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Abstract

This paper presents our system submitted to the Chinese Frame Semantic Parsing evaluation
task at the 24th China National Conference on Computational Linguistics (CCL2025). For the
three subtasks of Frame Identification (FI), Argument Identification (AI), and Role Identification
(RI), we utilized a larger Chinese pre-trained model, as the foundation and adopted specific
optimization strategies for FI and RI subtasks. Specifically, we incorporated word segmentation
structure information and updatable pre-trained target word embeddings in the FI subtask, and
explored the use of Focal Loss combined with target word embeddings and word segmentation
structure information in the RI subtask. Furthermore, a voting mechanism was employed in both
the FI and RI subtasks to enhance performance. Our system ultimately achieved first place on
the TestA and second place on the TestB.
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1 Introduction

As a critical task in fine-grained semantic understanding, Chinese Frame Semantic Parsing (CFSP) lever-
ages the rich lexical-semantic knowledge encoded in Chinese FrameNet (CFN) (You and Liu, 2005; Li
et al., 2023a). This task is first introduced as a evaluation task during the CCL2023-Eval (Li et al.,
2023a). CFSP aims to extract frame-semantic information from a sentence (Wang et al., 2020). Its
effectiveness in enhancing a range of downstream applications, 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.

Chinese FrameNet (CFN), a structured knowledge representation developed by Shanxi University,
grounds itself in the principles of Frame Semantics, drawing inspiration from English FrameNet (Fill-
more et al., 2003) and utilizing authentic Chinese corpora as its foundational data source (Li et al.,
2024). By establishing explicit connections between vocabulary and underlying concepts through the
notion of “frames”, CFN provides a rich semantic resource. Notably, a portion of the CFN dataset was
made publicly available for the first time during the CCL2023-Eval Chinese Frame Semantic Parsing
(CFSP) task. Building on this, the subsequent CCL2024-Eval CFSP introduced additional information
pertaining to constructional target words (Peiyuan et al., 2024). This evaluation focuses towards the
models’ capacity to analyze sentences exhibiting semantic nesting phenomena.

The pervasive phenomenon of semantic role nesting in sentences, such as in the sentence “F.HJHR & (1
ZWEARI T o 7 (My eyes can’t see anything anymore.), where “F FJARIE” (my eyes) functions as the
“Body _part” role within the “H FH/2/(Perception_active)” frame, while simultaneously “F%” (I) acts as
the “H F/BA1E™ (Perceiver) role, has led to a prioritization of annotating semantic roles with broader
argument spans in previous evaluations, neglecting finer-grained roles and consequently resulting in the
omission of some semantic information. This evaluation places a greater emphasis on the model’s ability
to analyze sentences exhibiting semantic nesting phenomena and aims to improve existing analysis tools
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Frame Name Fi & F#2 5 (Body movement)

fti B 1 FH E 5 AR AT R S s T B BRI -

Frame Definition
(An agent performs movement or action using parts of their body.)

fe_name fe_def

HEENE (Agent) iz 5 ﬁﬁ@%%%ﬁﬁ%mﬁ%ﬁﬁ - (An agent uses specific
body parts to carry out an action.)

T AT R R R B GRA TR, AR TRE -

S A&ER(I(Body part) | (The body part involved in the action is expressed through the meaning of

the verb and cannot be expressed independently.)

& (Degree) FRFHRERTEE - (Denotes the extent of the event.)

Frame Elements

77 [7](Direction) ARSI A/ 9] « (The direction of the body movement.)
FRGARZE) A AR E] o (The time when the body movement
takes place.)

BRI IBRE BN 7T - (Indicates the source location where
the movement of the body part is initiated.)

f<f (8] (Time)

#L /5. (Source)

Table 1: An example about “AF4 %) (Body movement) frame in Chinese FrameNet.

—BE W
G

Figure 1: An example of CFSP.

that are prone to overlooking partial role information when faced with linguistic phenomena such as the
nesting and fusion of frame elements.

As before, 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 arguments, can be a single word or a span in the sentence. The goal of Argument Identification
(AI) is to locate all arguments within the sentence and determine their boundaries. The purpose of Role
Identification (RI) is to assign appropriate semantic role labels to the identified arguments. Taking
Figure 1 as an example, the target word in the sentence “ifi 1.0 —FEBiZE” (Her heart trembled for a
moment)” is “Bii 52 (trembled), which corresponds to the frame “f{4#5%/)” (Body movement) in Table
1. In this sentence, there are multiple arguments related to this frame, i.e., “U8” (her) and “ff [/
(her heart). “Jiz/)# " (agent) and “ B RERAL (Body part) are their corresponding semantic role labels,
respectively, It is noted that the two arguments, “I8” (her) and “@B[*))0>” (her heart), exhibit a nested
structure.

To enhance performance across the various subtasks of this evaluation, we implemented distinct
strategies, with a particular emphasis on improving the outcomes for FI and RI subtasks. Across all
three tasks, we upgraded the base architecture to a larger Chinese BERT model. Specifically, for
FI subtask, we incorporated word segmentation structure information and pre-trained embeddings for
target words (fasttext), allowing the target word embeddings to be updated during training. For RI
subtask, we replaced the standard Entropy Loss with Focal Loss and also integrated pre-trained tar-
get word embeddings and word segmentation structure information. Finally, we employed a voting
technique to refine the predictions for both FI and RI. All of our datasets and codes are available at
https://github.com/yahuil9960717/CCL-2025-CFN.git.
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2 Related Work

The Chinese Frame Semantic Parsing (CFSP) task, a novel challenge based on CFN, was first presented
at CCL2023-Eval (Li et al., 2023a). Current CFSP research largely employs neural network methods
(Li et al., 2023b; Huang et al., 2023; Liu et al., 2023; Guan et al., 2023). Li et al. (2023b) achieved
significant gains in Frame Identification (FI) by using rotational positional encoding (Su et al., 2021)
to improve entity attention. Huang et al. (2023) enhanced model robustness through training strategies
like Exponential Moving Average (EMA) and the Fast Gradient Method (Miyato et al., 2017). For
FI, Liu (2023) framed CFSP as a word-based graph parsing task for end-to-end frame and argument
identification. For Argument Identification (Al) and Role Identification (RI), they utilized tree parsing to
better model argument structure for boundary and role recognition. Guan (2023) explored various pre-
trained models and a range of techniques in feature engineering, model design, and other optimizations
for each subtask.

In the era of LLM, the performances of LLM on most NLP tasks are still well below the supervised
baselines (Sun et al., 2023; Yan et al., 2024). Li et al. (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. In CCL2024-Eval, Yang et al. (2024) introduce construction grammar
to expand the targets, as basic units activating frames in texts, from word-style to construction-style.
This evaluation includes two tracks: close track and open track. Open track allows for inference using
large language models such as ChatGPT. Liu et al. (2024) won first place by employing a method that
combines small and large models, but the performance of LLM does not stand out in the CFSP task.

In this evaluation, considering the poor performance of large models on this task, we opted to lever-
age linguistic features and pre-trained models with smaller models to enhance the performance of each
subtask.

3 Methods

Our work builds upon the baseline model proposed by Li et al. (2023b). Their baseline utilizes an entity
classification method based on Rotational Positional Encoding (RoPE) (Su et al., 2022) to calculate
attention scores between entities for classification. Next, we will introduce the techniques and strategies
used during the competition.

3.1 Pre-trained Model

Initially, for all three subtasks, we replaced the original chinese-roberta-wwm-ext model' with the larger
pre-trained model.”> Our primary rationale for this substitution was that larger pre-trained models typ-
ically possess greater model capacity and learning ability, enabling them to capture more intricate lan-
guage patterns and knowledge. Theoretically, this should contribute to better generalization performance
on downstream tasks. Our experimental results on TestA validated this hypothesis, demonstrating per-
formance improvements across all three tasks with this substitution.

3.2 Frame Identification

The FI subtask is to identify the frames triggered by the given target word in the sentence from a total
of 713 provided frames. For FI subtask, the task data already provides explicit target word information,
including the start and end boundary indices of the target word. We adopted the RoPE-based entity
classification method to calculate the scores for the corresponding frames of each target word. To more
fully leverage the target word information, we obtained the embedding representation of the target word
text using a pre-trained word embedding?, and then concatenated this embedding with the output of the
BERT model. This combined representation was learned and adjusted during the model training process.

"https://huggingface.co/hfl/chinese-bert-wwm-ext/tree/main
Zhttps://huggingface.co/hfl/chinese-roberta-wwm-ext-large/tree/main
3https:/fasttext.cc/docs/en/pretrained-vectors.html
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Figure 2: The distribution of the number of example sentences corresponding to each frame in Train set.

In addition, considering that the structural information from Chinese word segmentation might be
beneficial for the tasks, we also incorporated the word segmentation structure information in the sen-
tence into our model. We employed the BMES (Beginning, Middle, End, Single) tagging scheme to
indicate whether each character in the sentence belongs to the beginning, inside, or outside of a word. As
shown in Figure 1, its word segmentation structure information can be expressed as “BEBEBEBEBES
BEBEBMEBEBEBMMESBEBES”.

Furthermore, we observed a significant class imbalance issue, exhibiting a long-tailed distribution
where a few frame categories accounted for the majority of training samples, while a large number of
frame categories had only a small number of instances. As shown in Figure 2, the distribution of the
number of sentences corresponding to each frame in the training set is displayed. It can be observed
that the largest number of frames have between 1 and 15 sentences, while frames with other sentence
counts are relatively few. To address the potential bias in model training caused by this data distribution,
we experimented with replacing the standard Cross-Entropy Loss with Focal Loss (Lin et al., 2017).
Focal Loss aims to make the model focus more on hard-to-classify samples by dynamically adjusting the
weights of samples. The formula of focal loss is shown as Equation 1. However, the experimental results
on the TestA unexpectedly showed that applying Focal Loss did not lead to performance improvements
for the Frame Identification task. We hypothesize that this might be because there are a large number of
frame labels present in TestA that are completely absent from the training set (there are 75 frames that
have no corresponding sentences in the training set). Even though Focal Loss can effectively mitigate
the class imbalance problem for known categories in the training set, the model lacks the fundamental
knowledge to learn relevant features for categories not seen during training, which may explain why
using Focal Loss did not yield the expected benefits on TestA.

FL(p) = —(1 — pt)log(pr) (D

where p; means the probability of the correct class predicted by the model.

Voting is a common strategy used in evaluation competitions to enhance model performance. During
the evaluation of each model, we enabled Dropout and ran the model three times using different random
seeds: 1, 77, and 777, to obtain three distinct sets of prediction results. For FI subtask, we directly se-
lected the frame that the highest number of votes across these three prediction sets as the final prediction.

3.3 Argument Identification

The Al subtask aims to identify the boundaries of text segments in a sentence that function as arguments
of a frame. We primarily relied on the strong contextual understanding capabilities of the pre-trained
language model. Although we experimented with incorporating word segmentation structure information
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data ‘ train ‘ dev ‘ testA ‘ testB ‘ frames
CFN | 10,700 | 2,300 | 4,400 | 4,600 | 713

Table 2: Data statistic of CFN.

Team | Fl.acc  AILfl RI_f1 task_score
Teaml | 71.8032 85.9555 58.5900 70.7636
Team?2 | 71.8960 85.5192 57.6181 70.2718
Team3 | 71.0838 85.2344 57.7761 70.0059

Table 3: Reproduction results of the top three teams.

into the argument identification model, we did not observe significant performance improvements in our
experiments, and therefore this feature was not used in the final model. In addition, voting strategies also
failed to improve the performance of the model.

3.4 Role Identification

The RI task aims to determine the semantic role of identified arguments within a specific frame. Similar
to the FI subtask, we first utilized the boundary information of the target word and concatenated the
pre-trained target word embeddings obtained via fasttext with the output of the BERT model. A key
improvement was the replacement of the cross-entropy loss function used in the baseline with Focal
Loss, with the goal of better handling potential class imbalance issues. We also experimented with
incorporating word segmentation structure information. Finally, we applied the same voting technique
used in the FI subtask to ensemble the results for the RI task. Specifically, we retained the argument
spans that appeared in at least 2 out of the different model prediction results.

4 Experiments

4.1 Data and Settings

The data statistics of CFN are presented in Table 2. We set the Focal Loss parameter v to 1 tuned on
TestA with other model parameters following Li et al. (2023b).

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:
ACC — the right number of frames 2
Total number of frames

P Count(gold N pred) 3)

Count(pred)
R_ Count(gold N pred) @

Count(gold)

2%« Px R
Fl=——— 5

P+ R ©)

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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Model FI_acc AIL_f1 RI_f1
Full Model 71.8960 85.5192 57.6181
—w/o LM 71.5943 82.9840 56.5342

—w/o WS 71.6175 - 57.1250
—w/o TWE | 71.7336 - 57.0354
- w/o Voting | 72.1977 - 57.4830
—w/o FL - - 57.9126

Table 4: Ablation study on three subtasks.

4.3 Results and Analysis.

As shown in Table 3, we compared the performance of our submitted system with the top three teams
on the leaderboard. Our system (Team?2) achieved an accuracy of 71.8960 on FI subtask, an F1 score
of 85.5192 on Al and an F1 score of 57.6181 on RI, resulting in an overall score of 70.2718, ranking
second.

Compared to Team1, our system exhibited performance gaps in both the Al and RI subtasks, which
directly contributed to our lower overall score. The higher F1 score achieved by Team1 in Al subtask
likely stems from their more effective techniques for identifying argument boundaries. Notably, our
system demonstrated a slightly superior performance in the FI subtask, potentially validating the effec-
tiveness of our combined strategies, including the larger pre-trained model, word segmentation structure
information, target word embeddings, and the voting mechanism, for frame recognition. While a perfor-
mance gap exists in Al subtask compared to the top team, the difference is relatively small. Considering
that we primarily relied on the representational power of a larger pre-trained model for this subtask, this
tentatively suggests the potential of larger models in capturing argument boundary information. How-
ever, we observed a more significant performance decline in the RI subtask, which is likely attributed
to the performance limitations in our Al subtask as argument role labeling typically relies on accurate
argument boundary identification results. Therefore, improving the performance of Al subtask will be
crucial for future enhancements in RI subtask.

Ablation Study After the competition, we conducted ablation studies on all three tasks by system-
atically removing individual technical components. As shown in Table 4, the components include LM
(RoBERTa large model), WS (word segmentation structure information), TWE (target word embed-
ding), and FL (focal loss), where “-” indicates that the full model does not incorporate the corresponding
technique. As we can see, removing the large pre-trained language model leads to a notable drop in
performance across all three tasks, especially in Al (-2.53 F1) and RI (-1.08 F1), confirming that deep
contextual representations are critical for semantic understanding.

Removing the structure information of word segmentation causes a slight decline in FI and RI perfor-
mance, suggesting that the information contributes modest semantic cues, although it is less critical than
LM. Similarly, the impact of removing TWE is comparable to WS, indicating that both tasks are indeed
sensitive to target word information, even when the pre-trained model is capable of capturing contextual
semantics, the explicit representation of the target word can still provide additional signals.

Interestingly, removing the voting strategy leads to a small increase in FI accuracy, suggesting that the
voting mechanism may be unstable. We hypothesize that this may be due to the insufficient number of
prediction outputs used for aggregation.

In addition, removing focal loss slightly improves RI F1, which is contrary to its effect on TestA. This
may be due to differences in the degree of label imbalance between TestA and TestB, with TestB possibly
being more balanced.
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5 Conclusion

This paper presented our system for the Chinese Frame Semantic Parsing task at CCL2025. We lever-
aged a larger pre-trained model and introduced specific optimizations for FI and RI subtasks, including
linguistic features and voting. Our system achieved first place on TestA and second place on TestB.
While demonstrating competitive performance, particularly achieving a slight lead in FI, our analysis
revealed performance gaps in Al and RI subtasks compared to the top-ranked Team1. Future work will
focus on enhancing our Al capabilities, which we believe will subsequently improve RI performance, to
further advance our overall CFSP system.
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