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Abstract

This paper presents the results of the FIE2025, a shared task aimed at evaluating the ability
of Large Language Models (LLMs) to perform factivity inference on Chinese texts: whether
LLMs can correctly discern the veridical information of propositions encoded in the complement
clauses. The responses to the task mirror the extent to which LLMs can grasp the implicit truth
judgments made by human speakers through texts, as well as their subjective stances. Such a
capability is crucial for autonomous inference in intelligent agents and for achieving fluid hu-
man—Al interaction. The task was hosted on the Alibaba Tianchi platform and evaluated through
two tracks: with and without finetuning. A mixed dataset was constructed, combining both syn-
thetic sentences and authentic corpus instances. The dataset comprises a total of about 3,000
items labeled by expert linguists, including 845 (300+545) manually created items and 2,143
(700+1,443) items selected from existing corpus. 404 results proposed by 74 teams were suc-
cessfully submitted to Tianchi system. Overall, under current technological conditions, the key
to successful factivity inference lies in whether LLMs effectively identify different types of pred-
icates and various contextual conditions from the given texts. Models that support long-context
prompt inputs tend to achieve the best inference performance when provided with numerous
shots. This shared task deepened our understanding of the factivity phenomenon in Chinese,
expanded the influence of factivity research within the field of natural language processing, and
provided an exploratory precedent for future activities focusing on factivity inference in Chinese
and potentially other languages.

Keywords: Factivity Inference , Natural Language Inference , LLM Evaluation , Chinese ,
Chinese Information Processing

1 Introduction

In linguistic research, factivity is a complex phenomenon that spans multiple levels of analysis, interact-
ing with the issues in lexical, syntactic, semantic, and pragmatic domains. Broadly speaking, factivity
refers to a conventional relationship between the matrix predicate and the truth value of the proposition
embedded within the complement clause. For example:

e (a) Xiaozhou zhidao | Xiaobo lai=le ].
Xiaozhou know Xiaobo come=PRF
‘Jo knows that Bo came.’

e (b) Xiaozhou huang-cheng [ Xiaobo lai=le ].
Xiaozhou lie-claim Xiaobo come=PRF
‘Jo lies that Bo came.’
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* (¢) Xiaozhou xiangxin | Xiaobo lai=le ].
Xiaozhou believe Xiaobo come=PRF
‘Jo believes that Bo came.’

(a) is a complex sentence that contains an embedded event clause. Xiaobo lai le (Bo came) functions
as the complement of the matrix verb zhidao (know) and contains a proposition. One can infer from
(a) that the encoded proposition Xiaobo lai le is taken to be true in the actual world. This type of
inference concerning the veridicality of a proposition appears to be closely tied to the choice of the
matrix predicates. When the matrix verb zhidao is replaced with huangcheng (falsely claim), as in (b),
the truth value of the embedded clause is conversely inferred to be false. In contrast, if zhidao is replaced
with xiangxin (believe), forming (c), the truth value of the embedded clause becomes uncertain.

Interestingly, for this kind of predicates, the use of negation operator usually cannot overturn the
interpretation of truth value of its complement clause. For example:

* (d) Tamen yishidao [ jumian yijing buke-wanhui ].
they realize situation already ir-reversible
‘They realized that the situation was already irreversible.’

* (e) Tamen meiyou-yishidao | jumian yijing  buke-wanhui ].
they NEG-realize  situation already ir-reversible
“They didn’t realize that the situa tion was already irreversible.’

The truth value of the complement clause in (d), jumian yijing bukewanhui (the situation was already
irreversible), would not be stirred even when its predicate, yishidao (realize), is negated by meiyou (not),
that is, one can infer the same veridical proposition from both (d) and (e). Kiparsky & Kiparsky (1970)
consider this phenomenon as a lexical presupposition that the matrix verb presupposes the truth of its
complement clause. It shows that the knowledge employed here is a kind of analytical linguistic knowl-
edge, which involves the analysis of semantic relations among linguistic components, and is relatively
independent of world knowledge.

Yuan (2020a) proposed that factivity inference (FI) serves as a key navigational mechanism in lin-
guistic inference, which is often accompanied by clear formal linguistic cues in Chinese. Research on
factivity helps illuminate the mechanisms underlying human language comprehension and inference.
Moreover, it provides syntactic and semantic foundations essential for enabling Artificial Intelligence
(AI) to perform Natural Language Processing (NLP) tasks, such as Recognizing Textual Entailment
(RTE), hallucination detection, belief revision, etc.

This motivation led us to design and organize FIE2025, which is a shared task aimed at evaluating the
FI capabilities of Large Language Models (LLMs) on Chinese texts. Throughout this task, we hope to
promote growing academic interest in this topic within the NLP community.

The remainder of this paper is structured as follows: Section 2 reviews related work; Section 3 outlines
the theoretical foundations and task design; Section 4 describes the data construction; Sections 5 and 6
present and analyze the evaluation results; Section 7 concludes with a discussion of future directions.

2 Related work

2.1 Discussion from theoretical linguistics

In the field of theoretical linguistics, research on factivity primarily treats it as a criterion for classifying
predicates, exploring the semantic features of predicates through the lens of factivity and the syntactic-
semantic distinctions among predicates with different factivity types. Classic discussions on this issue
can be found since Kiparsky & Kiparsky (1970), Karttunen (1971), and Leech (1981). Some studies have
investigated the island effects associated with factive structures from the perspective of formal syntax,
such as Adams (1985), Rooryck (1992), Oshima (2007), Kastner (2015), and Schwarz & Simonenko
(2018). The syntactic realization of factivity also varies cross-linguistically (Kastner, 2015; Altiagoitia
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and Elordieta, 2016; Wiemer, 2014; Ohta, 1991). Besides, some studies have addressed factivity phe-
nomena in Chinese, including Yuan (2014; 2020b; 2020c; 2021), Li (2014; 2018; 2020), Zhang (2020),
Chen & Zhang (2020), Li & Yuan (2016; 2017), Yuan & Kou (2018), and Lin & Zhang (2024), etc.

2.2 Discussion from computational linguistics

In the field of computational linguistics, FI is considered a task of understanding, specifically a sub-type
of textual entailment. In nature, the task involves determining the truth value of one statement based
on the content of another. Evaluating language models’ ability to perform FI thus falls under Natural
Language Understanding (NLU) assessments, and more precisely, under Natural Language Inference
(NLI) evaluation. Many existing works have implicitly or explicitly touched upon this issue:

Datasets: Many datasets have incorporated factivity-related sentences into their design, even though
few datasets explicitly define factivity as a central concern. In the case of comprehensive benchmarks,
MNLI (Williams et al., 2018; Bowman et al., 2015) in GLUE (Wang et al., 2018) collects around 390,000
items including some FI instances. As for targeted evaluations, Sauri & Pustejovsky (2009) built a
large-scale corpus, FactBank, focused on event factuality. Several relevant datasets were developed
subsequently, such as UW (Lee et al., 2015), MEANTIME (Minard et al., 2016), UDS (White et al.,
2016), MegaVeridicality (White and Rawlins, 2018; White et al., 2018; Rudinger et al., 2018), and CGC
(Markowska et al., 2023), etc.

Models: In terms of the tested models, most evaluations to date have focused on LSTM and BERT-
based classifiers, as seen in works like White et al. (2018); Rudinger et al. (2018); White & Rawlins
(2018); Ross & Pavlick (2019); Jiang & de Marneffe (2021); Cohen (2021); Markowska et al. (2023),
etc. Evaluations conducted on decoder-only models such as ChatGPT or LLaMA are still relatively rare,
though some recent works have begun to address this gap (Basmov et al., 2024; Kosinski, 2024).

Languages: As for corpus languages, the vast majority of NLI datasets are constructed based on En-
glish corpora. Only a few non-English datasets have included FI as a component, such as XNLI (Conneau
et al., 2018) and a recent Polish factivity dataset (Ziembicki et al., 2024).

3 Task definition and annotation

As mentioned, FI is considered as an NLU task, specifically an RTE task, aiming at determining the
truth value of one statement (the proposition of the embedded clause) based on the content of another
(the whole sentence). Usually, the sentence used for entailing is named the entailing sentence or premise,
while the sentence being entailed is called the entailed sentence or hypothesis.(Dagan et al., 2005; Poliak,
2020) In this shared task, for convenience, we keep up with Yuan & Wang (2009) and use the term ftext
and hypothesis to entitle the entailing and the entailed sentences.

3.1 Task flow

The shared task proceeds as follows: Participants are first required to choose whether to engage in
the finetuning (abbr. FT) track, the non-finetuning (abbr. Non-FT) track, or both, depending on their
experimental goals and available resources. There is no restriction on the choice of LLM series or
versions; participants are free to use any model, regardless of its architecture or scale. Any external
resources or knowledge databases deemed beneficial are allowed in the Non-FT track, provided that they
do not involve gradient-based optimization or any modification of the model’s weights, which could
compromise the fairness and integrity of the competition. Using the dataset provided by the organizers,
participants are required to construct input prompts and submit them to the selected models via API
access. The models should then generate responses for each item in the dataset. These responses must
be collected, formatted according to the specified requirements, and submitted in JSON format to the
Tianchi evaluation platform for official assessment.
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3.2 Annotation

To enable participating teams to efficiently utilize the dataset, we encode all information that is po-
tentially required during the evaluation task into a JSON file. There are 7 keys in each object, which
together constitute the basic structure of the data from the sample set of the synthetic corpus. The 7 keys
include the data id (“d_id”); the word form of predicate ( “predicate”); the entailing sentence or premise
(“text”); the entailed sentence or hypothesis (“hypothesis”); the formalization of the predication or out-
put of LLMs (“output”); the factive type of the predicate (“rype”), which is concealed in the authentic
sets; and the expert answer (“answer”), which is only provided in the sample sets. In the key of “op-
tion”, there are 3 embedded keys {7(rue), F(alse), U(ncertain)}, corresponding respectively 3 potential
labeling results of textual inference { Entailment, Contradiction, Neutral}. An extra key R(ejection) was
proposed to help to collect the potential bug items during the pilot tests.

4 Data

The sample set and the unlabeled test set are available under a Creative Commons Attribution 4.0 Inter-
national License.!

4.1 Scale and provenance

The dataset of FIE2025 contains two subsets: a sample set used as the validation set during pre-
competition stage, and a test set used for the competition stage.

The sample set contains 300 synthetic corpus items and 700 authentic corpus items, while the test set
includes 545 synthetic corpus items and 1,443 authentic corpus items.

It’s worth noting that there were 36 items about jiazhuang (pretend) and 2 items about zhuangzuo
(pretend) excluded during the pre-competition stage due to potential semantic controversy.?

Some scholars pointed out that some components in the authentic context can impact the interpreta-
tion of the truth value of the complement clause.(Yuan, 2021; Ju, 2023; Yuan, 2024) To compare the
prediction accuracies under different contextual richness, we collect data in different ways. The syn-
thetic corpus is handmade to assure that each premise provides only an idealized human-created textual
environment. While all the data in the authentic corpus are extracted and revised from CCL, which is a
comprehensive Chinese corpus developed by Peking University.>

4.2 Predicates selection

The predicates in the synthetic corpus are derived from Li (2020), while those in the authentic corpus are
slight modifications based on the synthetic corpus predicates.

To evaluate the generalization ability of the techniques employed by participating teams across differ-
ent predicates within the FI task, we deliberately limited the number of predicates allowed in the sample
set. Specifically, we randomly selected half of all predicates to be included in the sample set, ensuring
that some predicates in the test set also appeared in the sample set, while the other half remained unseen
during sample exposure. The quantity of collected predicates is listed in the Table 1.

Quantity of predicates Synthetic corpus Authentic corpus Total

Sample set 66 19 70
Test set 73 70 78
Total 79 71 82

Table 1: The quantity of predicates of different subsets and corpus resources.

"Dataset: https://github.com/UM-FAH-Yuan/FIE2025/. License details: http://creativecommons.
org/licenses/by/4.0/.

2See our explanation in the Appendix A.

3See http://ccl.pku.edu.cn:8080/ccl_corpus/.
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4.3 Labeling

To simplify dataset construction, we retain the classical three-way classification scheme for labeling.
All annotation results are selected from a fixed set of three labels: T, F, U, representing true, false, and
uncertain, respectively.

For the human-constructed corpus, the data were handmade by one Ph.D. student and labeled and
revised by three expert annotators. While the authentic corpus was extracted from CCL, filtered with
rigorous standard and labeled by three expert annotators.

It has been reported that human are facing an issue of low inter-annotator agreement in semantic
annotation of NLU datasets.(Nie et al., 2020; Zhou et al., 2021) To ensure both accuracy and consistency
of the annotations, all three annotators are PhD students in linguistics with long-term research experience
in factivity and a record of collaborative work.

The annotation procedure is as follows: first, the three annotators label the data independently; then,
their results are compared and cases of disagreement are discussed; finally, the gold label is determined
by majority vote among the annotators. The thinking process behind all annotation decisions is recon-
structable enough to explain the assigned labels.

5 Shared task evaluation and results

The shared task was conducted on the Alibaba Tianchi System,* which provides a compositive platform
of dataset management, output evaluation, and a quickly updated leaderboard.

The sample dataset was made available on the Tianchi platform one month prior to the competition
phase, whereas the test set was exclusively accessible during the 7-day competition window. Participating
teams were permitted a maximum of two daily submissions while maintaining unrestricted access to the
leaderboard.

5.1 Assessment metric

The shared task adopts overall accuracy as the assessment metric. Specifically, the score of a submission
is calculated as the total number of correctly answered items in both the set of synthetic corpus and
the set of authentic corpus, then divided by the total number of items in the test set. As mentioned in
Section 4.1, some bug items were skipped during score calculation.

correct_art + correct_nat

total_acc = x 100%
total_art + total_nat

This formula shows how we calculate the grades of submitted predictions, where tofal_acc refers to
total accuracy, art refers to synthetic corpus, and nat refers to authentic corpus.

5.2 Baseline

As the task baseline, we adopt the Qwen2-7B-Instruct model to evaluate textual entailment relations
between predicates and their complement clauses. In Non-FT, we obtain model responses solely by
sending the designed prompts, without any model modifying. In FT, we provided a baseline to perform
instruction fine-tuning on Qwen2-7B-Instruct. Specifically, we utilized LLaMA-Factory to achieve effi-
cient instruction fine-tuning with the Low-Rank Adaptation (LoRA).’> BF16 mixed-precision mode was
enabled during training to improve computational efficiency. The LoRA rank was set to 8, freezing most
of the model weights and optimizing only a small number of parameter matrices, thereby significantly
reducing memory requirements. The maximum input sequence length was set to 2048, and the learning
rate was 0.0001. Finally, our finetuned model was combined with the same prompt template to produce
high-quality task-specific responses. All experiments were conducted on a single NVIDIA A100 GPU.
As shown in Table 2, in Non-FT, our baseline achieves an accuracy of 53.74% on the synthetic corpus
and 69.86% on the authentic corpus, with a weighted overall accuracy of 65.02% . In FT, we observe an
accuracy of 94.66% on the synthetic corpus and 88.93% on the authentic corpus, with a weighted overall

‘See https://tianchi.aliyun.com/.
SFor details, see https://github.com/hiyouga/LLaMA-Factory/.
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Model: Qwen2-7B-Instruct Non-FT LoRA-FT

art_acc 53.74% 94.66%
nat_acc 69.86% 88.93%
weighted mean 65.02% 90.65%

Table 2: This table shows the baseline results in two tracks.

accuracy of 90.65%. Obviously, the LoRA fine-tuning significantly enhances model performance on FI,
and is therefore introduced as a demonstrative method.

5.3 Results of participants

We received a total of 218 registrations on the Tianchi platform, with 74 teams successfully submitting
results. Among them, 30 teams had identifiable affiliations. There are 22 teams who submitted rough
reports, and 9 of these were recommended for expansion into detailed system reports.

Number of result submissions During the competition stage, the Tianchi platform received a total of
539 result submission attempts, of which 404 were successfully submitted. Among these, 305 were from
Non-FT track, and 99 were from FT track.

Ranking results The highest-scoring submissions in Non-FT and FT tracks are shown in Table 3 and
Table 4, respectively. The vast majority of teams outperformed our baseline in the Non-FT track, while
in the FT track, about half of the teams exceeded the baseline performance (Non-FT: top 97.14%; FT:
top 50%).° We believe this difference reflects the high level of enthusiasm and engagement among
the participating teams, who improved their best scores through repeated experimentation and multiple
submissions.

6 Analysis of evaluation techniques

In this section, we provide a general overview of the methods and strategies reported by the teams. The
analysis is based on the 9 system reports and 13 rough technical reports submitted by participants after
the competition stage. Teams who did not submit any report are not counted in the statistics. For detailed
technical information, please refer to the system reports of this shared task.

Overall, most of the participants realized that the key for LLMs to conduct the FI task lies in identifying
the varying properties of predicates and the contextual conditions under which they appear. Most teams
adopted the strategy of pre-constructing an external knowledge base through certain automated meth-
ods before drawing on it to customize prompts in accordance with different predicate types or specific
contextual conditions. In terms of instructing manner, participating teams proposed novel and diverse
approaches to enhance the consistency and reliability of model responses.

6.1 Model selection

As shown in Figure 1,the uses of 12 series covering 19 models that were reported among submissions,
including Deepseek, Claude, ChatGPT, Qwen, Ernie, LLaMA, Kimi, GLM, Spark, Hunyuan, Doubao,
and Gemini. Among them, the most popular large language models came from the Deepseek and Qwen
series. The larger fan area indicates that the series or model was selected by more participants.

6.2 Prompt engineering

Our participants employed a wide range of prompt strategies in both tracks, characterized by both quan-
tity and diversity. Most of the reported strategies focus on guiding models to conduct fine-grained
recognition and understanding. There are 8 core methods of prompt engineering, covering Chain-of-
Thought (CoT), few-shot, role assigning, factive types indicating, contextual components indicating,
model-summarized rules, linguistic knowledge providing, and data enhancement. See more detailed
information in Table 5 in the Appendix B.

®In terms of all submissions, 93.18% surpassed the baseline in Non-FT track, while 30% exceeded the baseline in FT track.
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Ranking Name code No. Affiliation Total_acc Art.acc Nat_acc
BIT-1 (Li et al., 2025b) 37 Beijing Institute of Technology 94.01% 97.80%  92.58%
CAS (Yan et al., 2025) 49 Chinese Academy of Sciences 93.76% 97.80%  92.24%
BNU (Li et al., 2025a) 12 Beijing Normal University 9351% 9817%  91.75%
B4 KU-HNU (Zhao et al., 2025) 30 Kunming University; 9341%  97.61% 91.82%
el HunanNormal University ________ T .
.o Chinese Academy of Sciences;
e emes * ____ University of Chinese Academy of Sciences 290 780%  071%
06 RUC (Zhang et al., 2025) 15 Renmin University of China 92.61% 9541%  91.55%
7 HKPU-SU (Wang et al., 2025) 9 The Hong Kong Polytechnic University; 92.40%  96.15%  90.99%
,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,, Sichuan University .
8 HUST (Liu et al., 2025) 25 Huazhong University of Science and Technology 91.70% 94.13%  90.78%
9 UCASS-CASS 3 Umversuy‘ of Chinese Academy .of Sor.:lal Sciences; 91.60% 96.15%  89.88%
,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,, Chinese Academy of Social Sciences "~
10 BISTU-CNU 29 Beijing Informathn Science & Te?chn(?logy University; 90.95% 9321%  90.09%
,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,, Capital Normal University " ____________.
11 CASS 28 Chinese Academy of Social Sciences 90.09% 94.44%  88.45%
12 JLU 7 Jilin University 89.99%  95.05%  88.09%
13 XJu 48 Xi’an Jiaotong University 89.84% 93.55%  88.45%
14 BIT-2 43 Beijing Institute of Technology 89.19% 97.25%  86.14%
15 uw 6 University of Washington 88.43% 92.84%  86.76%
16 BJU 51 Beijing Jiaotong University 88.37% 96.95%  85.14%
17 CMIT (Gu et al., 2025) 2 China Mobile (Hangzhou) Information 87.63% 88.71% 87.23%
,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,, Technology Co., Led. . . .
18 INU 35 Jinan University 87.27% 91.74%  85.59%
19 CTBU 53 Chonggqing Technology and Business University 8528%  89.61%  83.65%
19 NUPT 41 Nanjing University of Posts 84.00%  90.14%  81.69%
,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,, and Teleggmmigpications W& . T .
20  DWU-CNU (Park and Lee, 2025) 16 Duksung Women’s University; 82.70%  80.55%  83.51%
,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,, Chun gk Nadgnal Unr oy ...
21 UIR 42 University of International Relations 82.34% 80.18%  83.16%
Baseline method 65.02%
Table 3: This table shows the best scores of participants in Non-Finetuning track. The score is weighted
average of Art_acc and Nat_acc.
. Team o
Ranking Name code No Affiliation Total.acc Art.acc Nat.acc
CAS (Yan et al., 2025) 49 Chinese Academy of Sciences 93.96% 97.80% 92.52%
CMIT (Gu et al.,, 2025) 2 China Mobile (Hangzhou) Information 93.41%  97.06%  92.03%
,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,, Technology Co., Led. T __ T __l____.
o3 BIT-1 (Li et al., 2025b) 37 Beijing Institute of Technology 92.61% 94.86%  91.75%
93 BNU (Li et al., 2025a) 12 Beijing Normal University 92.61% 95.60%  91.48%
5 XJu 48 Xi’an Jiaotong University 92.40% 96.51%  90.85%
6 BJU 51 Beijing Jiaotong University 91.61% 95.70%  90.07%
Baseline method 90.65 %
7 BIT-2 43 Beijing Institute of Technology 87.78% 91.38%  86.42%
3 BITSU-CNU 29 Beijing Information Science & Technology University; 30.96% 7975%  81.42%

Capital Normal University

Table 4: This table shows the best scores of participants in Finetuning track. The score is weighted

average of Arf_acc and Nat_acc.
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@ Deepseek B ChatGPT (OpenAl) BQwen (Alibaba) @ Ernie (Baidu) B LLaMA (Meta)
Kimi (Moonshot) @GLM (Zhipu) @ Spark (iFlyTEK) @Hunyuan (Tencent)
Doubao (ByteDance) @ Gemini (Google) @ Claude (Anthropic)

Figure 1: Distribution of teams selecting models, categorized by series and versions. The inner segments
represent different model series, while the outer segments detail the corresponding model versions.

6.3 Structured conduction strategies

To cooperate with fine-grained prompt designing, most of the participants also improved the manner of
acquiring responses of models, through preprocessing of the corpus and consistency voting. We sum-
marize the reported structured conduction strategies into 8 core methods, including repeated questions
voting, multiple models voting, multiple prompts voting, text revision, distinctive questions, word vector
extraction, syntactic parsing by knowledge graph, and quantified labels. See more detailed information
in Table 6 in the Appendix C.

6.4 Finetuning Method

There are 18 teams that participated in the competition of finetuning track. According to the rough
report, most of participants adopted the FT technique of Low-Rank Adaptation (LoRA) as we used in
baseline test. The reported FT methods include LoRA, full-parameter finetuning, Pseudo-label learning,
data filtering, and model fusion.

6.5 Outstanding Combos

When reviewing the ranking results, we observed that teams achieving high scores in one track often
tended to perform well in the other track as well, provided that they participated in both. Given that
different teams exhibited varying preferences in model selection, this suggests that certain combined
strategies adopted by top-ranking teams were indeed more effective at eliciting strong FI performance
from LLMs compared to others. Below, we briefly describe the evaluation techniques used by the top-
ranking teams in each track.

e Team #37 (Ranking #1 in Non-FT track): The Non-FT approach of team #37 can be character-
ized by three key steps: First, they used a pilot lightweight model to filter and select high-quality
prompt templates. Next, they employed a recently released high-performance model, Gemini 2.5
Pro Preview-0506, to elaboratively analyze the data in the training set and summarize response rules
tailored to different types of predicates. Finally, they arranged these rules into thinking processes as
a part of CoT.

* Team #49 (Ranking #1 in FT track): The FT approach of Team #49 can also be characterized
by three key steps: First, they selected a reasoning model through comparative experiments. Sec-
ond, they designed prompts using a Hierarchical Chain-of-Thought (HCoT) strategy to guide the
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model in gradually extracting key information. Third, they applied a Parameter-Efficient FineTun-
ing (PEFT) approach to train a LoRA module, and used pseudo-label learning for data augmentation
to expand the training dataset. Finally, the trained LoRA module was integrated into the backbone
model for final evaluation.

By cross-comparing the evaluation strategies and results of these two top-performing teams, we ob-
serve the following:

A. Different types of models exhibit significant differences in FI performance, while the model’s inher-
ent capabilities may be the key factor determining its FI performance ceiling. Non-finetuned LLMs that
support long-context prompt inputs, such as Google’s latest Gemini 2.5 Pro Preview-0506, can achieve
optimal FI performance (94.01%) under specific prompting conditions, especially when provided with a
large number of shots. Based on this crucial discovery, we presume that: As long as being enlightened by
enough high-quality shots, LLMs are already capable of performing excellently; Furthermore, as LLM
pretraining techniques continue to advance, it is likely that LLMs will reach the level of human-expert
on FI tasks, even under 0-shot conditions or with other simple prompts.

B. When comparing different evaluation techniques, it becomes evident that model selection has a
greater impact on FI performance than other evaluation strategies. According to our statistics, design-
ing predicate-specific prompts is pretty common (12 out of 21 teams adopted this approach); however,
both the top two teams in the Non-FT track, Team #37 and Team #49, used the latest high-performing
model (Gemini 2.5 Pro Preview-0506). We presume this advantage may stem from such models’ ability
to process longer prompt contexts. A longer input context allows for the inclusion of more guiding in-
formation, enabling the model to better learn how humans make factivity judgments in similar contexts,
thereby producing responses that more closely align with expert annotations.

C. Finetuning techniques can make up for performance defects caused by poor prompt design, but
they do not significantly improve FI performance when high-quality prompts or advanced models are
used. This suggests that, although parameter finetuning can serve as a shortcut or remedial resort to
temporarily boost FI in mediocre models or with poorly designed prompts, it may not be a necessity for
SOTA or other high-performance models.

7 Conclusions and future directions

FIE2025 is the first large-scale shared task dedicated to evaluating factivity inference capabilities of
LLMs in Chinese. Through this comprehensive evaluation involving 74 teams and 404 valid submissions,
we have gained valuable insights into the current state and limitations of this issue.

Our key findings can be summarized as follows: A. Models supporting long-context inputs, partic-
ularly Google’s Gemini-2.5-pro-preview, demonstrate superior performance when provided with com-
prehensive contextual information and well-designed prompts, achieving up to 94.01% accuracy in the
Non-FT track. B. Predicate-type-specific prompting strategies, combined with few-shot learning and
CoT, constitute the most effective approaches. The majority of high-performing teams adopted exter-
nal knowledge base construction methods to customize their prompts according to different predicate
categories and contextual conditions. C. Though finetuning techniques may compensate for suboptimal
prompt design, they do not provide significant improvements when applied to well-designed prompts
or advanced models, suggesting that parameter-level adaptation may serve as a remedial measure rather
than a fundamental requirement for achieving optimal performance in FI tasks.

From a theoretical linguistics perspective, FIE2025 validates the importance of factivity as a linguistic
phenomenon that requires sophisticated semantic and pragmatic understanding. The task demonstrates
that FI involves complex interactions between lexical semantics, syntactic structures, and contextual
pragmatics, which align with classical theoretical discussions from Kiparsky & Kiparsky (1970) to con-
temporary Chinese linguistics research. From the standpoint of computational linguistics, our findings
suggest that the current LLMs have developed substantial capabilities in handling analytical linguistic
knowledge, though their performance remains constrained by the quality of prompt engineering and
model architecture. The excellent performance of long-context models indicates that models may benefit
significantly from abundant shots when conducting FI tasks.
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Appendices

A Why do we skip out jiazhuang and zhuangzuo (pretend)?

Jiazhuang or zhuangzuo (pretend) are at a special position in the study of factivity, as it relates to bi-
ological behaviors of deception or camouflage. In the case of humans, the object of pretending can be
either an action or a state. When the subject pretends to be in a certain state, the proposition embedded
in the complement clause is generally inferred to be false, and there is little disagreement on this point.
While the complication arises when the subject pretends to perform an action. In such cases, scholars
haven’t come to a consensus on whether the action described in the embedded clause has actually been
performed.

We believe that the root of this disagreement lies in the nature of human pretense, which involves two
components: the intent to deceive and the execution of an action or display of a state. When someone
pretends to do something, they perform a real action driven by a false intention. We hold the view that
the act of pretending inherently involves the subject performing some sort of deceptive behavior, even
though researchers may differ in their assessment of the quality or extent of the action’s realization.

Therefore, to avoid divergences in answers caused by scholarly disagreement, we decided to retain all
questions involving pretend (so that the academic community can further study this issue), but to exclude
them from the final scoring regardless of the model’s output. At the same time, in order to maintain the
overall size of the evaluation set, we selected additional 38 items from other verbs to refill the gap.

B Prompting engineering methods

No. Methods on Introduction

Prompt Engineering Reported Teams

#2, #3, #6, #7, #12,

This method allows non-reasoning models to simulate #16, #25, #28. #29. #30,

Chain-of-Thought a reasoning process by demonstrating the thought steps

(CoT) one by one #35, #37, #41, #42, #44,
,,,,,,,,,,,,,,,,,,,,,,, M
This method incorporates a variable number of question-
2 Few-shot answer examples in the prompt. These examples may be #2, #3, #6, #12, #25,
fixed or dynamically generated through some computa- #28, #37, #44, #48, #51
,,,,,,,,,,,,,,,,,,,, tional approach.
This method starts the prompt with a sentence assignin #2, #7, #12, #13, #16,
3 Role assignment prompt v . shing #25, #28, #35, #41, #43,
the model a role as an expert suited to solving the task.
,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,, #Ad,#8 .
This method includes factivity classification labels of the ~ #3, #6, #9, #12, #15,
4 Factive types indicatin predicates in the prompt. Some teams used the labels pro-  #25, #28, #29, #30, #35,
yp & vided by us, while others created their own or modified #41, #42, #43, #44, #48,
,,,,,,,,,,,,,,,,,,,, ours. . ____________®#®l
This method directs the model S attentlgn to cont.extual e- 43, #6. #12, #15, 425,
Contextual components  lements beyond the predicate that may influence inference
5 L. . . #30, #41, #42, #43, #44,
indicating results, such as modal words, discourse adverbs, negative 443, #49
,,,,,,,,,,,,,,,,,,,, components, and/or event types of clauses. _ " ________.
This method first uses the model to summarize a task-spe-
6  Model-summarized rules cific set of answering rules, which are then included in the = #29, #37, #42, #49
,,,,,,,,,,,,,,,,,,,, prompt. L ________.
Linguistic knowledge ThlS method ennche§ the prompt with dlctlc?nary deﬁm-. 43,49, #12, #16, 428,
7 L tions, custom definitions, or relevant factuality-related lin-
providing .. .. #29, #30, #42, #48, #49
,,,,,,,,,,,,,,,,,,,, guistic knowledge from academic literature. " "7 7
8 Data enhancement This method generates new, self-constructed data using 42,49, #12, #48

the model to mimic the given examples.

Table 5: This table shows the 8 main prompting engineering methods and the teams who reported them.
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C Structured conduction strategies

Structured .
No. Conduction Strategies Introduction Reported Teams
. This method seeks the consistency of a single model’s ans-
Repeated questions L .
1 votin wers under one prompt by using internal voting across mul-  #25, #44
,,,,,,,, o Gplerepeatedgueries
. . ThlS‘ methoq sends the same prompt t.o multiple models to 42, #1245, #41, #48,
2 Multiple models voting  obtain multiple responses and determines the final answer #49
oo __________roughavoting mechanism. __ ______________ " ___________
This method sends several parallel prompts with the same #2, #7, #12, #15, #16,
3 Multiple prompts voting  objective to a single model to collect multiple responses, #25, #28, #35, #41, #43,
,,,,,,,,,,,,,,,,,,,, and then determines the final answer viavoting. _______ #44.#48
This method first modifies the given test set data, obtains
4 Texts revision model responses based on.the revised d.ata.l, and then maps 49, #43
the answers back to the original data, aiming to reduce dis-
.. ___________|ibutionalbiasin the original inputs.
. . . . #3, #6, #9, #12, #15,
5  Distinctive questions fT}fSré“fetht‘i"itdeflgns c‘f‘“frgi‘zetd prompts based on the dif- g 3 435 437 pan.
,,,,,,,,,,,,,,,,,,,, . - 5. L
This method uses external models to extract word embed-
6  Word vector extraction dlgg vectors from the test set and calculates semanuc' simi- 49 #51
larity to provide response examples based on semantically
feeeieeeeeo______ Similarpredicates. ____________f N " __ & __________.
. . This method constructs knowledge graph triples from the
Syntactic parsing . 2 y
7 given dataset to extract key syntactic information about e- #42
by knowledge graph . . .
,,,,,,,,,,,,,,,,,,,, vent structures, enabling further auf@nated Wgssificgtigh” .
This method discards the nominal truth-value labels and
8  Quantified labels instead adopts a continuous labeling scheme along the #7

spectrum of {Counter-factive; Non-factive; Factive}.

Table 6: This table shows the 8 main structured conduction strategies and the teams who reported them.
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