GHz, and a GPU model of Tesla P100. As shown in Figure 2, the
longest sentence in the training corpus contains 200 characters, which is below the maximum sentence
length that BERT can handle (512 characters). Therefore, the maximum sentence length for the model
is set to the maximum sentence length in each batch of data. The key hyperparameters for fine-tuning
training of BERT-BiLSTM-CREF are shown in Table 5.

Experimental Parameters | Value

Max sequence length Pad to length
Batch size 32

Epoch 50

Learning rate le-5

LSTM hidden dim 256

Table 5: Key Hyperparameters for fine-tuning

In this experiment, after each training epoch, the model’s precision (P), recall (R), and F1 score are
computed on the validation set. Only when the F1 score of the new model is the highest, the weights of
the model obtained in the current epoch are retained. Thus, in this experiment, the F1 score is used as
the criterion for selecting the best model, rather than the lowest loss. The model with the lowest F1 score

on the test set is considered the optimal model.

4.2 Fine-tuning of Large Language Models

4.2.1 Instructional Fine-tuning Template

Large language models are subject to various uncontrollable factors, particularly the design of

prompts, which have a significant impact on the output results. Faced with various tasks, this study

3https://huggingface.co/hsc748NLP/GujiGPT fan.
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conducted multiple pre-experiments using different prompts. Finally, the prompts listed in Table 6 were

determined for instructional fine-tuning and prediction.

[{

"instruction": "W T WEtext XX k& 18 AR A DL K fik & TR B4 (oL
EfFRHFAATEFRA I,

"input": "sen_id: 5761, text: TH, @ JAK&KTHHM. ",

Trlgger\'Y0rd "output": "{\"sen_id\": 5761, \"text\": \"TH, &I K
Recognition N
T #H M. \", \"events\": [{\"trigger\": \"#\",
\"start_offset\": 3, \"end offset\": 4}]}"
H]
[{
"instruction": "¥ T Wtext i X P fik K 17 Fr AR A DL R fak % 1]
WL E fE R HAT BB R A A B,
"input": "sen_id: 5761, text: T W, & 3 K T H .
Coarse Event Type "output": "{\"sen_id\": 5761, \"text\": \"T B, &

Identification AT H M. \", \"events\": [{\"trigger\": \"#\",
\"label\": \"XJ\", \"start_offset\": 3,
\"end_offset\": 4}1}"

H]

[{

"instruction": "¥ T Wtext X P b & 1E Fo AR A& DR kK TR B L
EERHFAATEFRA I,

"input": "sen_id: 5761, text: C.H, @ JAKEKTFHHM. ",

Fine-Grained "output": "{\"sen_id\": 5761, \"text\": \"TH, 43K
Event Type T #H M. \", \"events\": [{\"trigger\": \"#&\",
Identification \"label\": \"Z-MAXR-BL-wA\",

\"start_offset\": 3, \"end_offset\": 4}]1}"
H

Table 6: Example Templates for Task-Specific Prompts

4.2.2 Experimental Setup

The experimental graphical display used is the RTX 8000, and the hyperparameters for instructional

fine-tuning are shown in Table 7.
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Experimental parameters | Value
stage stf
finetuning_type lora
cutoff_len 512
Learning_rate 5e-5
train_batch_size 2
learning_rate 5e-5
num_train_epochs 5

Table 7: Key Hyperparameters for Instructional Fine-tuning of Xunzi-Qwen-14b-CHED

S Experimental Results and Analysis

5.1 Experimental Results

The experiment uses P (Precision), R (Recall), and F1 as evaluation metrics, with the final results
being based on the Micro P, Micro R, and Micro F1 of each predicted label (Kelly, 2009) as the ultimate
basis for assessing model performance. For the output results of large language models, this paper
converts the outputs into character-level role sequences based on the B, I, E, S, O role labeling strategy,
and then calculates Micro P, Micro R, and Micro F1(Kelly, 2009), thereby ensuring the comparability of

evaluation results across different models.

5.1.1 Trigger Word Recognition
According to Table 8, the GujiBERT model, which did not utilize unsupervised data from CHED

for continued pre-training, performed the best. The performance of large language models was the worst.
Upon examining the output results of large language models, it was found that in the test samples with
sen_id 8052 and 939, the character interval index of the last trigger word given by the large language
models exceeded the sentence length range of the original sentence. Further inspection of the trigger
word characters extracted by the large language models revealed that they matched the answers in the
validation set. This indicates that large language models possess good semantic understanding capabil-
ities, but their ability to produce standardized output needs improvement. Additionally, BERT based

model achieved the maximum F1 score at training epoch 14.

Model Name Micro P | Micro R | Micro F1
GujiBERT-BiLSTM-CRF 0.799 0.802 0.800
GujiBERT-CHED-mlIm-BiLSTM-CRF | 0.752 0.767 0.759
Xunzi-Qwen-14b-CHED 0.676 0.665 0.671

Table 8: Trigger Word Recognition Results of Various Models

5.1.2 Coarse Event Type Identification
According to Table 9, the GujiBERT model, which did not use unsupervised data from CHED

for continued pre-training, performed the best, while the performance of large language models was
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the worst. By examining the output results of the large language models, it was found that in the test
sample with sen_id 917, the character interval index of the last trigger word given by the large language
models exceeded the sentence length range of the original sentence. Further inspection of the trigger
word characters identified by the large language models revealed that they matched the answers in the

validation set. Additionally, BERT based model achieved the maximum F1 score at training epoch 67.

Model Name Micro P | Micro R | Micro F1
GujiBERT-BiLSTM-CRF 0.837 0.820 0.828
GujiBERT-CHED-mIm-BiLSTM-CRF | 0.832 0.779 0.805
Xunzi-Qwen-14b-CHED 0.653 0.650 0.651

Table 9: Trigger Word Recognition and Classification Results at the Coarse Granularity

5.1.3 Fine-Grained Event Type Identification

According to Table 10, the GujiBERT model, which did not use unsupervised data from CHED for
continued pre-training, showed the best performance, while the performance of large language models
was the worst. Upon examining the output results of the large language models in the fine-grained event

extraction task, no issues with output format irregularities were found. Additionally, BERT based model

achieved the maximum F1 score at training epoch 25.

Model Name Micro P | Micro R | Micro F1
GujiBERT-BiLSTM-CRF 0.782 0.762 0.772
GujiBERT-CHED-mlIm-BiLSTM-CRF | 0.761 0.686 0.722
Xunzi-Qwen-14b-CHED 0.631 0.617 0.624

Table 10: Trigger Word Recognition and Classification Results at the Fine-Grained Granularity

5.2 Results Analysis and Discussion

The experiments found that using GujiBERT as the character encoder followed by a BiLSTM-
CREF, the GujiBERT-BiLSTM-CRF model achieved the best performance in all tasks. We speculate that
this may be due to the relatively small number of event trigger words in classical Chinese texts and
their strong grammatical regularity, which explains why past pattern-matching methods have achieved
good results. Additionally, the tasks of trigger word identification and classification are straightforward,
not involving the recognition and classification of event arguments and their relationships. Therefore,
context-aware sequence labeling models are better able to capture the position and type characteristics
of event trigger words. On the other hand, the advantage of large language models lies in their under-
standing of the overall semantics of sentences, making them well-suited for complex tasks. However, for
tasks with simple objectives but strict formatting requirements, these models do not hold as much of an
advantage.The experiments also indicate that if the amount of continued pre-training data is too small,
the model’s performance may not improve and could even decline. This may be due to the insufficient
amount of data used for fine-tuning, which is not enough to significantly optimize the large language

model. Instead, it might introduce disturbances to the original model, resulting in unstable performance.
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In the experiments, we also found that fewer epochs are needed to train fine-grained event trigger
word recognition and classification models compared to training coarse-grained models. Furthermore,
the accuracy of fine-grained event trigger word recognition and classification models was even higher
than that of the trigger word recognition models. This suggests that for BERT-based sequence labeling
models, the number of training epochs required to achieve the maximum F1 score is not positively cor-
related with the number of role labels. Additionally, more detailed event classification granularity seems
to help the model better learn the semantic differences between different characters, thus improving the

event extraction task performance.

6 Conclusion and future work

This paper constructs various models for event trigger word extraction and classification through
domain-adaptive pre-training and fine-tuning of the small language model GujiBERT and the large lan-
guage model Xunzi-Qwen-14b. Performance comparisons of different models were conducted through
experimental testing. From our experiments, we conclude that small deep pre-trained language models
like BERT, which follow a pre-training-fine-tuning approach, are more suitable for fine-grained informa-
tion extraction and classification tasks.

There is still room for optimization in the sequence labeling paradigm used in this paper: we adopted
a detailed role sequence labeling strategy of B, I, E, S, O in our experiments, but trigger words usually
consist of only 1 to 2 characters. Thus, some role labels may not be used, which increases the com-
putational load of the CRF module and potentially the classification difficulty. Future research could
consider using the simplified B, I, O labeling strategy. Our experiments also show that large language
models based on the pre-training-prompt paradigm have superior semantic understanding capabilities but
cannot yet generate directly usable results when applied to information extraction tasks. The main chal-
lenges in applying large language models lie in the design of prompt templates and further processing of

the output content.
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The task of historical event detection in ancient texts is to identify event trigger words
and types in the text. To solve the problem that traditional pipeline methods are
prone to cascading error propagation and most event detection methods only rely
on sentence-level information, we proposed a joint extraction model, EIGC, which
combines external information and global correspondence matrix to achieve accurate
extraction of trigger words and event types. In addition, we also compiled a dataset
containing ancient Chinese literature, such as the Twenty-four Histories, with a total
of about 970,000 ancient Chinese texts, and used the texts to incrementally pre-train
BERT-Ancient-Chinese. Finally, the overall F1 value of the proposed model reaches
76.2% on the three tasks, which proves the effectiveness of the method.
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3.2.1 wEE
KHFAERBAGTS, S ={s1,5,...,8,}, sp T TSTFELDF - AKFBERTIE
NG, LURIES T R R BT .

{h1,ha,...,hy} = BERT({s1,82,...,5n}) (1)

HAr, {hy, ho, ..., hy}FRRBERTH G — R Hi HIRSRUZIRE, n B ASCRRIKE -

3.2.2 fRIEZE

FEARERSY, ASCRFFEAN AU EZER: 5IA LT UE RS - Bl & EE B . fil
KAk BT DL fith & 1R 5 2R R AR

(1) BIALTXXEBER

WFEEM LT IXRC, C = {er,e0,....q}, aFRLRCHHEINT, AEHEFEF]
FIBERT, LUK LR CURCHEN T3 R M & HER -

{h,Cl, h,CQ, ey h,Cl} = BERT({Cl, Coy. .. ,Cl}) (2)

Hep, {hci,hoco, ... ho}FRRBERT &G — 25 HIBEBUZ RS, 108 &R 3CA7 30K

K

BEEMARES. HTEEMADTFSELETXZE, UEWAGATFHFSFZ
BRI R R, KX T =Z10E B A& (Transformer-Based Information Fusion Mod-
ule, TransFusion) (F2) , BFEH=ADIBSHEM: LLERTE - FREMEE] RS

2% o

ol

Qi Ki, Vi = Wo - h® Wi - B, Wy - hY (3)

Att; = Softmaz (Q; - KZT) Vi (4)

LN(Att;) = Norm (Att;) + Q; (5)
FFN(LN(Att;)) = Wy (ReLU (Wy - LN (Att;) + b1)) + bs (6)

Hef, Wo ~ Wik ~ Wy ~ Wi~ Was by~ b NI S8 FEARE BRI GEER, Ay
BIER T AFRPRIEIQ(Query) ~ K (Key)FV (Value) -

! !

hidden hidden
e — +4---—-—t-- 3
| TransFusion_intra :
|
: Q K v :
| TransFusion_guwen TransFusion_context :
| Q TK Y TQ K Vo
I | ' '
______ N |
hidden hidden

t t
Figure 2: (&2

FERBAENQ « K~ V25, BRALEE LU 3 A pon B RS R -

O} = TransFusionguyen (h,le, h hy ) (7)
O? = TransFusioncongext (hg, h_q ,hfclv) (8)
Of’z = TransFusionpyra (hf;? ) h—Cle h_c}/) (9)

Hr, h,cl heel ~ hoe) 57 B R 7x 1% £ US55 B i hiddentE R Trans Fusionfé
B Q. K-V, hid- h£§ hoey 5y Al % R % B F 30 Bah F X N BhiddenfE
HTransFusionBERFHIQ~ K~ Vo
(2) EEEIEERER

B =R EEIE S ERS R E, zgwiﬁgﬂﬁgtﬁ thE, 20244E7H25H £28H .
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o TSR NG T R N oken A TE ZIAIKIR AR, ARSCBOT T il A token A% R PE AT
FTAERE, Fald AT 3] ZROE R S HERE P2 & HtokenHIAIPE B AR R F R, -

POSi,j = Ii,ijos+bpos (10)
hi5 = Concat (02,02) + Pos; (11)

Hor, A ERLF R E S B, LR R BN AT P S token® 554 1A P A
xR O?%HO;%TransFusion,contexti-Fﬁ“ﬁ H B A F B F S T N R RS R R
IR, ConcatBRRTHE, Wos Flbpos NATYIGRSEL -

(3) fk A 1wk BB XI5

N T BRI, ARG T — N ET 2R SRRl A T Sk B ST ER (E3) o 1R
) VRSB H BT E P RERIM A 1R . BT RREGT: N THEASCERS, S = {s1,82,...,8n},
HPERSEE n x n, EFEBMIERR X (MAFRTftoken, MUAIRLS Rioken) , %
MBS EEEREEZ (R thtoken, fill & 1F45 Rtoken) HAKIMER, SEGHE,
MR . AT RGITEIRER (i &0 Mhtoken, MRAIRLSE Rioken) HE, KILFERENE
MIBRISECOEE T EE, YZ0ERNSECRTZEER, WA %A B X R E (k4 16
é&token; ﬁﬁf)‘éiﬂ?’ﬂitoken> HEFE, BUAIZHANRE (LR Mhtoken, fill 4 1745

token) *HE& -

pos __ pos
B = MLP(H') (12)
Pi},ljit =0 (Wh—thlpZ‘S + bh—t) (13)

Hodr oy fil & 1 S BB SR R R RR R OR Wh o b8 T I 2R S
B, o HNsigmoidiREL, MLPNZZRFIN, -

(&, 4, 6)

!

&R KR X3
B &
0

=

it

Sl =] N

i
0
0
0
0
0
0
0

N E N8 N
olo|leo|o|e|e]|e
clo|leo|o|e|e
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f
Figure 3: fii % 17k B %I 55 EFE

(4) fi % 17 5 SRR I 57

ISR fish 4 1R 5 AR RIS ST AR R A TFAESS ik TR T MRt oken R 25 44 38 51 /Y 2 & %ot
N, DL G 1R 45 RBtoken MR R 2 /X RL o ML, ARIGEE T A 17 T i token 1= {4
%’i%’g)%é%ﬁ@%ﬁ@ (BEIsZE305y) Ffh & 1745 B token MR R B2 X NAERE  (BI5HA
) .

iﬁﬁTransFusion,contefvtﬂ]TrcmsFusion,guwen, WA SRR T WA T5 L NG
BT B R E BRI A G F T B E R RS - HT LR AE B FH L5
SPFFRITTRAANE], BATRA TITELSE (Bl4) X _EidfE B T -

g=0(Ws-0} +Wy-OF+bgate) (14)
ui =[go O] @ [(1—g)oOf] (15)

Hom O &t /e B & /73 ., O HNTransFusion_guwenf tH # [2 & 2 &
N, Wi~ Wy~ bgateﬁﬁf%ﬂ%ﬁ, oFRINTCE AT -
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Figure 4: | J#&H&R

FERIGRE S 5w RGBT R EA B Al 1A 5 S0 5T RERERR IS AR > (B5) AR

h§'; = MLP (uj-?) (16)
i = o (B Wi + bie) (17)
Pl = o (RS Wi + by ) (18)

HA Wie~ Wi~ b~ by NGRS EL, M LP % ZREEIHL -

[ GHE, E5) 4
f
% 17 5 B R BIRIF

FH £ AE R AR ... FH S8 AE R AR ..
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Figure 5: fil 4 1 F1 2544 27 2 /%) B

3.3 HWiEREE
VR T R F S SO0 25 bR AUV E AT 400 25 bR« AR B 8L B R 1totel G5 T 1o R R 3T
4o FERBNIGERESF, A AR F RO E Np=p=1-

ltotal — plet —f-(plht (19)

B, R TIEh et E R T:

let — leth + ﬁlett (20)
n
L = n x nt Z Zyl ]logp” — Yij)log(1 —pf};) 1)
=1 j=1
Jett — izn:zn: - logptt. + (1 —y;)log(1— tt-) (22)
 nxnt Yi,jto9Pi,; Yi.j)og Pi;j
i=1 j=1

H, pltoR Fitoken ) fil 4237 IT Whtoken il 551 B 1 R AR 5 77 AE BK R 1 5% 1R 1
K ﬁ%&ﬁwﬁwmﬁ%ﬁﬂ%%wm%ﬁ% HFRZEBFAERAMFZFRE - I
Uit ﬁ%zﬁww&ﬁﬂmo

B =R EEIE S ERS R E, 91%1385%5%1&94ﬁ K, E, 20244E7H25H%E28H .
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HYGRIM, H 18 Sk B2 42 JRysoh RLFE RN L 951K -

-1
= > > wiglogplh + (1= yij)log(1 = pl5) (23)
i=1 j—1

Hrr, it FRoREi M token il 237 T ifitoken A1 56§ 1> token 9 il 2 374E R token 5 11
o FELRAKF, nARAFIIRKE, n'E LHIEHREEL .

3.4 EW)I%k

o PRI E NS 78 70 PR T DUE RGBT VRSO, RSO TR IE RS2 AR <+
PH s 2 PUESCER, FATE970 F b PUESUAR, X BERT-Ancient-Chinese A T4EEEFII 5 -

FERTHEETONGE, AR TBERTIIZR T & RIS, FEYLIEH & X
AT %) F AT, H A80% ) F AT #CE #e 09 “[MASK]”, 10%H 7 F B # 37 5%
AR — i, FRI0%RFF AN « Hoh, KRIODEE T batch size 164, A & KK E
79128, epoch 9300, LAR{RIIZRIE RE ARG AR R - HEFZRL 6T -

R
Bi+9724670)3TA
E""% S #i o — ” -,
*g;ﬂ | B HEE T MIM | BERT-Ancient-
...... RALIE BERT-Ancient-Chinese Chinese-Enhanced
(BpmLE)

Figure 6: &1 %t 2 B

3.5 AR _E TR ORI RIS b B

(1) B Fx
ARSI “senid” T “doc id” XIERNA T T EHHET, LUEMEEZELSN, MR 30X
KRR L3 Flinsiizigsiie. 7, HjE LT XaRE FEMEEL%E, ffmFEmgin
M, PTIPTERESRS, ST EETEER. "MSBESHRRETREER . 7. F TR
5 #E anE 7R -

{'lsen_id": 7778, '|doc_id": 32047, "text": "REAH Ei R, FHFLEIAH, RITIFDEESRR, MATE
EFESF. )
{sen_id": 7779, '|doc_id": 32047, "text": "FEIFIFH K. "}

{"lsen_id['": 7780, '|doc_id": 32047, "text": ""ENIF MG R T EEIL. "}

Figure 7: ETFCHPRIUG A (“senid” FoRAITFS, “docid” Fm XS )

(2) A

AIAFER T jiayan TE3N A SCOCAR ST ARE, DURBURER f0R MRS . BRmS, X
T—MEERE KRS = {wr, wo, ws. .., wy,}, 1B Ajiayandt 1750208, 7] LUE kA
W, BID = {dy,do,ds, ..., d;}, EFdERFEANF, BDFRENTTEGIIR R — MR
Z(Yu %A, 2023)

Bl mmEiEH L. 7, Zdai)E, BAVEE] T <EZ87 . 9%« 9F . R 7iX
AN ERR ST S, BA& BREERZE S B ah (A&) 7 “d (HhiF) 7« «v (B
W) 7 sy () PFlcwp (BRARFS) 7o FEAAIAE 9 AT W jiayan FADIRTE R -

SRR, BATRA T “B/M/E/SAE” KA RS T2k # RN, EHB (Begin) #
RIENCHE—NEF, M (Middle) F/RIENCHENE, E (End) FERIFICE &G — X
¥, TS (Single) MIFERNEE—MNF - WHEFRERFILIESHTR -

https://github.com/NiuTrans/Classical-Modern
3https://github.com /jiaeyan/Jiayan
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Figure 8: TAVEERES 42

4 S
4.1 FiEg

IR 3 BT T S S A SR A A O AR S5 1R A R SR AR R AL AT RO - B R
A E81225 X OUA, HAIIZR8E56505%, WiEHE12185%, M BE12545% . HFRTA R
BOKE . 67/

4.2 LB RESEMETER

SERRE: AR SCSERHE TN R Fubutunl8.04 R 4E « python3.7« CUDARRAN11.3 AN
S RNRTX3090. HAN, AICFepoch 100, fih A& 18] 5 4 2 51X TR AN fih % 17 Sk BB % 57 A9
BEIEE 0.5, YIFMERE batch sizes> B H8HI6, BN AT KKEH128-

PEAEFERR: & TER A ES AL SR D58 Exact-match-scorefISubset, X NF5
FREPFIIENE N B WIIPAE 5 5 o R TR BMESS BRI 227 (macro-average) F1{#
P (micro-average) MBI, X BN EPRATFEMENE R BRE IR S5 5 -

4.3 SR

(1) FELBERMRE FRsLIhss R
WRIFR, AXRHVEAERESFEINAFHEAE ., = MES L EFUEIXE
T776.2% -

1551 E%51%04  £5%52 1£552%0.3 1553 £553%0.3  EA

0.763 0.305 0.842 0.253 0.779 0.234 0.791
0.703 0.281 0.825 0.248 0.777 0.233  0.762
0.700 0.280 0.824 0.247 0.771 0.231 0.758
0.672 0.269 0.810 0.243 0.769 0.231 0.742
0.690 0.276 0.799 0.240 0.752 0.226 0.741
0.674 0.270 0.808 0.242 0.739 0.222 0.734

Table 1: M5 HES

=) >~ w N %
[S) —
IN|

(2) TERIIESE EATHRISCIGLE

09 T REA ST IR AT R & NMERIR AR, A TSR IESE LT T RS . A

}Ef\fﬂ R B 2R R B | FOATHL B S 2R T A = MESS B, FATTOCRH T HReF R
AR -

W 2T 7R E%F‘%i =N IHE B LIS P, = DRSS BIFLE o Al K B
10.6%~ 1.4%M10.5% - 1X ] §E f& FH T 1 5 7 “ - DY 507 2% i PO TR RO 29 £ X BERT-
Ancient- Chmeseﬁﬁi*ii‘ﬁl}lléﬁ RBAGEM T EE T +EIEE” AR, KTTHY Bl
%9*” e S A B AR AN AL H o RPDOE A IR A RRA T, Rt T EEEME RES EK

-

FERBRAMGE B AERSEEH, = MESHFUES B IR T0.8% 1.2%H10.5% - HETTE
HA =AM ERRCR, AMIRAVES IR LR RE « X AR T A i w2
AIPENEESNA (BEARAITAL) | B R R R R R A SR B 5 1R R A
AR, ﬁ'éﬁ%ﬁ%ﬁ%‘iﬂﬁﬁﬁ@lﬁEPﬁﬂi%iiﬁJiR%lJ HIFEE -

FEERRI TSR E B P UE B RHRI SR M*ﬂ*ﬂ“%#%’é*”#w Eﬂ_fuﬁﬁ EFS
PrITTE RS E, FUE N T0.9%; AXRLENUERR, FUE M T0.2% IXAHRERHE T 1

*https://github.com /NLPInBLCU/CHED2024

T =EP ET R E RS, %%1385%5%1&94F K, E, 20244E7H25H%E28H .
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TRERAEH RO 0358 A A SURFIS| AR R30S B 5 B4R BB Sl R E R, A Tise Tt
TRBLOHHRL B AR BLPIBIAITERE « IR, FEARA AR BIANAR B A KRB A FIES +, S+
PRITTERER S, BNMESHIFLEREAR A EZL, AEXRENUEER, WMESHFUED A
FFET0.6%710.5% - XA fEE T AXP MES+, RA Dl EmgR (4 b 30EEM
FEER) TR T LENEE, WM T 1 RS B AT FE AR .

T R WhE S
P R F1 P R F1 P R F1
EIGC 0.816 0.817 0.817 0.784 0.813 0.798 0.767 0.768 0.768

SEERIZ% 0.803  0.818  0.811  0.778  0.789 0.784 0.756  0.770  0.763
B EYS 0.798 0.819 0.809 0.766 0.808 0.786 0.753 0.773 0.763
[T R 0.814 0.821 0.817 0.776 0.803 0.789 0.766 0.772 0.769
- BT 0.796 0.826 0.811 0.792 0.801 0.796 0.749 0.778 0.763

Table 2: 7ESIESE FHTHRISEIGEE R

5 REg5RE

I E Sipipeline JTIRA Z P AL RIREEIR (B 3%, DA R SRR PHRINS EA UK A 7 R (S
SN 7208 LN SCRERPE R, AR T —Fil & S E B2 RS RAERERERIEIGC, §
TERR & T EUE SO s A g fl & 3R Mo 2R o SCER SRR, BRAIE = MESS EISIIL T B3
APERERR T, BFUEG ) E1A76.2% -

AF, BATRHEN WIS HELIEMEE, FInBCCEE, Dult— PR SRR . it
b, B RREIRTINE SRR R I A5R At AR AR AE A B SCRAERE ST, eI RIS
AR ChatGPT? « Hj 708 RIEFHA, It — PRI SO0 LB R IMESS AOTERE -

225 3k
SR, T, WUEHE, FFIGE. 2023 HLER BRSSP CRERECH . T EHL TR S RIA, 59(16):
93-100.

e g, R, FIH. 2022, FREST SCEFMBT R G0E. IR TSR, 58(18): 43-58.

T 17, B HTE  Marius Gabriel PETRESCU. 2023. #: TURE 2> (I HEU T E5R . BiF243, 34(08):
3905-3923.

Yubo Chen, Liheng Xu, Kang Liu, Daojian Zeng, and Jun Zhao. 2015. Event Extraction via Dynamic
Multi-Pooling Convolutional Neural Networks. In Proceedings of the 53rd Annual Meeting of the
Association for Computational Linguistics and the 7Tth International Joint Conference on Natural
Language Processing, pages 167-176.

Xiaocheng Feng, Lifu Huang, Duyu Tang, Heng Ji, Bing Qin, and Ting Liu. 2016. A Language-
Independent Neural Network for Event Detection. In Proceedings of the 54th Annual Meeting of
the Association for Computational Linguistics, pages 66—71.

Chen Chen and Vincent Ng. 2012. Joint Modeling for Chinese Event Extraction with Rich Linguistic
Features. In Proceedings of COLING 2012, pages 529-544.

BT, Bl 2019. ET 2RSS I SCEF U S R, BUF2AR, 30(4): 1015-1030.

Nguyen, Trung Minh, and Thien Huu Nguyen. 2019. Joint Modeling for Chinese Event Extraction with
Rich Linguistic Features. In Proceedings of the AAAI conference on artificial intelligence, pages
6851-6858.

Dongfang Lou, Zhilin Liao, Shumin Deng, Ningyu Zhang, and Huajun Chen. 2021. MLBiNet: A Cross-
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Shttps://github.com/Xunzi-LLM-of-Chinese-classics/XunziALLM
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I8k, XM, Hink, ZFEeE, FIRVL, 2KA, RIUK
RS AL EREI R
{fuweiwei, wangsq23, fangry, hezj, liyx25, songshy}@chinatelecom.cn
limengx@126.com

W

AICHEIR T BAE “Tele AT FECCL2024 15 X7 58 A4 R R EGFE N £S5 (CHED2024)
HIRTS TR AG - %455 578 BRI H R OUR ) SE4f & 7 5 SRR T
A E A SR TR 1 a3 S KRR S AR AR ) S A R BB B PR BB 4 o T T R R SR
SEARBIE YRR, BAVEE T AR /NER, HRE TR E Bilgm 7T
1. ERARIVEMT, BATERMAZFRAESS15500.763, HLRLE 44 R AV A HESE
4700.842, HHKLE HH BB B FIMES1H50.779, LEETE50.791, FHTE BIUES L
A1 EHER S —

KU SRR R BUIG

System Report for CCL24-Eval Task 5: Ancient Chinese Text
Event Extraction Based on Semi-Supervised Self-Training
Method Combining Large and Small Models

Weiwei Fu, Shiquan Wang, Ruiyu Fang, Mengxiang Li, Zhongjiang He,
Yongxiang Li , Shuangyong Song
Institute of Artificial Intelligence (TeleAI), China Telecom Corp Ltd
{fuweiwei, wangsq23, fangry, hezj, liyx25, songshy}@chinatelecom.cn
limengx@126.com

Abstract

This article describes the system submitted by the team ”TeleAl” for the CCL2024
Ancient Text Historical Event Type Extraction Evaluation Task (CHED2024). The
task aims to automatically identify event trigger words and event types in ancient texts,
with event type classification divided into coarse-grained and fine-grained parts. To
improve the performance of ancient text historical event type extraction, we combined
large and small models and adopted a semi-supervised self-training method. In the
final evaluation, we scored 0.763 in the trigger word recognition task, 0.842 in the
coarse-grained event type classification task, and 0.779 in the fine-grained event type
classification task, with an overall score of 0.791. We ranked first in all individual tasks
and the overall score.

Keywords: Event Extraction , Semi-Supervised , Self-Training
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1 58

HICEAAMEBUR N BIRE T SOR R B FIR BOM R B4 E B RE, X IEM T A PGS
AR~ PR BRI E AR SR SR B I R KPR E B R - AR,
R EUE S B = A FF B TR SRR FERE 550, 12 T HEREI#H— P& R . BRIt
ZA, EREAPGE FIE BMEBUESS A EIGE & SCAEE N E S, HRTEE/DFE 24 -

R T H PR RSCR B BUE S IR, WFRE KR E & S0 B BRI 5
(CHED2024) #EH 30 s AR B BOLENES , RS R A =EAFES, 2508
fim AR, VRSB H SO A i AR N A B DR SRR TR VRSB H ik 2 iR P B RELRL
FEEARRTY, b ERRTYRR, RSB H il A& F TR R4k R R . BB R .
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Figure 1: CHED2024/E55 7+l
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BB R FEZE R NIRRT R EHEE, BHER—MEEEMERIE, &5
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AR HRER LA RITER, SXFIE E BRI St R & A REERE R . B EAT LUE
HNITFZRESHIRIR, WEERER - HEERDS - BRNE - HEEESE, XEAESERE
THEAMEUES MR RREUH S B ER - SEMBUNEZITER L R, 25
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TTERAT I O R 2GR N TR BT, MR A UGS 2=, B ERMP—1EF
IRTE - BT VLA R LS B MBUTE B MRS L T U BEMIE, fenpiRits
FE BB ML R (Chen et al., 2021) - 2R, Z7EN B BB EAHEERE D ERES, 7
TR B 0 O B R G AT HEE AT R A RE

E TR IIMEARSS B BUT R SR 18 MAVRE N E A RARSH 5, ik
RIS TE, B PRI ERE 7 156 a2 SERIR BRI 56 RIMEL(Gui et al., 2020) - FFIFREE
FRETRANNZ 5 KAES, BEET IR EGRFTER LA EF LI ©F
BEW R OMES: BHRFFRAFI SR, DULEMRITTAIRE . ET AT R
BUTERE 8~ Pof, e SCI B RB S BHSEIILEL, LR EHBINIRE - EETF
FIFRERIES S, il & AR RN R SR A — A BRI RC A il & T ) A - B SRR T,
AT LUK RS A SO bR ok, RS THEHRBUES - S TAEMSUREMHRE, &
i FPA BRGS0 TT AT AL o AR S HY R 3% SO A R B R BRI AT T AR
o BINET FIIMEAES BB BT EERE N SUR S AT 400 B IRE, IR B4 B RS
B, HEFHES &R EIE AR P R B BOR SCHE -

BT B G506 4 Al B AR BT AR s 2 1) 7 sUN SR R BB B, ERTE
EEG—EE N — A, HEREREBAAMEBEALTT, P07 R 5 R &
2245 (Lu et al., 2021) - FEETFINEIEMAERIMESF, BALE ST — @RI T A [F )
PR, AT LSRG S B m B m A B o X OTIE R SR R R IS R, TR
TE SRR BARZE o X PR IEREWS IR SUAR P B B BN OUE R, HR B
BHEAERAE R o ORI, TR A AU S5 B S A BT VRN R & RIZREE AT B BT 2K
B

FEARH, B G RIBESEA (Wang et al., 2024)5/MEF A (Liu et al., 2023)%% 5%
FCEAESS, BARRUL, BB AT HGRTE(Ren et al., 2021), %A@ — 1%
BB RDREE X 2 R FFAE (Global Feature)f)2%2>], #Fmigm At ; 78 B E3AE
FXunziALLM, %8 200 i SO R SR I SR e o SO S5 E BB RRIL, AT LA HIT
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Algorithm 1: *IE HI%R2E>] 7%
Input: HIEEAED,, TEVREEGE D, WA M
Output: VIIZREF BRI M/
REWEEDRED, YIIa T M;
D!, < Dy;
while RIAFE IEVEN] do

D, U D!, EIIRETIM

FERAIM R TChRZEEIRE D), A RNREE;

T — BRI TR 5 B I PR B

D!, «+ U m P& R S AR
TED, U D, EIGRE R M,

9 return M’;
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3.1 BRIt

FEH CEEMBUES F, BT CFEMBUESEER P FERE AN ERINR, FATAH
RELRIBE K I AL RE ) $& R b BRAE A ERR 2R, 9k MR IZ R AR L AOPEREIR - BRoR
Wi, FA1FHCHED2024 ISR AN IA (L RBRTY 5/ VIR, HL b/ METRL R 7022853 08 HE A Tide 128 e
S BCR R IR T B GuwenBERTE Jy 5 RERBERY | P AT 15 40 o HUE 55 #3805 A il X
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REPOUETRAZR o RBRTUER D Fef Tk T R R RUA B X unzi- Baichuan-TBIE B T, 4
T BRI SO IR 437 S 40 R R FE L

3.2 HIREAERL

B TIRBCE Z 5 CEAMBUE XA & R IR, FRATE SRS R FFIRK
(ZAmse) JF3C, Hyosd AN 7 =m0 H 17w I iR &S EEE . 5 O0OM A0 86 1L B R/ MERLG
TEARERGEIATI, e R PR E — B A 30 SRS M A o 0 128 th 4w 2% = o & O PR s -

PR — B R0 3 BE i U BCRAR T AN/ ME T T[] — Z R T AR 3 75— B P4
PREREFEE, RN T &MEIZREDE P RA A E R, Ffl5m 7 RRBEAEE RS
RAPRZE LR RN LB o @S — BRI AT LU % = BLE R IR, DR B AR R 5
RUIGRA RSN, ) 22 IR FI0M BOPR 8 — BV EBE IR BT SRR ARE B, TS HE AL Y
ZALREST . B RO I A BOR AR AR T LA PRSI )| SR B8R A 2E i L -

3.3 LK

T T A AR B 15 BT E CHED 202480, A TR I 2R 72 F & S8 8 fh iR 25 4
PEERINZREE, CHED20248IEE N IIESE, SR PRELUE LASIRE IR, T1is]
75 0L FICHED 20245438 « 56 F Db £0Je 75 6 P 1 SE PR R0 1| 2k SR AT LUVE R i 1Y
PERE - JolER OVRERIE TSR, B BY T I M2 v AL RE D AT S0 RO PR e S5
ERAEIEATINGRAT AR T RN S ARG FEAF ROTERE « [RIBTIXA T L RE B R (RN B R
BRI, 7T LLRORRE B A F A PR A A PR EE BT

Bribz 5h, FATATENIREEEE 5 CHED 2024808 Hf ot b R 303 7 SRR 52 a2 5T
BREEATIN AOER 2R, BRI, W TRREREAS, ST SRS R 5 5 B e o5 T AR 8uE AT
PHZ, NEREIAYIZRETE -

4 SEE

T SR SCE AU S EEAIAVERERIL, BA1E CHED 2024508 82 0E 1T T 35 155
%, (ERERERRE, AN SR IE T CHED2024 %0 E 5 Fr 4k FE 4 R T HI R 51T B
CEIR

4.1 FEEPEERIRT

0T FHRE ol a AT FE USSR R AR T, FATTE SofE CHED 20248808 5 1 507 2
W TETIRPIIGRIE SRE, SHRERIR R -

Model | BERT RoBERTa-base SIKU-BERT-base SIKU-RoBERTa-base BTfhBER Guwen-NER-RoBERTa-base
CHED2024_dev | 0.7032 0.7287 0.7735 0.798 0.793 0.828

Table 1: CHED2024%4 185 b FFRET)I 278 SR A R0 S0 g0 45 R

FKIB/R T ECHED202450E 5 FAEGRTESM T, ARIFFRPUIGE S A EgER I,
H A WF1E 53 HZ A IR ) 2R 78 5 B2 1 % = Micro-f115 4« SR 48 45 S 7T LLE H Guwen-
NER-RoBERTa-base/ECHED2024%4# 48 FRIMA £, RISLAE AN ih B A e Bx i B E R
JE GRS ) RS

4.2 GRTE VS GPLINKER

FATAECHED202430 4 £ %f GRTE /7 ¥ 5 GPLINKER /5 % _F i 47t A2 X4
B RAEVNGRE L Ti)I8k, FERIESE E RS EE R an R 2R:

FATF B MBUESS IO R RIMEUNESTE R, F2E/R T GRTE 5 GPLINKER /T
EFECHED2024%0 98 88 F AU 5 i SC i 25 1, LR 45 SR R & TGRTE A 1 AR M 52 4
TGPLINKERJ7#%, #EMicro-f1_E3R1E T4.6 %X, AT GELMIE58 H 1 H GRTEME
FHEUT % -
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Method \ GRTE GPLINKER
Fold-0-Micro-f1 | 0.765 0.768
Fold-1-Micro-f1 | 0.789 0.774
Fold-2-Micro-f1 | 0.824 0.704
Fold-3-Micro-f1 | 0.847 0.827
Fold-4-Micro-f1 | 0.802 0.798
Average 0.828 0.791

Table 2: CHED2024%(#E % ' GRTES GPLINKERF L3845

4.3 CHED20243E% 4558

TR HAKERTIREEE, FAOETREE G INER A 2RI T &R E R EREE,
HiE A bR ORI IR SRS ARAMERR R N TIEB IR RIRE S £ N SO IR
Bk, B TR TR ERGE S CHED2024803 8 74T 175558, SERRLE R AnE3FTR -

Metric ‘ Micro-f1 =~ Macro-f1
CHED2024_dev 0.828 0.723
CHED2024_dev+Context 0.831 0.752
CHED2024_dev-+Pseudo 0.904 0.768

Table 3: CHED2024% UE 5 AR T G i SE56 45 5

F3E 7~ T CHED2024%5 iF £ I Guwen-NER-RoBERTa-base+GRTE /7 1 F) 55 46 45 5 |
H HCHED2024_dev 7~ R # FICHED20241)| %5 £ 5 35 UF 8 , CHED2024_dev+Context# 71
FECHED2024%0 ¥8 48 b R F #& SREE A B R SO AT 83 #8598 . CHED2024_dev+Pseudo#
EFH CHED2024 5 18 13 - W& B Ik 7 15K B & & PR EUE - 2T B N SO R £
BREEARSEATHE SR, BAORUL, X TREMER, FATNNGEPRKHSH] 55 T REdR# 1T
B, RIEREIMANGREDE - SCEe L5 BRI £ R SCHE 58 5 1% B AN R 7T LLAEMicro-
1 FIR150.3% MR TE . ZEMacro-f1 F3R154.0% AR R TF o F AT FH - B BllgR i
K B TCHREEUE R BUS B E IR S AR 18 A A e 2 PR RE - ZEXT T O bR B 2038 1Y
FIA E . BATER PR EEIEE N IISRE, CHED2024/E WIS IEEE , AL (h bR 5
FRFFREIRER, VI 2|CHED202450 848 - SIS 45 R R HZ T AR UE SR _E Micro-f13K 15
T92%BIFENT T, EMacro-f1_F3R1E T 5. 2% HIAERT RS- -

Task Rank Exact Subset  Score

Trigger Word Recognition 1 0.636 0.889 0.763

Task Rank Macro-fl Micro-fl Score

Coarse-grained Event Type Classification 1 0.839 0.845 0.842
Fine-grained Event Type Classification 1 0.743 0.814 0.779

Table 4: CHED2024iMiz 55 7 f S0 2% 5

FAETR T BATIARLLE e &M 5 FASEIR 45 53R Ho A fil % imiR BIME S5 159 70.763, HE
G —, MR EEERRIH GMESES H0.842, HELE—, MR EE R HBESE S
10.779, HEEZE—, LFAEES0.791, HEAE—, BRTEIREN AR

Total _Score = Task_1 x 0.4 4+ Task_2 x 0.3 + Task_3 x 0.3 (1)

5 LE5RE

FEAIRCCL2024 1 SCEEAFBOEM o, A TR AR/IMERLLE & 5 4 8 BIZRE T =0T
PR TP E B AR = B A IR 280, SRR IKEECHED 2024 D bR 2 2UE 52 A 2 A2 1y
SCEAE EROR I, Bl Tele Al ARLER S A R GEAE = TESS PR BUIR H— RIS, 47E
B3 70.791, HEBE— o IR, AR T EEZ BRI R E R IR T ZRER, R
HeAT LUl IE Z U A SR R Inn E IR R, P REEAERE -
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Abstract

Event detection involves identifying and extracting event information from natural language
texts. The complex syntax and semantics of Classical Chinese, coupled with its limited us-
age, pose significant challenges for information extraction tasks on classical Chinese texts. At
the 23rd China National Conference on Computational Linguistics (CCL 2024), we launched an
evaluation task focused on the extraction of historical events from Classical Chinese. We used
our constructed Classical Chinese Historical Event Logical Schema to identify event triggers and
classify event types. The evaluation utilized the Classical Chinese Historical Event Detection
Dataset (CHED), annotated from The Twenty-Four Histories corpus, with the aim of enhancing
event extraction technologies and advancing the digital study of classical Chinese historical texts.
The evaluation included two subtasks and attracted 28 teams, with 15 teams submitting valid re-
sults. In the subtask of trigger identification, the best-performing system achieved an Exact match
score of 63.6%. In the subtasks of coarse-grained and fine-grained event type classification, the
top systems achieved F1-scores of 84.5% and 81.4%, respectively.

1 Introduction

Event detection is the process of identifying and extracting relevant event information from natural lan-
guage texts. Given the complex syntax and semantics of classical Chinese, coupled with its limited usage
scope, the task of information extraction for classical Chinese texts remains a significant challenge.

Constructing high-quality datasets tailored to specific domains is essential for event detection tasks.
While several high-quality Event Detection (ED) datasets exist for English and modern Chinese, includ-
ing ACE 2005 (Walker et al., 2006), LEVEN (Yao et al., 2022), MAVEN (Wang et al., 2020), PoE (Li et
al., 2022), and DuEE (Li et al., 2020), classical Chinese lacks such datasets due to its semantic complex-
ity and unique historical context. Large-scale datasets in English and modern Chinese are not directly
applicable to classical Chinese ED.

Research in deep learning for event detection has explored historical event detection in classical Chi-
nese texts, such as the study of war events in Shiji and ZuoZhuan (Dang, 2021) (Jiuming Ji, 2015)
(Zhongbao et al., 2020). However, there still remain challenges such as sparse training data, complex
text structures, semantic ambiguity. These issues highlight the need for constructing specific datasets
and refining text features. To address these critical challenges and enhance the accuracy and efficiency
of classical Chinese event detection , we have developed the classical Chinese Historical Event Dataset
(CHED) (Congcong et al., 2023). This dataset is intended to serve as a benchmark for advancing the
development of event detection algorithms in classical Chinese historical texts.

The Language and Culture Computing Laboratory (LCC-Lab) of Beijing Language and Culture Uni-
versity conducted the historical event type extraction evaluation as part of the CCL 2024 conference.
The task aimed to assess the performance of algorithms in detecting event types in classical texts and
to promote research and development in classical Chinese event extraction technology. The competition
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attracted 28 teams, with 15 submitting valid results. The best-performing systems achieved a match
score of 76.3% in Trigger Identification and F1-score of 84.5% and 81.4% in fine and coarse Event Type
Classification tasks, respectively.

The evaluation included two subtasks: Trigger Identification and Event Type Classification, corre-
sponding to the two steps of event type detection. We summarize the two main features as follows:

(1) Event Type Schema and Dataset '. The evaluation used the classical Chinese Historical Event
Logical Schema with 9 major categories and 67 subcategories. The CHED dataset, based on The Twenty-
Four Histories corpus, includes 8,122 valid event instances, providing a robust data benchmark for event
detection in classical Chinese texts.

(2) Task Setup. Trigger Identification focused on marking event triggers, while Event Type Classifica-
tion assigned event types at coarse and fine granularities. This setup ensures a comprehensive assessment
of the system’s capabilities in accurately identifying event triggers and tests the precision of event type
detection algorithms at different granularities, making the evaluation criteria more rational.

2 Task Description

In this section, we will provide a detailed description of the two subtasks.

Subtask 1: Trigger Identification. This subtask involves identifying event triggers within the text and
marking their locations. Our dataset is constructed based on the principle of minimal triggers, primarily
using single-syllable words that best represent the occurrence of events within the text. The goal is to
ensure that the identified triggers are concise yet accurately indicative of the events described. As shown
in Figure 1, in the sentence “JLH ZH, KEZMERE . » (In September of Yi Chou, General Li Xiu was
dismissed.), the word “Z£” (ba) means dismiss. Therefore, the trigger in this sentence is “%” (ba).

Subtask 2: Event Type Classification. In this subtask, each identified trigger word is classified into
an event type based on a predefined event type schema. The classification is conducted at both coarse-
grained and fine-grained levels, allowing for a detailed understanding of the event’s nature. Coarse-
grained event types include 9 major categories, and fine-grained event types include 67 subcategories. As
shown in Figure 1, in the sentence “FFE &, WM T - » (Advancing to Jiande, capturing the
enemy leader Zhao Sanggan ), the word “7#£ % (advance) could represent the event of dispatching troops
to Jiande, and the word “4&” (capture) could represent the event of capturing the enemy leader Zhao
Sanggan. Therefore, the trigger “3% %" (advance) corresponds to the coarse-grained event type “Z% %5
(Military) and the fine-grained event type “Z Z-&{%- 1 F&” (Military - Prepare_for_war - Send_troops).
The trigger “¥&” (capture) corresponds to the coarse-grained event type “Z 25 (Military) and the fine-
grained event type “ZFEH-1EH-F55” (Military - Combat - Capture).

( \
A . Coarse-Grained Fine-Grained
|
: . | Trigger Event Type Event Type
- hWBZH, KXE=FE | N N
£ BR{\ BR{Z-E{u-5ER
‘ B2 /‘
.
C:> e =5 FH-BHAHE
[ — T T \
=5 =1 .
‘ : B F=5 FEARKREE
| gz S
| MEEE, BWINRET.
‘\ = LA AT /‘ Trigger gﬂe’:‘eﬁ;ined E":‘:"?;;::':d

Figure 1: Diagram of classical Chinese Historical Event Detection

"Event Type Schema and Dataset is released on https: //github.com/NLPInBLCU/CHED2024
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3 Data Description

3.1 Event Logical Schema Construction

The construction of an event type schema in a given context should meet the criteria of comprehensive
coverage, precise granularity, and high accuracy. As shown in Figure 2 , the initial construction was
based on word frequency statistics and semantic clustering of the translated corpus, and it was finalized
through trial annotation and expert evaluation.

..................................................................................
Classicald HanLP i : ; :
Modern I -- > | Word frequency statistics | | Trial annotation :
.  Word segmentation | H : : :
Chinese . : : : : :
corpus i |Preliminary| ! : Final
i3 Event [ i—| Event
v 3 Schema v : Schema
_»“ —) [Word semantic clustering} [ Expert evaluation }

Figure 2: The diagram illustrates the complete process for constructing the event schema.

Word Frequency Statistics. High-frequency words in a text often reflect its main content and central
themes, closely related to event types. We selected translated works of The Twventy-Four Histories from
NiuTrans and used HanLP for word segmentation and part-of-speech tagging, followed by word fre-
quency analysis. High-frequency words such as “#f 7 (attack) were identified as potential event types
for historical events in classical Chinese.

Semantic Clustering. Further analysis was conducted to classify words with similar semantics auto-
matically. We used Fasttext to generate vector representations for each word and applied the k-means
clustering algorithm to group words with high semantic similarity.

Trial Annotation. To evaluate event coverage in texts, we randomly selected 15 documents from
the Benji and Liezhuan sections of each book in The Twenty-Four Histories. Based on trial annotation
results, we modified and merged some event types.

Expert Evaluation. To ensure accuracy and avoid subjective bias, experts and students with back-
grounds in linguistics and computer science evaluated our event types. This process led to the final event
schema for CHED, including 9 major categories and 67 subcategories. Figure 3 illustrates the complete
structure of the military category, which is one of the 9 major categories. The 9 major categories of events
include Life, Position, Communication, Movement, Ritual, Military, Law, Economy and Nature.

Send_troops
> Prepare_for_war
Garrisoning

Conquest
> Attack
Invasion
Defense
Rebellion
Killing Combat Military
Rescue
Retreat
Capture
Failure

Vanquish Ceasefire

Surrender

Figure 3: The diagram shows the complete hierarchical structure of the Military category, including 13
fine-grained event types.
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3.2 Dataset

Through two rounds of annotation, we refined the event type schema, resolved annotation discrepan-
cies, and improved annotation consistency and accuracy. Both annotators were graduate students with
backgrounds in linguistics and had received coursework or training in classical Chinese.

We randomly selected 2 to 3 complete volumes from the Benji and Liezhuan sections of each book in
The Twenty-Four Histories. In total, we selected 61 volumes, covering 61 historical figures and 13,159
sentences for annotation. This effort resulted in the creation of the CHED dataset, which contains 8,122
valid event instances. The distribution of data across different historical books as well as train set, dev
set and test set is shown in the table 1.

Number History Book Train Set | Dev Set | Test Set | Total
1 Records of the Grand Historian 521 96 98 715
2 Records of the Three Kingdoms 343 86 66 495
3 Book of Zhou 483 118 113 714
4 Book of Liang 38 7 14 59
5 Book of Wei 174 32 24 230
6 Book of Later Han 281 58 61 400
7 Book of Song 75 10 24 109
8 Book of Southern Qi 81 21 30 132
9 Book of Han 417 100 81 598
10 Book of Jin 236 44 44 324
11 Book of Chen 101 21 27 149
12 Book of Northern Qi 141 27 21 189
13 Ming History 249 42 47 338
14 History of the Southern Dynasties 238 52 68 358
15 Book of Sui 205 43 37 285
16 New History of the Five Dynasties 528 117 123 768
17 History of Song 302 49 67 418
18 Book of Northern History 227 60 49 336
19 New Book of Tang 70 25 33 128
20 Old Book of Tang 175 51 49 275
21 History of Liao 98 18 14 130
22 History of Yuan 271 68 78 417
23 History of Jin 175 32 36 243
24 Old History of the Five Dynasties 221 41 50 312
- Total 5650 1218 1254 8122

Table 1: Chinese Historical Texts Dataset: Distribution Across Train Set, Dev Set, and Test Set.

4 Evaluation Metrics

This section introduces the evaluation metrics for the two subtasks and the comprehensive assessment.

4.1 Subtask 1: Trigger Identification

Participants will be evaluated on the test set. They must submit a result file containing the position

information of triggers within each sentence. This subtask accounts for 40% of the overall score.

The Subset Match Score is calculated as follows:

Subset Match Score =

SN | SubsetMatch(S;, T;)

N

ey
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where N is the total number of entries, .S; is the set of standard triggers for entry i, 7; is the set
of submitted triggers for entry i, and SubsetMatch(.S;, 7;) = 1 if all elements of S; are present in T3,
otherwise SubsetMatch(S;, T;) = 0.

The Exact Match Score is calculated as follows:

SN | ExactMatch(S;, T;)
N

Exact Match Score = 2)
where N is the total number of entries, S; is the set of standard triggers for entry ¢, 7; is the
set of submitted triggers for entry i, and ExactMatch(S;,7;) = 1 if S; is equal to 7;, otherwise
ExactMatch(.S;, T;) = 0.
The total score is calculated as:
Subset Match Score 4 Exact Match Score

Total Score = 5 3)

4.2 Subtask 2: Event Type Classification

Participants must submit a result file containing each trigger and its predicted event type. Subtask 2 is
evaluated at both a coarse-grained level (9 major categories) and a fine-grained level (67 subcategories).
The evaluation will use both macro-average and micro-average metrics, and this subtask accounts for
60% of the overall score. For coarse-grained evaluation , the metrics are calculated based on 9 major
categories. For fine-grained evaluation, the metrics are calculated based on 67 subcategories, using the
same formulas as coarse-grained metrics.

Macro-Average Metrics:

L
1 TP
Macro Precision = I ZEI WZFPI 4)
1< TP
!
M Recall = — T 5
acro Reca 7 ?_1: TP + FN, ©)
1 <& 2% TP,
!
M Fl = — 6
e L;QXTB+FB+FN1 ©)

Micro-Average Metrics:

L
TP
Micro Precision = T Zl:l ! @)
Y (TP + FR)
L
TP,
Micro Recall = 2= Th (8)

S (TP + FNy)

. 2 x Micro Precision X Micro Recall
Micro F1 = - — : )
Micro Precision + Micro Recall

Total Score Calculation for Subtask 2:

M F1 + Micro F1
Total Score for Subtask 2 = acro _2‘_ 110 (10)

4.3 Comprehensive Assessment
Overall Score = 0.4 x Task 1 4 0.3 x Coarse-grained of Task 2 + 0.3 x Fine-grained of Task 2 (11)
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5 Evaluation Results

5.1 Participants and Team Scores

The evaluation attracted a diverse range of participants. A total of 28 teams registered for this evaluation,
including 17 teams from academic institutions, 2 teams from commercial organizations, and 9 indepen-
dent teams or individuals. In the end, 15 teams submitted their results. We released the training and
validation datasets for each task on March 5th, and published the answerless test set for the evaluation
task on April 5th. All participating teams submitted their result sets before April 25th. The final scores
and rankings were announced on May 10th, and some teams’ scores were subject to appeal. The scores
of the participating teams are shown in the table 2.

Task 1 Task 2 - coarse Task 2 - grain
Rank | - Team |- et | Subset | Ma-F1 | Mi-FI1 | Ma-F1 i/[i-Fl Total Score
1| TeleAl | 63.60 | 88.90 | 83.90 | 84.50 | 7430 | 81.40 | 79.12
2 | JXNU | 63.10 | 77.50 | 8220 | 82.80 | 7550 | 79.90 | 76.18
3 SXU | 62.00 | 7800 | 82.10 | 82.60 | 7480 | 7930 | 75.82
4 NJU | 6040 | 7750 | 80.90 | 81.00 | 75.10 | 78.60 | 7422
5 | SCAU | 5690 | 7940 | 80.90 | 80.70 | 7230 | 78.10 | 74.11
6 CAS | 5850 | 77.00 | 7870 | 81.10 | 70.10 | 77.60 | 7336
7 | CPIC | 62.80 | 72.00 | 77.20 | 8030 | 70.60 | 7450 | 7253
8 | BUPT | 60.80 | 73.60 | 78.10 | 78.60 | 67.70 | 7730 | 7248
9 | XZK | 5550 | 77.00 | 7750 | 77.10 | 68.00 | 72.70 |  70.02
10 | BLCU-1 | 57.90 | 70.70 | 75.60 | 78.00 | 60.10 | 7350 |  63.58
11 | SEU | 5480 | 70.00 | 70.10 | 7820 | 58.10 | 74.10 |  63.04
12 | XINU | 5020 | 6030 | 69.90 | 73.90 | 5490 | 71.20 |  62.59
13 | 7ZU | 4540 | 5220 | 66.90 | 65.60 | 38.90 | 4880 | 49.10
14 | BIT | 2600 | 47.60 | 37.80 | 7340 | 1890 | 5770 | 42.49
15 | BLCU-2 | 000 | 0.00 | 46.10 | 51.30 | 18.80 | 4590 | 28.17

Table 2: Final Rankings and Scores of Participating Teams in the Evaluation (Unit: %). Scores for
Subtask 1: Trigger Identification, Subtask 2: Coarse-Grained Event Type Classification, and Subtask 2:
Fine-Grained Event Type Classification. Please refer to Section 4 for detailed score calculation. Total
Score is calculated with a weighting of 4:3:3.

5.2 Methodology and Analysis

We ultimately received system reports from six participating teams. This subsection will summarize and
analyze the methods used by the top five ranked teams based on final scores in the evaluation.

TeleAI used a semi-supervised self-training method that combined large and small models. The large
language model (Wang et al., 2024) improved accuracy on scarce labeled data, while the small language
model (Liu et al., 2023) (Ren et al., 2021) provided flexibility and precision for specific tasks. They
generated high-quality pseudo-labels from unlabeled data, initially training the model on labeled data and
then creating and filtering pseudo-labels through consistency checks. This method effectively increased
training data quantity and diversity, enhancing the model’s performance in recognizing event triggers and
classifying event types in classical Chinese texts.

JXNU used the EIGC model to jointly extract information by combining external knowledge and a
global correspondence matrix. They incrementally pre-trained the BERT-Ancient-Chinese model (Wang
and Ren, 2023) on approximately 970,000 classical Chinese texts to enhance its understanding of clas-
sical literature. During event extraction, the model incorporated both textual information and external
semantic knowledge to improve the accuracy of event trigger and type identification. The EIGC model
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used a global correspondence matrix for joint extraction of triggers and event types, employing BERT
encoding to incorporate contextual information and integrating part-of-speech data(Yu et al., 2023). This
approach effectively increased the accuracy of event extraction in classical Chinese texts and demon-
strated broad applicability in handling complex texts .

SXU combined the pre-trained ANCIENT-BERT model (Lample et al., 2016) , optimized specifi-
cally for classical Chinese, with Conditional Random Fields (CRF) to enhance the automatic recognition
of event triggers and their types in classical texts. ANCIENT-BERT effectively captures the semantic
information of traditional and rare characters, while the CRF layer helps find the optimal annotation
path globally. They conducted experiments comparing the performance of using ANCIENT-BERT alone
versus the combination with CRF. Additionally, they explored the introduction of pointer networks and
various loss functions, such as Focal Loss, for further optimization.

NJU used both small-scale and large-scale language models to automatically identify and classify his-
torical event triggers in classical Chinese texts. They selected the small-scale model GujiBERT (Wang et
al., 2023), optimized for classical Chinese, and the large-scale model Xunzi-Qwen-14b (Hu et al., 2021).
The models employed sequence labeling and sequence-to-sequence evaluation paradigms, respectively,
and were pre-trained and fine-tuned for the task. Experimental results showed that GujiBERT, com-
bined with BiLSTM and CREF, outperformed the large-scale model in terms of accuracy and standardized
output, especially in high-precision information extraction tasks.

SCAU employed a method based on multi-granularity contrastive learning and Gaussian distribution
embeddings. By combining coarse-grained entity-level contrastive learning with fine-grained token-level
contrastive learning, they enhanced both the accuracy and efficiency of event detection. They employed
the BERT-base-chinese model and applied a CRF schema to refine the learning process. A Gaussian
transformation network was employed to create Gaussian embeddings for tokens, assuming that the
token semantic representations are distributed according to a Gaussian distribution. Non-linear activation
functions were used to produce embeddings for the mean and variance of the Gaussian distribution, and
contrastive loss was applied to optimize the relationships between positive and negative samples, further
enhancing the model’s performance.

Rank | Team Name Model Used
1 TeleAl Guwen-NER-RoBERTa-base
2 JXNU EIGC
3 SXU ANCIENT-BERT
4 NJU GujiBERT, Xunzi-Qwen-14b
5 SCAU BERT-base-chinese

Table 3: Models Used by Top 5 Teams

The participating teams in the CCL24-Eval Task 5 employed various methods to improve trigger
identification and event type classification. The table 3 shows the models used by each team. Com-
mon approaches included the use of BERT-based models, such as ANCIENT-BERT and BERT-Ancient-
Chinese, tailored for understanding classical Chinese texts, and CRF for sequence labeling tasks to iden-
tify event triggers and classify event types.

Their optimization was achieved through techniques like semi-supervised learning, incremental pre-
training, and the integration of external knowledge. For instance, TeleAl employed pseudo-label gener-
ation, JXNU utilized a global correspondence matrix, and SXU combined ANCIENT-BERT with CRF
to enhance data diversity, contextual understanding, and optimal annotation paths. Furthermore, NJU
demonstrated the effectiveness of using both small and large language models and SCAU applied multi-
granularity contrastive learning with Gaussian embeddings. These approaches leverage diverse model
architectures and sophisticated learning techniques, aiming to improve both accuracy and efficiency.
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6 Conclusion and Future Work

This paper presents an overview of the evaluation of historical event type extraction from classical Chi-
nese texts. Utilizing the classical Chinese Historical Event Detection dataset (CHED) and the constructed
event schema, this evaluation offers a solid data foundation. The evaluation is divided into two subtasks:
trigger word identification and event type classification, with the latter further divided into coarse and fine
granularity levels. This detailed approach provides a comprehensive reflection of model performance.

A total of 28 teams registered for the competition, with 15 teams submitting valid results and 6 teams
submitting system reports. Many participating teams used pre-trained language models (such as BERT)
and optimized them through semi-supervised learning, incremental pre-training, and integration of ex-
ternal knowledge to adapt to the event extraction tasks in the field of classical Chinese literature.In the
trigger word identification task, the best performing system achieved an Exact match score of 63.6% ,
while in the fine-grained and coarse-grained event type classification tasks, the best performances reached
F1-scores of 84.5% and 81.4%, respectively. Overall, the challenges in event extraction from classical
Chinese texts remain rooted in the syntactic and semantic complexity of the language. Enhancing mod-
els’ ability to understand the deep semantics and subtle contextual nuances of classical Chinese is crucial.

In the future, we will continue to expand the resources for event analysis to provide classical Chinese
data support, and continue to conduct evaluation tasks related to classical Chinese event research . We
hope that the iterations of future evaluation tasks can continue to promote technological progress in the
field of classical Chinese event detection, thereby facilitating the inheritance of classical cultural classics
and the advancement of digital humanities.
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Abstract

In this paper, we present our system at CCL24-Eval Task 6: Chinese Essay Rhetoric Recogni-
tion and Understanding (CERRU). The CERRU task aims to identify and understand the use of
rhetoric in student writing. The evaluation set three tracks to examine the recognition of rhetori-
cal form, rhetorical content, and the extract of rhetorical components. Considering the potential
correlation among the track tasks, we employ the unified multi-task learning architecture to fully
incorporate the inherent interactions among the related tasks to improve the overall performance
and to complete the above 3 track tasks with a single model. Specifically, the framework mainly
consists of four sub-tasks: rhetorical device recognition, rhetorical form recognition, rhetorical
content recognition, and rhetorical component extraction. The first three tasks are regarded as
multi-label classification tasks, and the last task is regarded as an entity recognition task. The
four tasks leverage potential information transfer to achieve fusion learning. Finally, the above
four sub-tasks are integrated into a unified model through parameter sharing. In the final evalu-
ation results, our system ranked fourth with a total score of 60.14, verifying the effectiveness of
our approach.

Keywords: Multi-task learning , Rhetoric Recognition , Text Classification , Entity
Recognition

1 Introduction

In the learning process of primary and secondary school students, rhetorical devices are not only a core
component of reading comprehension and writing skills but also an indispensable element in shaping
excellent literary works. Identifying and understanding the use of rhetoric in students’ compositions can
significantly enhance their expressive skills and guide them in producing higher-quality narratives and
descriptions.

The CERRU task systematically defines the fine-grained rhetorical types found in primary and sec-
ondary school compositions, as detailed in Table 1. Evaluation in this task requires participating teams
to not only identify rhetorical devices within sentences but also to conduct fine-grained classification
of rhetorical form and content, and to provide the object and content of each rhetorical description. To
achieve this, three tracks were established: rhetorical form recognition, rhetorical content recognition,
and rhetorical component extraction. The task provided 634 training set examples, 225 validation set
examples, and 5,000 test set examples.

Given the small number of training samples and the potential correlation between the track tasks,
we have adopted a unified multi-task learning architecture to fully incorporate the inherent interactions
among these related tasks, aiming to enhance learning efficiency and prediction accuracy (Zhang and
Yang, 2021). By combining all tasks into a single model, we reduce computation and enable simultane-
ous completion of the three track tasks (Chen et al., 2021). Specifically, our framework consists of four
*Corresponding author
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ERETE (1355 St IEREN A RTY

Rhetorical Device ~ Form Type Content Type

EL g A g, B M, e SR, BhIE, SRS

Simile Explicit, Implicit, Borrowed Concrete Objects, Actions, Abstract Concepts
=&\ 18], Bhid, L2, ElTA N, Y

Analogy Noun, Verb, Adjective, Adverb Personification, Objectification

5K HEZ5K, FESK, eSS, 4055k, BarsiKk
Hyperbole Direct, Indirect, Integrated Amplification, Diminishment, Anticipatory
HELE R HEEL, A FHER HF, &, B

Parallelism Component, Sentence Coordination, Succession, Gradation

Table 1: The fine-grained rhetoric types in form and content

main sub-tasks: rhetorical device recognition, rhetorical form recognition, rhetorical content recognition,
and rhetorical component extraction. The first three tasks are treated as multi-label classification tasks,
while the last task is handled as an entity recognition task. Initially, we employ a transformer-based pre-
trained language model as a shared feature encoder to represent sentences. Subsequently, the four tasks
leverage potential information transfer to achieve fusion learning. Finally, these sub-tasks are integrated
into a unified model through parameter sharing.

Additionally, we experimented with five different mainstream transformer-based pre-trained language
models as backbone networks to assess their performance on the task. Given that multi-task learning re-
quires optimizing models for multiple objectives, we also experimented with four different loss weighting
schemes to approach the optimal performance of the model.

In this paper, our contributions can be summarized in three main aspects:

(1) We propose a multi-task learning framework that integrates related subtasks, enhancing interactions
between them. This approach allows us to use a single model to complete all three track tasks effectively.

(2) We compare the performance of five different pre-trained language models as backbone networks
and explore four weighting methods to optimize the model’s performance.

(3) Our proposed framework achieved fourth place in the CCL24-Eval Task 6 (Chinese Essay Rhetoric
Recognition and Understanding, CERRU) with a total score of 60.14, demonstrating the effectiveness of
our method.

2 Methodology

To fully leverage the potential correlation between each task, we employ a multi-task learning framework.
This approach can be seen as an inductive knowledge transfer method that improves generalization by
sharing domain information across complementary tasks. By learning multiple tasks using shared rep-
resentations, insights gained from one task can aid in learning the others (Caruana, 1997). Additionally,
to further enhance the model’s generalization ability, we incorporate adversarial training methods during
model training.

2.1 Model Architecture

Figure 1 illustrates an overview of the framework. During the training phase, each task has its corre-
sponding objective function, and all task-specific training data are used to jointly train the model in a
bottom-up order.

Shared Feature Encoder The shared feature encoder focuses on mapping the input tokens to dis-
tributed semantic representations, which are shared across four downstream subtasks. To better capture
and summarize the semantics of a given sentence, we adopt a pre-trained language model based on
Transformer (Vaswani et al., 2017) as the shared feature encoder and fine-tune it based on the joint loss
function of multi-task learning.

Given an input sentence X = {1, x2, -, T, }, we first insert special tokens [C LS| at the beginning and
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Figure 1: Model Architecture

[SEP] at the end. The processed sequence is then input into the shared feature encoder. Subsequently,
the shared feature encoder generates semantic representations for each token, with the output represented
as Oencoder‘

Rhetorical Device Feature Extractor Due to the use of an improved BERT-based pre-trained model
in the shared feature encoder, which captures rich contextual information through Bidirectional Encoder
Representations (BERT) (Devlin et al., 2018), we further utilize a bidirectional LSTM (Hochreiter and
Schmidhuber, 1997) network to enhance sentence representations and extract comprehensive features of
rhetorical devices. BILSTM leverages both forward and backward LSTM directions for feature extrac-
tion, capturing semantic features across contexts to obtain more comprehensive feature information. The
final feature output of the rhetorical device feature extractor is denoted as Fdevice

Rhetorical Component Extractor To enhance the extraction of rhetorical components from sen-
tences, we concatenate rhetorical device features with semantic representations. Specifically, F9vi® is
simply appended at the beginning of O¢"“°%"  resulting in [F@evice Qencoder] - Although other concate-
nation methods were not considered, this straightforward approach effectively integrates the potential
information from rhetorical device features, enhancing the module’s performance. Subsequent experi-
mental results have validated the effectiveness of this method.

For accurate entity boundary identification, we employ Efficient GlobalPointer (Su et al., 2022), a
span-based entity recognition method. Efficient GlobalPointer uses two modules to detect the start and
end positions of entities within a sentence, allowing for the classification of sentence subsequences as
named entities. Figure 2 illustrates a matrix corresponding to two types of entities in the sentence.
Compared to GlobalPointer, Efficient GlobalPointer achieves comparable performance with fewer pa-
rameters.

Rhetorical Form and Content Feature Extractor The architectures of the rhetorical form extrac-
tor and the rhetorical content extractor are identical. The specific process begins with local context
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Figure 2: Entity recognition decoding structure based on GlobalPointer

enhancement on the contextualized word representations based on the entity information output by the
rhetorical component extractor. Subsequently, rhetorical device features are concatenated to fuse with the
enhanced representations. Feature extraction is then performed using multi-head self-attention and BiL-
STM to capture comprehensive feature information. Finally, each feature extractor outputs F'7"™(for
rhetorical form) and F<°*¢"(for rhetorical content).

Classifier The rhetorical device classifier, rhetorical form classifier, and rhetorical content classifier
share the same architecture. Recognizing the correlation between rhetorical devices, forms, and content,
we concatenate the outputs of the three rhetorical feature extraction modules, denoted as [Fdevice, rform.
Feontent] nitially, these inputs are cross-fused and feature-extracted using BILSTM. Subsequently, the
classification results are produced through a fully connected network.

2.2 Adversarial Training

In the field of natural language processing, adversarial training is employed as a regularization method
to improve a model’s generalization performance. We incorporated FGM (Miyato et al., 2016) to add
adversarial training to our model. FGM introduces an adversarial attack in the direction opposite to
the gradient during backpropagation in the embedding layer, thereby inducing adversarial training ef-
fects. This training method not only enhances the model’s generalization ability but also improves its
robustness.

2.3 Loss Function

Overall, the input sentence X is encoded by the shared feature encoder. The contextual outputs are
then used to compute four tasks with task-specific labels Y; for ¢ = 1, 2, 3, 4. We jointly optimize the
integrated loss during training as follows:

4

Liot(X,Y14) = > NLi(X,Y;) (1
i=1

where £; represents the cross-entropy loss for each task, and \; is the weighting factors that balance the
contribution of each task’s loss to the overall loss. The overall model loss can be heavily influenced by
one task due to the varying loss magnitudes across different tasks, causing other tasks to have less impact
on the learning process of shared network layers. To mitigate this, it is crucial to choose appropriate
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weights to balance the training of each task, ensuring all tasks contribute effectively to the model’s
improvement.

In our experiments, we used four weighting schemes to determine the weights suitable for our model.
These include equal weighting(\;=1), weight uncertainty (Kendall et al., 2017), random loss weight (Lin
et al., 2021) and dynamic weight average (Liu et al., 2019). Readers can refer to the earlier citations for
implementation details of these methods.

3 Experiments

3.1 Experiment Setting

During training, we use the AdamW optimizer (Loshchilov and Hutter, 2017) with a learning rate of 2e-5
and a batch size of 16. The maximum sequence length is set to 256, and the maximum number of epochs
is 30. The random seed is set to 1018. Additionally, we employ a learning rate warm-up strategy where
the number of warm-up steps is 10% of the total number of training steps.

3.2 Experimental Setup

For the shared feature encoder, we used five mainstream transformer-based pre-trained language models
as the backbone network. These include Chinese-MacBERT-Large (Cui et al., 2020), Chinese-RoBERTa-
WWM-Ext-Large (Cui et al., 2019), StructBERT-Large-Zh (Wang et al., 2019), Erlangshen-DeBERTa-
v2-710M-Chinese (Zhang et al., 2022), and ERNIE-3.0-Xbase-Zh (Sun et al., 2021). For each backbone
network, we experimented with four weighting methods as described in Section 2.3. Their performance
on the validation set is shown in Table 2.

C Score
Backbone Network Weighting Scheme Track 1 Track 2 Track3  Total
Equal Weights 48.08 51.59 63.65 54.44
: Uncert. Weights 46.28 52.51 63.44  54.08
Chinese-MacBERT-Large Random Loss Weight 4667 5385 6373  54.75
Dynamic Weight Average  43.92 50.31 63.51 52.58
Equal Weights 46.09 52.73 63.86  54.23
chinese-roberta-wwm-ext-laree Uncert. Weights 46.28 52.24 6535  54.62
£ Random Loss Weight 41.50 50.17 63.63 51.77

Dynamic Weight Average  46.34 53.98 63.66  54.66

Equal Weights (49.44] [5510] 6224  55.59
Uncert. Weights 45.66 51.49 62.51 53.22
StructBERT-Large-Zh Random Loss Weight 4644 5239 6443 5442
Dynamic Weight Average  45.45 53.19 64.50 54.38
Equal Weights 43.65 50.99 66.90 53.85
Erlangshen-DeBERTa-v2-710M Uncert. Weights ' 42.30 48.53 66.09 52.31
Random Loss Weight 48.01 52.61 67.58 56.06
Dynamic Weight Average  41.63 50.01 68.07| 53.23
Equal Weights 43.95 53.17 66.36  54.50
Uncert. Weights 45.95 54.78 67.40 56.04
ERNIE-3.0-Xbase-Zh Random Loss Weight 4614 5327 6670  55.37

Dynamic Weight Average  45.98 54.15 66.83 55.65

Table 2: The performance of each backbone network with different weighting methods on the validation
dataset. The best performing combination of backbone network and weighting is highlighted in bold.
The top validation scores for each metric are annotated with boxes.
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3.3 Experimental Results

We selected the optimal weighting method for each pre-trained model based on their performance on
the validation set, identifying the top five performing models. Subsequently, during the last five epochs
of training, we applied the Stochastic Weight Averaging (SWA) (Izmailov et al., 2018) method to these
models for evaluation on the test set. For the final evaluation, we employed model ensemble voting. Our
approach achieved a fourth-place ranking in the final evaluation results. The scores of the top five teams
and baseline are presented in Table 3.

Team Track1 Track2 Track3 Score

Team1 61.30 62.29 75.28  66.29
Team?2 59.20 60.92 7796  66.03
Team3 53.77 60.15 68.26  60.72
Our team  50.86 55.81 73.75  60.14
Team5 51.48 55.11 69.51  58.70
Baseline  45.66 56.89 20.85  41.13

Table 3: The final evaluation results of the top five teams and Baseline

3.4 Results Analysis

Based on the evaluation results, our team’s overall performance is close to the third position. Specifically,
our performance across different tracks is as follows: on Track 3, our results significantly exceed the
baseline (52.9 points) and the third-place score (5.49 points), whereas on Track 1, our performance is
moderate, just slightly above the baseline (5.2 points), and on Track 2, our performance is below the
baseline (1.08 points).

The experimental results demonstrate that our adopted multi-task learning model architecture achieves
better generalization capability through shared representations across tasks. In particular, the model
shows significantly enhanced entity recognition capabilities on Track 3.

However, our performance in classification tasks on Track 1 and Track 2 is relatively average. This
could be attributed to the multi-task learning model needing to concurrently optimize loss functions
across multiple sub-tasks, a design that prevents multi-task learning from achieving the optimal perfor-
mance on each sub-task as in single-task learning. Nevertheless, the advantage of multi-task learning lies
in its ability to use fewer model parameters to accomplish learning and inference efficiently for multiple
sub-tasks with a single model.

In conclusion, our experimental results highlight both the potential and limitations of multi-task learn-
ing in terms of cross-task generalization capability.

4 Conclusion

In this paper, we propose a unified multi-task learning framework for CCL24-Eval Task 6 (CERRU), to
enhance feature fusion and interaction among subtasks, and achieve a single model capable of completing
all subtasks. We experimented with various pre-trained language models and weighting methods, and
further improved our experimental results through model voting. Our experiments demonstrate that our
proposed approach achieves good results in this evaluation.

However, there are still several shortcomings in this system. In the future, we plan to enhance the
model’s performance through data augmentation and domain-specific pre-training. Additionally, we
intend to explore more suitable weighting methods for this evaluation.
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Abstract

This technical report presents a solution to the 2024 CCL evaluation task (Rhetori-
cal Device Recognition and Understanding in Primary and Secondary School Essays).
In the learning process of primary and secondary school students, rhetorical devices
are not only core components of reading comprehension and writing skills but also
indispensable elements in shaping excellent literary works. Recognizing and under-
standing the use of rhetoric in student essays can help students improve their writing
skills and guide them to produce higher-quality narratives and descriptions. Identifying
rhetorical devices is currently a challenging task in the field of natural understanding
because it requires extensive human domain knowledge, and often the boundaries be-
tween different rhetorical devices are blurred. We utilize LoRA technology to fine-tune
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a large pre-trained language model based on Qwen-Chat-7B to recognize categories of
rhetorical devices.

Our main innovative technical points are: constructing multiple training data instances
based on the same input-output data to improve algorithm performance; using a hier-
archical approach to judge rhetorical devices by first determining broad categories of
rhetoric and then using these broad categories as input to determine subcategories of
rhetoric; and for the task of extracting rhetorical components, directly outputting the
corresponding result text and then mapping it back to the original text for position
retrieval, rather than directly outputting index positions.

Keywords: Large Pre-trained Language Model , Rhetorical Judgment , Text
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Abstract

Natural language processing technology has been widely applied in the field of education. Essay
writing serves as a crucial method for evaluating students’ language skills and logical thinking
abilities. Rhetoric, an essential component of essay, is also a key reference for assessing writing
quality. In the era of large language models (LLMs), applying LLMs to the tasks of automatic
classification and extraction of rhetorical devices is of significant importance. In this paper, we
fine-tune LLMs with specific instructions to adapt them for the tasks of recognizing and extract-
ing rhetorical devices in essays. To further enhance the performance of LLMs, we experimented
with multi-task fine-tuning and expanded the training dataset through synthetic data. Addition-
ally, we explored a model ensemble approach based on label re-inference. Our method achieved
a score of 66.29 in Task 6 of the CCL 2024 Eval, Chinese Essay Rhetoric Recognition and Un-
derstanding(CERRU), securing the first position.

Keywords: Rhetoric Recognition, Large Language Models, Model Ensemble, Synthetic Data

1 Introduction

Essay writing is a crucial means of assessing students’ language proficiency and logical thinking skills.
The development and application of natural language processing (NLP) technologies have significantly
advanced the field of education. Typically, grading essays demands substantial time and effort from
teachers. By applying automation technologies to this process, we can alleviate the workload on teachers,
allowing them to focus more on instruction and student guidance. Rhetorical devices are an essential
component of essays, making it necessary to automate the extraction and classification of these devices
as a key dimension in the automated assessment of writing quality.

Previous work in the fields of machine learning and deep learning has extensively explored the iden-
tification and classification of rhetorical devices in writing. For instance, (Xiaoxi et al., 2018) used
convolutional neural networks and support vector machines to identify metaphors in both Chinese and
English datasets. (Hu et al., 2017) employed sequential models to recognize metaphors in text, while
(Liu et al., 2018) adopted a multi-task learning approach to classify rhetorical sentences and extract
their rhetorical components. Additionally, (Li and Li, 2022; Igbal et al., 2023) utilized BERT models to
identify metaphors in compositions by overseas Chinese students.

The recognition and extraction of rhetorical devices can be fundamentally categorized as tasks of text
classification and entity recognition, both of which have been extensively studied. The introduction of
the GPT series (Radford et al., ; Radford et al., 2019; Brown et al., 2020) has sparked significant interest
in LLMs within the NLP community, marking the advent of the era of large language models (Zhao et al.,
2023). Following the release of the LLaMA series (Touvron et al., 2023), the open-source community for
LLMs has flourished. In this new era, some studies have utilized the in-context learning capabilities of
large models for text classification (Sun et al., 2023). Furthermore, (Wang et al., 2023) demonstrated the
effectiveness of supervised instruction fine-tuning of large language models for information extraction
tasks.
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Against this backdrop, we explored the use of generative large language models for rhetorical recog-
nition and extraction in the CCL24-Eval Task 6 Chinese Essay Rhetoric Recognition and Understand-
ing(CERRU). For this task, we processed the dataset into fine-tuning instructions and applied parameter-
efficient fine-tuning methods to the Yi(Young et al., 2024) and Qwenl1.5(Bai et al., 2024) models with
supervised instruction fine-tuning. To further enhance model performance, we incorporated multi-task
learning methods and augmented the training set with synthetic data generated by LLMs. Finally, we
developed a model ensemble approach involving re-inference for Hierarchical rhetorical classification
tasks. Our method achieved a final score of 66.29 in CCL 2024 Eval Task 6 CERRU, ranking 1st.

2 Chinese Essay Rhetoric Recognition and Understanding

CCL 2024 Eval Task 6: Chinese Essay Rhetoric Recognition and Understanding includes three tracks:

Track 1: This track classifies rhetorical devices in each sentence at a coarse-grained level into five cat-
egories: metaphor, simile, hyperbole, parallelism, and no rhetoric. Additionally, each rhetorical category
is further classified into subcategories based on form, resulting in a total of 4 coarse-grained categories
and 12 fine-grained subcategories.

Track 2: Similar to Track 1, this track classifies rhetorical devices in each sentence at a coarse-grained
level into the same five categories. However, the fine-grained classification is based on content, resulting
in 4 coarse-grained categories and 11 fine-grained subcategories.

Track 3: This track focuses on identifying rhetorical components within sentences, specifically con-
junction, tenor, and vehicle.

Overall, Tracks 1 and 2 fall under hierarchical text classification tasks, while Track 3 is an entity
extraction task.

3 Methodology

Validation

E I B
Error-prone Samples x < + Base
“ LLM
A
l A
@
Teacher LLMs Q Fine-Tuning

l Sentence Instructions

Synthetic Data P> |E_ I + =

Figure 1: The process of generating synthetic data

3.1 Parameter-Efficient Instruction Fine-Tuning

Despite the evaluation task encompassing both classification and entity recognition, these tasks can be
unified under an instruction-based format within the generative fine-tuning framework for LLMs. To
fine-tune LLLMs with limited hardware resources, we employed the LoRA (Hu et al., 2021) method for
instruction fine-tuning of the base LLM.
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3.2 Multi-Task Learning

We believe that in the rhetorical classification task, not only should the LLM be informed of the rhetorical
category to which a sentence belongs, but it should also identify the specific entities within the sentence
that determine this category. This approach aids the LLM in better understanding and analyzing rhetori-
cal categories within sentences. The same principle applies to the task of rhetorical entity extraction.

It is important to note that the datasets for the three tracks in the evaluation task contain identical
text, differing only in their respective annotations. Therefore, implementing multi-task learning in our
experiments was straightforward: we simply combined the instruction datasets from the three tracks and
performed fine-tuning on this mixed dataset.

3.3 Synthetic Data

The limited number of annotated training samples provided for the evaluation task constrained further
improvements in model performance. Inspired by the LLM2LLM method (Lee et al., 2024), we recorded
error-prone samples in track 1&2 from the validation set during the fine-tuning process. As shown in
Figure 1, we then used a more powerful LLM as a teacher model to generate synthetic data based on
these error-prone samples.

3.4 Model Ensemble Based on Label Re-Inference

Coarse-grained Label

D‘— Majority Voting [

Sentence Instructions
E=— | + a Fine-Tuned LLMs

Re
Inference

l]> Majority Voting

Fine-grained Label

Figure 2: Model ensemble based on label re-inference

To further enhance model performance on track 1&2, we explored a model ensemble approach for
the task of classifying coarse-grained and fine-grained labels using LLLMs. This process is shown in
Figure 2. Assume there are K fine-tuned LLMs, with the parameters of the k-th LLM denoted as 0.
For a given sentence x, we add instructions to form Instruction(x), which is then input into 6 for
inference, yielding a coarse-grained label y,ih) (High-level label) and a fine-grained label y,(j)(Low—level
label), along with their respective possible label sets C (") and c®):

(y,gh), y,(j)) = arg max P (y,ih) =M, y,(cl) = W | Instruction(z) Hk) (1)
(M) cD)ecth) x b

Next, we perform majority voting on these coarse-grained label results:

K
y"), = arg max (Z Sy = c§-h>>> 2)
k=1
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where j = {1,2,...,|C"|}, and § is the indicator function, which equals 1 when y,gh) = cg»h) and 0
otherwise. Given that generative LLMs predict the next token based on the given sequence, and that the
LLM has learned the constraints between coarse-grained and fine-grained labels during the fine-tuning
phase, there is no need for additional fine-tuning. Provided yéz)s is not null, we append yéz)s to the

instruction and re-input it into the LLM for re-inference under the constraint of the coarse-grained label:

argmax P (y,gl’re) = D | Instruction(z) + y{, , Gk) 3)

cWec® (y)

l_re
o -

We then conduct majority voting on the re-inferred fine-grained labels:

K
), = arg max (Z Sy = cg”)) 4)

k=1

where j = {1,2,..., |C(l)|}. The resulting (yéﬁ)s, yéQs) constitutes the final classification result for the
sentence .

4 [Experiments

4.1 Dataset

The experimental dataset is derived from CCL 2024 Task 6 and includes three tracks. Each track consists
of 634 samples in the training set, 225 samples in the validation set, and 5000 samples in the test set.

We processed the datasets into instruction formats, examples of the fine-tuning data can be found in
the appendix. For training samples with multiple answers, we separated them using ’\n”.

4.2 Models

In our experiments, we used several LLMs for instruction fine-tuning: Yi-6B-Base, Qwen1.5-7B-Base,
Qwenl.5-14B-Base, and Qwenl.5-32B-Base. We observed that, in most cases, larger LLMs tend to
achieve better performance.

For generating synthetic data, we employed Qwen-max-0403 and Qwen-max-0428 as teacher models,
accessed via API. The prompt used for calling the teacher models can be found in the appendix.

4.3 Settings

We used the AdamW optimizer with 5, and 33 set to (0.9, 0.999) and a weight decay of le-2. The
initial learning rate was 3e-5, with cosine annealing applied to decay the learning rate to 6e-6 after 600
steps. The batch size was 8, and gradient checkpointing was enabled. The gradient norm was clipped to
a maximum of 1.0.

For the LoRA hyperparameters, we used » = 72 and o = 612, which is equivalent to o = 72
with rsSLoRA enabled. As noted in (Kalajdzievski, 2023), the scaling factor < in the original LoRA
implementation (Hu et al., 2021) is too aggressive, leading to gradient collapse issues when using larger
LoRA ranks. Adjusting the scaling factor to % can mitigate this problem. Therefore, we adopted a
larger LORA o while using the original LoRA scaling factor.

During training, evaluation was performed on the validation set every 5 steps. We used the evaluation
script provided by the organizers to compute the F1 score and saved the checkpoint with the highest
score.

For inference, we employed beam search with (temperature=0.5, num_beams=3) to predict the target
sequence.

The experiments were conducted on 1~5 Nvidia A30 GPUs. The frameworks used for the experiments
were Pytorch and HuggingFace Transformers.
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trackl track2 track3
val test val test val test
Yi-6B-Base 49.08 53.72 | 52.12 48.63 | 67.11 68.00
Qwenl.5-7B-Base 49.83 56.29 | 52.59 53.63 | 68.35 -
Qwenl.5-14B-Base 52.06 56.68 | 57.21 60.58 | 69.98 70.97
Qwenl.5-32B-Base 51.66 - 55.18 - 7317 74.20

Model

Table 1: Model comparison

4.4 Model Performance Comparison

We tested several LLMs, fine-tuning them on the training set for each track. The results are presented
in Table 1, where val” indicates the validation set score and “’test” indicates the score obtained after
submitting the test set results.

Overall, larger models generally performed better. However, we observed that Qwen1.5-32B-Base
did not outperform the smaller 14B model on the validation sets for Track 1&2. Ultimately, we selected
Qwenl.5-14B-Base for subsequent experiments in Track 1 and Track 2, and Qwen1.5-32B-Base for the
task in Track 3.

4.5 Evaluation Results

Table 2 shows the test set scores under different methods.

Track Model&Method Test Score
Qwenl.5-14B-Base 56.68
track1 +MultiTaskLearning+ModelEnsemble 59.12
+MultiTaskLearning+ModelEnsemble+SyntheticData+ValData 61.30
Qwenl.5-14B-Base 60.58
track?2 +MultiTaskLearning+ModelEnsemble 61.72
+MultiTaskLearning+ModelEnsemble+SyntheticData+ValData 62.29
Qwenl.5-32B-Base 74.20
track3 +MultiTaskLearning 74.61
+MultiTaskLearning+PostProcessing 75.28

Table 2: Evaluation results

For Tracks 1&2, scores improved after applying multi-task learning and label re-inference model
ensemble methods, with a more significant improvement in Track 1.

Subsequently, we used Qwenmax-0403 and Qwen-max-0428 as teacher models and generated syn-
thetic data using error-prone samples from the original validation set as seeds. During this process, we
found that the teachers provided highly repetitive answers for the same error-prone samples. Therefore,
we manually filtered out the highly repetitive synthetic samples. Additionally, to ensure that the synthetic
data was similar in length to the original samples, we removed synthetic samples that significantly devi-
ated in length from the original samples based on their length ratio. This resulted in nearly 200 synthetic
data samples.

Moreover, it is generally accepted that the validation set, being most similar in distribution to the
original training set, is a crucial resource. We ultimately combined the validation set with 100 synthetic
samples into the training set, leaving the remaining synthetic data as the validation set. This approach
further improved our scores, reaching 61.30 for Track 1 and 62.29 for Track 2.

For Track 3, multi-task learning provided a slight score improvement.

We observed that the task definition for “exaggeration” rhetoric did not include conjunctions. How-
ever, the model often included conjunctions in the prediction results. Therefore, we implemented a
simple post-processing step: if a sentence was identified as exaggeration rhetoric in both Track 1 and
Track 2, we removed the conjunctions from the Track 3 prediction. Similarly, if a sentence was labeled
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as ’no rhetoric” in both Track 1&2, we also set it to ’no rhetoric” in the Track 3 prediction. This final
post-processing step increased the score to 75.28.

5 Conclusion

In this paper, we explored the use of large language models (LLMs) for the tasks of essay rhetoric
recognition and understanding. By employing instruction fine-tuning, multi-task learning, synthetic data
augmentation, and a model ensemble method based on label re-inference, we significantly improved the
model’s performance. Ultimately, our approach achieved a score of 66.29 in Task 6 of the CCL 2024
evaluation, CERRU, securing the first place. This outcome demonstrates the tremendous potential of
LLMs in the automated processing of complex natural language tasks.
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Appendix
A Examples of the fine-tuning data

A.1 trackl:

{

"instruction": "IHIRIRBIM LT AIFHRBERR, XE—PBRESIRZERE, H£F4K
K12/ HRINNEEZNER, EHEABRITHRIT . \nflF: 28T ERN, BREER
FEAe \ni Wi Mol BN, EEME, fEME. HURL AOA, shidl, JEEE, BhA. S5k JiE
Sk, HETESK, BESIK. . BorHE, aFHE . v,

"output": "EHIK-HESIK"

}

A.2 track2:

{

"instruction": "IBRIRFIH AN A FHBEHEAZRE, XE—1TERESIHE RS,
HaKF11/hE MMERKTTERN, RREREREN « \nikl: Wi SSEY, hE, MW
S R HA, B . Bk ¥OKEIK, 48/0F5k, HEiSIK. HEH. 5, KE, @
ion L

"output": "EHiK-F KEIK"
}

A.3 track3:

{

"instruction": "FEUH FAIEEMECRFEMERER S o TG RB XN \EE

W xxx |FEWNHR: xxx | HEHNE: xxx\", HEHEZIMER, HHEABRITHFET - \n (1)

X LLmERE, WTEAMITE, BEREAS BREERE (MiF) - BENSR (KiE) M5 NE
(Wifg) 5 X THEMER, BRESEFEFEENSR (KME) MEERE (W) X TIERE

X, BFEASEFEMENE (MK ; \n (2) X HEER, MpEafl, BEssHe

FHEN R (WX FAHENE (WIANE) ; \n (3) FHXEKER, SeEafr,

EEER D EEFBHE NS (SN SR) MEENE (S5KNE) 5 \n (4) FIXTHELLIERE,

WA, R o BEFEEEE (HEIIEEHE L) - \n3UAR: MZRIT T ER, AR

ABEREEA » \nTHEUER: -,

"output": "THENR: M| EEE. TIEENE: BRTFER"

}

B System prompt for calling the teacher LLMs

system_prompt = /'’ IERE—NEEFEE B CHIRETF -

H—EEZ: DA FIENERBAL, K6 BT IE R R 55 R A - L
P Bk HEARTCERER, R EER BT —2 WL A AR 52

REE IR

> thuﬁﬁ:

MIEZ Il 57

Proceedings of the 23rd China National Conference on Computational Linguistics, pages 223-231, Taiyuan, China, July 25 — 28, 2024
Volume3: Evaluations
(¢) Technical Committee on Computational Linguistics, Chinese Information Processing Society of China 299



Computational Linguistics

(1) PRy AR Mgk WimER L, @I GE AR\ R IR\ e\ b S R R A R A
A . a0 IIAZBILNSRENTE, BRE/D, BHEAEYA.

(2) WM. OOARER S BadR B, WA R \F R\ \ O X iR - 0. 5 EAR SR
THALRAS, DA THLZX 37k

(3) f&m: (gL 0. —EETIHER L.

MR Z 57

(1) SEAEY). AMZEF - Alfh ATAEASEZER R . 0. — BT AR E -

(2) BB REZEMNE . TS 0 TREAN—RINE, B T EIE, &

O

(3) MBS, AMEEMEMES, WE . ME . BS%E. . NERESE.

. L

MIE LI 43

(1) & A5 A NMLASY/HE5YRshin S AsiH iy . . REFXWEAT KL, E
(2) #hiF: S ANWIShASY) B 5Yohin 5 As = Y . 0. FESIEE R R, M AA]
BREMERFEL -

(3) JEFA: AEARNEASAEY/ HEYEERES Nt Ay . 0. BKEARSE, L
TV

(3) EhF: AEAMENASY B5YRENa S Asi Y . . SRATE, EEEWRT
INGEES P

(1) WA BIEAMEANT . 0 WIKEEERE, SLZHFE.

(2) . EAEARFEDEIE 25, adi . W REI T BRBES, FRAOEERCE R
T, BEMECHT N\SHEILEIL -

= . ik

MIE K53

(1) BEESIK: HENEYHFITSK. 1. RPOZLITENERLES

(2) LK SERATFERARERFEEY - W —IBFERKEEATEMEF -

(3) @AEIK: EEEMER#HITESRK, B ISLE. . BREGHBRBEATIEAL
T, EEXERMET NER.

UNLESS

(1) A%Ht%—?%:: K. £ KEEESK. 1. KEMVEEERL, HEEAmmE, +
W08 .

(2}@ B hEak: /s A EEKRESTK. W MERSAREMLE, REEELEERYN
—HKR .

<3>ﬁﬁﬁﬁ%—?é‘%z e B ERE e HIIEZ R - U EEEFRREEEEEFERT -

IO . HEHE:

MIE K 57

(1) R HEL: B—DATHRFELESRS, IFEEEERSE, BdEENERHSIE .
W WAL, WRIR, WAERE, EEET .

(2) AIFHELL: HELLTRT BMAA] - a1 BREEMEFILTRED), ©MNARMAHEZHE,
E5fmzaE, Tsh TEROOR -

INBESS IR

(1) 7). HEELTUF AR AR TG SGE T - a0 THb B ARBER, & ABREE, & ARRER,
BARERE, N W B RS . o o

(2) A&#: HELBZEESEEZEIT, witE - BE - ZRRE, Ny - a0:
WRBBACEEENE, WA E =SNG - B T - LS BRI R 4 2

(3) #hift: ZHEHIRERS L BEREZRZ @, NERZNF . W FS5tE—x—
FEHE RS R, FRBMEMRTEE, 1L FELAEREEEE -

f - TAEEE
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REIE —LEF 220 ANE—La T TERRA, FEREZHFT . HAEREIRKITE . Zath
H—"116], FHESEGIG, QG5 AR FEAER 6T

R,

1. UR%E H B R BRI R EAE LT 45 H A0 -

2 TR ZLH ISR -
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R/ NEE SRS, ERFIRE M T ERII L, R R
REEICE - R, RASEEEELE TR EREHTFEREMOAL, NEMRIEL
PRAEFIE AT H T Pk - BT PSR T EHLBOR R BshiF s 1E3C, HAp el
HIBE AR PP R E ZEE 5 « AR T BAES T Z RSO EIE S R A/ b
TESCERER A S B EVE P R AT S 2518 - AEARUIEI A, BATE X ARES,
DAVER T RGER o RARTIA AR, FRIH PR - SRR AR AR A
fE - SRIRLERARN, BATTERGE T BV Seit iR -
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System Report for CCL24-Eval Task 6: Assessment of Rhetoric

Recognition and Understanding in Primary and Secondary
School Essays Based on Deep Learning Models

Chenyang Li'?, Long Zhang'?,Qiusheng Zheng!>
Frontier Information Technology Research Institute,
Zhongyuan University of Technology, Zhengzhou 450007 China
2Henan Key Laboratory on Public Opinion Intelligent Analysis, Zhengzhou China
2312826399@qq . com

Abstract

In the learning process of primary and secondary school students, rhetorical devices
are at the core of reading and writing skills, and are key elements of excellent literary
works. However, identifying and understanding the use of rhetoric in students’ essays
requires a lot of manual effort, posing a challenge for teachers in essay evaluation and
instruction. Recent research has begun to use computer technology to automatically
evaluate essays, where the use of rhetoric is an important part of the assessment. This
paper introduces our methods used in the evaluation of rhetorical recognition and un-
derstanding in primary and secondary school essays at the 23rd Chinese Computational
Linguistics Conference. In this evaluation, we employed both traditional classification
models and large models for different tasks, and further enhanced model performance
through pseudo-labeling and data augmentation. Experimental results indicate that
our methods achieved relatively advanced performance.

Keywords: pretrained models , data augmentation , semi-supervised learning
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BREF A/ ARSI i T BEAMAL, TRREEMEEE IR,
RGN T A EREZ IR - R, IRBIAEEE BRI AR ERE N LSR, X
WIVESOFE AN A TR 1 T Bhil . HET, PEEHE A RMMNSEHE KL, FE2I5RE M ITE
HEMFART BB EIEC R Bopifek, HpERFIRONARERESRRNE - (EXXHE
HE (P S R A SCRANTE 5 A BRI Z A5 R, ST EESC R, 8 E R R
BREN A EEE L - —LIE MBI FORAIN FT RIS AN, W AF45H, 15 UGB EE S A5
E A EEAEAT HE LU AT HU Ry S BT TR AR5, T A — Lo AR TR & S B R0 F R AR 55 - R
T, XL AL LT R OFP AR RIERER BT IMILRA], Rz At @iRA
RIEH, SRZZRIR, AR AERERTEE S OB XA RIS R AL B BTN A AR B E
S TERN AR RENESEL . EXENERET, B ZEPETEES¥ A2
RAR T N E SRR IR 5 BRI o 2P AEE SRR B LADGE N G R A/N 2 2l
3, BFCBCUNUOR I LR . 55 HbRE RGTHE SO /INE RSO IR A0 2 1
KA, WERIEAFMAE A A EIATIRG], FRHERER TS « ST AN P ES 14T
552, BAPRMERBEEIT IR, FER IR « BIRERETTERETIERE, X T1HES3,
HAEZE EMBUEFS N ERIES . H5IAQwen KIEEL (Bai et al., 2023) T4 AL -

2 MXRIE

SRy RAE BIRTE S W EASORIZ I B EEAER Gl AN ) SORAEZE AT 7
DR, HEEDTEBPIR P EEE 0 EEAE UM MME (Minaee et al., 2021) - FEEHTT
o REFETHLES¥ I 75 (Cheng, 2020), EFESCHRFEIENL - PR - AR U &, {HiX
SeTT AR RO T RD 2 T BRI, TETRE R ) AN BRVE B 2 TA] BT SCH SR T AR T2 08 SFF
fib - STEESR, PR IBORET BN A B INE 5 L HGUSE G T BE 1R - £ BRIE
SRS, ETIRER WK FEA &% REFT, CNN (Wan et al., 15) (Wang
et al., 2017) ~ RNN (Le et al., 2017) ~ GNN (Yao et al., 2018) ~ Attention (Kim et al., 2018)7F
PSR . CATHE SR> 2655 BRE S AL S HERIE TIHFHRCR - KRR TI g
B, PR B EL R T RESCREE, BEtie IR ENEE rIE UEE, HAER
RSP B EE EERERIEZ LG

PR A S R AR N — R R TR, EAHARPMEEURR MEEERE (Rizve
et al., 2021), RGEHINE 2 >) FIERE B EIRERETEARER . R, AT 25125
HORATIRE I RETR Z B B p0Hr, BB R KB AT [A] o AR S8 BLARS X b S8 &
e A, FIanA BRAE R AR 55 B0 - %0 T3 S 6 R E SRRt A7 22 5] HE R 2 E R
PERIR R FPICEL Nt o R IR B 22 3] (SSL) MRTYEENS AR U AE 1 W B 5] R R AR ) el
ERRHIARPRERIE R UX —EH B - H B bRl X S e R SRR 2 5]
PERE, RIS e/ IMUPRTE RO A AR

TR &2 — Ml G 2 DRBF TR S FUT %, BB Al a BRA A5 ROl i A R EY
HRIL . HARRE RS A =M, F-MERER, ERTHRES, AINEZ %3
RTINS R i 71 DIDBIRN ZE I 7 20 E a4 R, 1B r] DRI AN TixE
s ERPERE AV D BRI ENE - B PIR, SR TEVAM D RES, BIXT2585
RARITRE R AT 2 BB =P As a5 1%, FE BBl B IR B I ZRE 58 70 R o7,
FantE9: 1R INGEFMAE, AR RIS, ERIIGENGS MRE, R
FEATTRIN, 258 ZRCYIZRI , B R IR AR b AT 25 SR A B R I 4k 2
WLk -

3 LIS

WELFTR, BATEN BRI, SREXT 2 B F R 2 S B AT A, R R
B BRI E N A TR S FaRANIRE - BURIGIRSE T AR 258
3.1 fES%1. 25 A

S —5FS _ENHRELZNRESELES, HTXWMESHTHAFE R, BAILMES—
FBNFAT AR o« FAT o BN EI ke B AN A B R MR | e e TR Al S R AR A .
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HiEmaeie I M EEEE J M R0 L M tricks

HEES Bert RS2 RIS
HUERE Bert-wwm seed HEEIRS
PPt Roberta rREs
BEY ERNIE

1 BRI OBRTIAL IR - T DL X 5 b B AR

3.1.1 BERIERE

N3 1R, FADERR T LT ERATIZRREL, BFFBert, Berti)ZARAI M Ernie,
FRET B AR AT RO . NE R E, MBI K, ZEGRIEK, 231677858
K, BEHFEANTHIEmie i (Sun et al., 2019)185E 1 20/Z M 2845 R A Ernie3.0-xbase#H AT, [F]
B A 15 T2 H P Ernie}d fEErnie3.0-xbase « 2 45 1E, Tl 14 Mernied IR R, TRHA]
BernielE N FA T HIHLAET -

3

iRk Bert_base?’ Bert_-wwm! Bert_wwm_ext? FErnie3.0_xbase® Rebort_wwm _ext?

FUEEEF1 31.1 32.8 31.8 33.4 32.1

1 ARSI EFE

3.1.2 HUEHER

NTRAFLISE, FAT G KBS ER A R FIT N AFEAT T HE, mE28r
~, BATERITHEIR AT, AR M AEERE 23 /DRI, #1908 TR — 2 5
PIEEF 1475, B TRIAX — XA EE R F45% - XESFEENAX—EHNFER0- T
PRFZLEBFIE, FATRAEEHE5R A0 7 2R SR 22 S 81 5 £ B R AFAE - SRAR
VAR < BEHLIRE A FIRR LA A A S 7 Y0 X SR 2 AR AT T B8, 3R ) 720 3T
TN TEXTEIR S EIEIN T =205, A1 FRG5E I BRI AT T ERISR . 4
FH, TWRERIEELEMRE L, EAAMREEE T RERF -

3.1.3 ETHWEZI ML

OIPRETTIEA B TR &S], HoD BARR B AR R BE AR T B RE P AR
BMERE . BB I ERNRERS RN E4FR, RS VE T B R R To R & A i
B T S5 R AZI YIRS, T A K & DR R RUR (L et al., 2023) - 3X 7
FEEM T HRANE ERE L - BAETE RS RE T — 1 EI{E0.98 - EFMNIKE LR
R R E R T Z B E IR AR B DR - X LB IREAE T B A AR B
FERIET ISR - BIRE PRI EIEIT10004% o X R A0RHE £ 78 F AL E LA - 0
INT 100055540 HE - 2 ZREINIRZEIIGRE, TRk RSN R 2 BRET, HERALA
B T UARPRE, HRET IR SRR AR TR DS N RE B RN RN E . TREINR
FHRRZL R & BT IR — B3R THL 705

Yhttps://huggingface.co/google-bert /bert-base-chinese
"https://huggingface.co/hfl/chinese-bert-wwm

https:/ /huggingface.co/hfl/chinese-bert-wwm-ext
Shttps://huggingface.co/nghuyong/ernie-3.0-xbase-zh
“https://huggingface.co/hfl/chinese-roberta-wwm-ext-large
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HA—M2, FR(T, R2B

HI— BRITEARE
BRI MR ZLD BT REERTRAR

BEN—MIEFRITZREE
HEN—MIFEDREE
EBERERITREE

3 EEsE IR

3.1.4 HERIEHE

KFHERE A FHERIIR (2021 (WLes2E>)) —HHRE|: SAEE EFmARE,
AR 2= S e K, Rl A SR - FATNE RN £ T4, — &8 N E R R
A bertAlernie 7 B HT I ISR 5 AN LG UE 4B K BUZS AR B N o P05 PR OX P M 28t il it 42
AT, B8 B E T AR A, maEH TN REAMER, SRIE R MEETI
M E R BIMER AT SEROEIN, 75 HERES 5T AR, &aEREE & AR —1
RAWEN T &
3.2 ARSIk

£553 015 BIEBUESS, Bl1H&wZiEHESAERNE BIHBCREADR AL, ERR A H
KRR R T RS AR, R EAE N SOR A AT S SRS .
3.2.1 BB RER SRR

FATE S 298 T 18 Hprompt B fIChat GLM4, & B ALV E RIR T AMTEIMNE S H
WARZ R A A HIE i, X BREEANTF A RERM . TREATRARUE R
TR . B R ER TS S o anE TR, AR AR S N R A A TS,

B = E T R R, %332@—%%32@ KE, PE, 20244FE7H25H%28H.
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Unlabeled
DEY]

Trust Part

4 BT B ] IR AL

MAEBEEERAFERESHETER . MELFR, TAHEBEAERREA, EEEA . M5
R WMENESDIBIEIE L, HEH " T 0 R ENEE I, WA null” £oR
WR3IN BRI, A null#null4#nul” F£oR o FJa FHO i H RO2E RA7E 5 ) 7 #O SRRl _E g
FT OB P AT A AR SS RS S EE - FA 125 T Chat GLM6bFIQwen 7% FF I AREAY, >k
Fqglora(Dettmers et al., 2024)flp-tuning(Liu et al., 2022)% /7 S E W AAESEER AT HUA -
MAZIQwen7ToRURELF . H =5 {f FHqloraiF AT iR, RN E HOAEY BIF T HAib S
. TRIEHEIMEREETITEEINE .

{
"paragraphId": 2,
"sentenceId": 13, {
"sentence": "fhASHIAT) LA, AR, », "conversations": [
"componentList": [ {
1 "from": "user",

"conjunction": null, "value": AT R, IR AR R,

"conjunctionEndIdx": null, i

“tenor": “fi", {

"tenorBeginIdx": 0.0, "from": "assistant",
"tenorEndIdx": 0.0, "value": "nulLl#fth#5 04 R
"vehicle": "/&ir kR, }

"vehicleBeginIdx": 1.0, ]

"vehicleEndIdx": 6.0 },

"conjunctionBeginIdx": null,

B 5: ZE N R anRdEg s, Ao LRl

3.2.2 HIR%E

TEARES T, FATRIFESTBUR T T, HRZINEIRE BAEE R O, BT/ EARE
%o NTRAFENSE, BATRERRAMES —FOEIESE T E, DU s £EE -
FEHEIN T 1RE5R S, Zilge A MEEERERIEE BH TR AKMRA, HEENEE LA
B RRE, BT EHARPIRES, TTREE TR R A0 7 NBR T R A REUE 2 11 5 2L

FHo =P EEE S SRS, 2320523900, KIE, HE, 2024F7H25H £28H .
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FRBALRI T FIFEREE ISR ERE R IR T 1% - bR 7 iE F T HRAUG & LB = Y
THoL, BB BAT B R 2R © R BI69M 0L, #R] LURFNZETS « BT KRBT IR AR
o RAETPCEE S I AR R, MORBERE S — B B e, TR 14 &R AR & 142
%, AT AGAE FIChat GLMANQweniEATFN, - F 2K TN 25 SRAR [F] 0030 0 I A B I GR & A
FFGE - BIREOIPRERE AAE15005%, X R BT A RE S AL [F A KGR O 2 Al b 3038 i
T 1500558 - S5RERM, EERIRER, WITERE it -

4 KRELER

WNERR, 2RFIH T3 MMEFSHISLIRE R - ESINMES SRR T BAEERR R A
ffi b, AT BRI RIS AR L EFUE, MRS R rH4s.66, FATH
TARKAFRT o $IXTAESS3, EEAREREZE, FAITBHZHEH T R UBertAIE 55 KR
B, R, BN LRI B T BRI A R« X — 55 R R B R A T
SR A E BERRM,  TORBLAETONSRR S A T SRR AN R HUEE ) % 23 8] 1 SO g BE
EFHEEZHE - BN N KEBHFOAR g — R A, 125 B 5 (Huang et al.,
2023) « HIEALE R SOR AN EIE SRS AT HEEE, BATSYOVER I T £4]5%, REH
THENZREE HARE R E R AR A SR P I i, (BRI AELE SR I 475 2 HH IR B g A\ ST
AL, i, A TE R SR IENER A F R X B TR 2 -

LA % FF1E
Baseline 45.66
Ernie3 44.72
Ernie3+&#E1E 5% 46.16
Ernie3+#IEHE 58+ R 49.83
Ernie3+#EH 8 + AR5 +bert wwm(BRARES)  51.48

£ 2 FES14R

ki % FFUE
Baseline 56.89
Ernie3 49.78
Ernie3+40E#45% 53.56
Ernie3+#3E 58+ IR% 54.25

Ernie3+£0E 158+ H PR +bert_wwm (FRELF &) 55.11

% 3. (S5 R

7 4 (ES34ER

kit % EFUE
Baseline 20.85
ChatGLM4+promptChatGLM-4° 24.68
ChatGLM6b® 57.00
Qwenl.5-7TbQwen1.5-7b” 63.30
Qwen7b-1.5+NFR% 69.51

# 5 fE55oLE R

Shttps://chatglm.cn
Shttps://github.com/THUDM/ChatGLM3
Thttps://github.com/QwenL.M/Qwen1.5
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5 B

B RESES AT, SN TARESEIESE, RSN ML R oE8MEE, HHEBETARME
SEGRERIE LN, H S BRI 58 7 AR 7 VAR AT OGN B SR AR, 3R A R
FIF1 &, FEMRR Pz et . RS RS FiEE, BEmiEE HMhiRE L EAESH
i, SRR EANEERA . XELCRHEMEE AR, WEFRRMZ MER, 5
A2EIIAFREIA, #1522 MR B2 AR REARNR, X152 T AT DU I fO &l
&, ’EtEae . #A—S A, IR EFEERS LA RIS, 7L RER S IIGENE
UEERR AT R IR I8 « (R A T, BT DUESRAH A3 XIS UEE R 2 MR, RIEH
X 25 T 45 SR B4 .
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CCL24-EvalfE&568 H T — N EEIR « HRLE /A E SRR B 5 FRARAESS - T
fESSHRE A, AR T ARBLESRS T RAMER ) [ER R B SRR 5 BE T
£ o R IERRIE N S AE T SHETE R B RN PR R AL S5 B o A B LIS R S5 I E258T 8
X, HARIERAK/ MBS ER, FENPRESEIRR AR BE R, USRI
R BRSSPI MR - FBREFH, AR H P ERBE R ERE#A T IH S5 2
fi#, FE=1F5E LB T Baseline /7154 B+ T713.54 « 4.03~ 57.11

K. KIEFEE . BEREARS] . A M
System Report for CCL24-Eval Task6: A Chinese Rhetoric
Recognition and Comprehension Approach for Collaborative

Decision-Making in Large and Small Models Guided by Human
Thinking

Wen Wang!,Siyi Tang',Dong Yu®", Pengyuan Liu'»?
1.Faculty of Computer Science,Beijing Language and Culture University,Beijing,100083
2.National Language Resources Monitoring and Research Center for Print Media,Beijing,100083
wangwenblcu@gmail.com, tangsiyi0805@gmail.com
yudong@blcu.edu.cn, liupengyuan@blcu.edu.cn

Abstract

CCL24-Eval Task 6 presents a multi-level, fine-grained elementary and middle school
composition rhetoric recognition and comprehension task. Aiming at the task charac-
teristics, this paper proposes a Chinese rhetoric recognition and comprehension method
with collaborative decision-making between large and small models under the guidance
of human thinking. The method redefines the order of the task according to the human
thinking when facing the task of rhetoric recognition and comprehension, and selects
the large and small language models respectively, so that the realization effect of each
step reaches the local optimization, and the local optimization achieves the optimal
effect of the overall task. The results show that the method proposed in this paper
can effectively recognize and comprehend rhetoric, and improves 13.54, 4.03, and 57.11
compared with the baseline method on the three tracks, respectively.

Keywords: LLM , Rhetorical Recognition , Component Extraction
B EE ‘ ‘ N N o
EE&WH: HEMACERARBE (23YJAZH184) ; JLH0ET KFEEWQIHF & (F R e AR %
) (21PT04) ; JLIREFKEMTAEQFES (PRERERRINL S RLWE &) HHEBR (24YCX114)
©2024 FETAIBFTHEAERIE (Creative Commons Attribution 4.0 International License) ¥FA] iR
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1 58

BEEARRIFNE R — 1 B AP RS, H B R IERTTM B SRR B RS FIE L
R RRSOREH RERERTY, FEX A AERE AL ST - ERF R B AN S5 F 2N
FTHLES AR - (ESCB oS5 BRI, BFEE SCME BRI - 7 (X5
FEESCREIRE) F, XA/NAESCIZRIR T AR ESR, SRR ERETIEHIT A
LB (W, 2017) « X —ESRMIN, EEER HehRBIFMRAE CEINEE . A, Z
A OB 9E TAER 2 8 R AR @ AE T R SR BOIRR (EUR et al., 2023), REHBHE Bz AMEE - [
I, BB RHE R AR S5 5 Ao U S5 55 R OB 50 AR (BRI S et al., 2021; FRIEZE, 2024),
B OWHERE R RIE XL, TCIENESGEM A H 2T ES: -

CCL24-EvalfE556§& Hi T — MERAMKLE - £ Z IR/ NEESUERHR T 5 BARESS - &
TRIRZ BEIRIES, EGRBERRRRI A NGERIF MR - & ChatGPT4 KBS
BRI, BHIFA 5 & B A G = 2R IR H 00 K8 S0 mT DUR SO SOR s 3L, JF BLx
PR R BT RIFRISITRES] (11, 2023) - SR, KIE S HRANAE I LUE 8 AT _E A7 ZE A Ak
ff(Zhang et al., 2023), FNHRZIGRFHEA R (Li et al., 2024) - E=T I, F%CCL24-Evalt:
556, FAHRH T —Ph NRELESE T T R/MEBL I RIR ) oSBT R R 5 BT -

2 fEFEX
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