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Abstract

To improve the factivity inference capability of large language models (LLMs), we
adopted a Retrieval-Augmented Generation (RAG) framework using a curated bibliogra-
phy on Chinese factivity semantics. We compared a baseline without retrieval against two
RAG-based strategies, showing that hierarchical prompting with RAPTOR yields the high-
est accuracy. Using recursive summarization from the bottom up, RAPTOR allows models
to access document context at multiple abstraction levels, resulting in more accurate and
stable inference. Our findings contribute to deeper Chinese semantic inference through
linguistic knowledge-augmented prompting in factivity inference and textual entailment.
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1 Introduction

This technical report presents the modeling approach developed for participation in CCL25-
Eval4: The First Chinese Factivity Inference Evaluation (FIE2025). The submission was made
under the “non-finetuned track (FH{JHZEIE)” and included two RAG-based system vari-
ants, built on GPT-4.1, DeepSeek-R1-14B, and Gemini-2.5-pro-preview-05-06 tailored to
the FIE2025 task.

Factivity Inference (FI) is a semantic task concerned with identifying whether a statement is
considered true with given linguistic context. In the Chinese language, predicates such as “%/1J&
(know), FIRE| (realize), IE1F (remember)” often imply a factual proposition regardless of the
presence of negation. Mastery of FI is crucial for tasks such as hallucination detection, belief
revision, and robust human-agent interaction, especially for Chinese-speaking agents.

The FIE2025 evaluation seeks to assess how well LLMs can infer factivity' in Chinese and how
prompt design strategies influence their performance. Our team focused on enhancing LLMs’
performance without fine-tuning by injecting domain knowledge through retrieval strategies.

Baseline large language models (LLMs) are not optimized for the specific demands of the
Factivity Inference (FI) task. To enhance their performance, we applied Retrieval-Augmented
Generation (RAG) methods, incorporating domain-specific knowledge on Chinese factivity se-
mantics. Two approaches were developed: (1) Plain RAG and (2) RAPTOR-based RAG.

2 Methodology
2.1 Plain RAG

To enhance model performance with domain-specific knowledge, we constructed a curated bib-
liography based on the FIE2025 task description and five key academic papers on Chinese
factivity theory (ZHTR and REHiFK, 2016; Z2H R and ZEAK, 2017; ZHiK, 2020a; ZHiE,
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2020b; ZHIMK, 2020c). These articles were selected based on their relevance to factivity infer-
ence, particularly those discussing epistemic verbs (e.g., “HII&E” , “Xi2” , “I218” ) and their
associated syntactic-semantic behaviors. The sources were selected from high-impact journals
in Chinese linguistics, including Zhongguo Yuwen(HEIE), Contemporary Linguistics(Z4f G
F%), Language Teaching and Linguistic Studies(1& 5 2% 5H457), among others.

The texts were parsed into plain text using LlamaParser, which is optimized for simplified Chi-
nese recognition. Kach text was divided into chunks of size = 500 and overlap = 50, resulting
in a total of 240 documents and 7,495,073 tokens. Embeddings for all three models(Gemini, GPT
and DeepSeek) were generated using text-embedding-3-large, a multilingual model suitable
for East Asian languages. Prompt templates were structured as follows:

You are an expert reasoning assistant. For each question, explain your reasoning step-by-step
before giving the final answer.
R — A BRE S BB, ERIETEE, AW “HiZ (hypothesis) ~ BEHMIL
- B ARIEIR AT “XEIT (option) 7 IRMIBHE, (VAT "answer" B, NERNMEMMBRERZRER,
# Here is the context that you can use to answer the question:
# Context:
{context}
# OutputFormat:
el i-Bav (L
"answer": "T" ﬁ ngn ﬁ nyn ﬁ ng
# Here is user's question:
{question}
# Answer:

- TEREE:

Relevant documents (k=10) were retrieved from FAISS vectorstore based on similarity to
the given question. Empirical evaluation tested k values of 3, 10, and 20; among them, k=10
consistently yielded the best performance.

2.2 RAPTOR-based RAG

To overcome the limitations of Plain RAG - specifically, its inability to capture long-range de-
pendencies and multi-level document structures —we adopted the RAPTOR ( Recursive Abstractive
Processing for Tree-Organized Retrieval, Sarthi et al. 2024) framework for the Chinese Factivity
Inference task. Unlike Plain RAG, which retrieves a flat list of relevant chunks, RAPTOR gener-
ates a multi-layer abstraction tree of the reference corpus, enabling the model to reason with
different levels of semantic granularity.

RAPTOR Tree Formation of one tree layer Contents of a node
6 7 8 q\ \ Index #8
Root layer O 1D 2. Summarization \ Child Nodes: 2, 3
-vZam by LLM \ —_—
/ Text: summary of
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Figure 1: RAPTOR Text Clustering Process (Sarthi et al., 2024)

In our implementation, we began by chunking the factivity-specific bibliography documents
using a window size of 500, which was an empirically reasonable choice made under memory
and processing constraints, though not necessarily optimal. This size allowed for more coher-
ent units of discourse to be preserved while reducing the total number of nodes for recursive
summarization.
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The resulting document hierarchy included 221 leaf-layer documents (original text segments),
46 cluster-layer documents (low-level abstractions via clustering and summarization), 7 cluster-
layer documents (intermediate-level abstractions), and 1 roof-layer document (the highest-level
summary of the corpus).

This multi-level document context enabled the model to draw on both surface-level details and
abstract generalizations, yielding richer and more accurate factivity inferences. For example, as
illustrated in Appendix, the RAPTOR mechanism effectively clusters similar factive constructions

and generates summaries that reflect conceptual overlap across predicates like “HIE” |, “EiR

#|”  and “1218” .

All parameters (e.g., chunk size, hierarchy depth, document selection strategy) were optimized
specifically for the Chinese Factivity Inference Evaluation (FIE2025). The findings here may
not directly generalize to other domains or languages without task-specific adaptation.

3 Experiments

Experiments were conducted on a combined test set of 2,038 artificial and natural instances, fol-
lowing the “non-finetuned track (T#{JAZEIE)” of CCL25-Eval Task 4. We evaluated three large
language models—GPT-4.1, DeepSeek-R1-14B, and Gemini-2.5-pro-preview-05-06—under
three inference strategies: Baseline (No-RAG), Plain RAG, and RAPTOR-based RAG. Each con-
figuration was evaluted by its total accuracy across test sets.

0.900
Model
—e— gemini-2.5 87.73%
0.875 gpt-4.1
—e— deepseek-R1-14b

0.850

82.90%

o
©
N
o

\m
{7
o
2
8

78.12%

0.750 74.55%
73.89%

0.725

Total Accuracy
o
o]
o
o

e
g
N
o

0.700
No-RAG Plain-RAG RAPTOR-RAG
Inference Strategy

Figure 2: Total Accuracy by Inference Strategy and Model. All experiments were conducted under a
zero-shot setting, without incorporating supervised examples, to prioritize generalizability over dataset
adaptation.

As shown in Fig. 2, performance improves steadily from baseline to RAPTOR-based RAG in
all of three models. Gemini 2.5 consistently outperforms the others under all configurations,
achieving the highest overall accuracy.

The RAPTOR-based approach consistently demonstrates superior performance. This outcome
underscores RAPTOR’ s ability to incorporate multiple levels of abstraction within document
structures, allowing for more refined and accurate language inference.

4 Discussion

To qualitatively assess how well our model utilized the contextual information retrieved, we
present the following representative example processed by the RAPTOR-based RAG pipeline.
Several retrieved documents consistently support the interpretation that the predicate “ANit
197 (does not remember) can imply the truth of its complement clause when referring to a past
event. For instance, Document 265th explains that such factivity implications typically arise
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2. =EHARX :
* X% 265th: RS HIREHERARE LRATER N ONAXYE. SER)OHEEERENFERRAIAEN, Fi2e a
LEmEERNN
* Xi%202th: "IRUZIE AL, B ANNTEREERRY | SERNOHBESRENSH. MANKSENESES, BA TR
FEANEREER AR
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* Xi% 204th BEHS "HEARGHAE" B "EERFIREN".
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Figure 3: Representative inference case using RAPTOR-based RAG

when the embedded clause denotes an event that has already occurred. Furthermore, Documents
202 and 204 emphasize that the facivity of “Ef%” -type constructions depends on the real-
world status of the complement, and that, in standard pragmatic usage, these constructions are
generally understood to presuppose the truth of the embedded propositions that are typically
non-cancelable. This example highlights how RAPTOR’ s multi-layered retrieval strategy allows
the model to leverage both detailed and abstract knowledge, which proves especially effective in
complex semantic tasks such as Chinese factivity inference.

5 Conclusion

This study demonstrates that structuring domain knowledge on Chinese factivity and integrating
it through RAG enables more reliable and interpretable inference with LLMs. In particular,
our experiments indicate that the RAPTOR-based RAG approach consistently outperforms both
No-RAG and Plain RAG strategy in overall accuracy. It is important to note that the RAPTOR-RAG
system is solely based on our curated bibliography, independent of 2,038-item test set provided
by the organizers. We aimed to explore the generalizability and applicability of the RAPTOR
framework rather than fine-tuning the system to a specific dataset.

The strength of RAPTOR lies in its ability to represent textual information at multiple abstrac-
tion levels, e.g., leaf, cluster, and roof layers, allowing models to access both granular detail
and conceptual generalizations simultaneously. This hierarchical context proved particularly
effective in handling the nuanced factive and anti-factive constructions in Chinese. The ob-
served gains from integrating linguistic knowledge into RAG prompting affirm the viability of
knowledge-augmented prompting as a robust alternative to parameter-level fine-tuning. In the
context of Chinese semantic reasoning, our approach integrates domain knowledge from Chinese
linguistics to enhance inference accuracy while maintaining generalizability. Future work may
also incorporate few-shot prompting strategies to complement the current approach.
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Appendix. RAPTOR abstraction example text of 265th document

AL HER (Factivity Inference, FI) FIRZFLHEF (Counter-Factual Inference, CFI) J&18 X Hf#H 5HMAF
E SRR USRI R, SN E S (Factuality Inference, Factl)o AUSZYEIEEE I BK
T (ahA) SRREEHMET M, fla, @l o “YEmrEEs R2FEN" FHishiE “AnE”,
Al DAEWT ‘P REFEN” X, MR E RN 2 ENE AR RIS, Bl BRI
ﬁ@&ﬁﬁﬁgﬁgﬁﬂmﬁT”ﬁ—@¥¢,ﬂ%ﬁ%&“ﬁ%M%i%%ﬁ&ﬁ”ﬂ“ﬁk%i&ﬁ%ﬂ
TRE” XSS,

RS, FhiA 9987 BEPAHEERONRRENREE, BMEEIEASMEERE S RIER P2
I, filan, fEf+ “BSg, EII0ASIE? ZUERFTE, MAERRSLA, SEN BRI T?” b, B “0E”
XA, BIDENTH B AT, RS, BIEMN BRI IX—3H5,

5 50187 AEA, shial “NoS” WISRELH B E RIS, HON RIB/ M EUE R R 2, D,
TER BN E TR SRR, [LHER NS (EAEE, XPIfERRE MR EESR, ta]
%%&?@Mﬁﬁ%%ﬁwoﬁwﬂ,ﬁﬁﬁﬂ?¢,“FE%”@W%%%@N%%%#%@%EM&%%
= WN\o

TS R RKEE FBURTREEB/ NI, NREE/NMIIER S L ENEF B AIRES
W, “Pds” AIDARIRE TN E; Y R/ IMUE A AR & A4 e AT RE(E R BRIRASE, R
1015” EHEREER MR, N, EiENMIPEESENERICEER T B B HE S E S,
TESRFRRL A, “RIOME” HEWAE—MZENSIAT R A, EREEBrasitzy &, A “Ndg” ml
DAL ERESINE LI, SO0 A s, XFRE A REBURIBRF I ER, FANER DHERERZGE
HHLMFE, FORHAIE-H ARV HER

25 LATIR, BRI iz S SRR IR O e R A G, BN I 928 F1 NI I,
A AR IR AR R B B R EAE A FIBR P IRIE T e XMUABTIES 2R, tSERRiES M
FATR AL T R SRR,
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