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Abstract

LLMs have achieved remarkable fluency
and coherence in text generation, yet their
widespread adoption has raised concerns about
content reliability and accountability. In high-
stakes domains, it is crucial to understand
where and how the content is created. To
address this, we introduce the Text pROVE-
nance (TROVE) challenge, designed to trace
each sentence of a target text back to specific
source sentences within potentially lengthy or
multi-document inputs. Beyond identifying
sources, TROVE annotates the fine-grained re-
lationships (quotation, compression, inference,
and others), providing a deep understanding
of how each target sentence is formed. To
benchmark TROVE, we construct our dataset
by leveraging three public datasets covering 11
diverse scenarios (e.g., QA and summarization)
in English and Chinese, spanning source texts
of varying lengths (0-5k, 5-10k, 10k+), empha-
sizing the multi-document and long-document
settings essential for provenance. To ensure
high-quality data, we employ a three-stage
annotation process: sentence retrieval, GPT-
4o provenance, and human provenance. We
evaluate 11 LLMs under direct prompting and
retrieval-augmented paradigms, revealing that
retrieval is essential for robust performance,
larger models perform better in complex rela-
tionship classification, and closed-source mod-
els often lead, yet open-source models show
significant promise, particularly with retrieval
augmentation. We make our dataset available
here: https://github.com/ZNLP/ZNLP-Dataset.

1 Introduction

Large language models (LLMs) have demonstrated
great potential in natural language generation, pro-
ducing highly coherent and fluent human-like text.
However, their rapidly increasing prevalence raises
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significant concerns regarding content accountabil-
ity and reliability. While considerable efforts have
been made in citation (Li et al., 2024; Huang et al.,
2024; Cao and Wang, 2024; Aly et al., 2024) and
grounded generation (Li et al., 2022; Brahman
et al., 2022; Slobodkin et al., 2024), most exist-
ing studies focus on single-document-level source
identification, leading to a significant gap in meet-
ing the requirements of real-world scenarios. For
instance, in domains like legal document drafting
or medical reporting, it is crucial to identify where
a sentence originates and understand how it has
been generated from the sources.

To bridge this gap, we introduce the challenge
of text provenance (TROVE), which involves trac-
ing a target text to the given source document(s)
and establishing fine-grained relationships between
the target and its source. TROVE is critical and
challenging for large-scale information, as tracing
sources becomes more complicated with longer
or more numerous documents. To benchmark
TROVE, we construct our dataset based on three
public datasets: LongBench (Bai et al., 2024),
LooGLE (Li et al., 2022), and CRUD-RAG (Lyu
et al., 2024), considering the perspectives of multi-
document, long-document, or their combination.

Specifically, we first select examples with multi-
sentence outputs to ensure sufficient sources and
categorize data by original scenarios (question an-
swering or summarization), languages (Chinese or
English), input text length (0-5k, 5k-10k, or 10k+),
and number of input documents (single-document
or multi-document), aiming for a balanced distri-
bution across each dimension. Next, we employ
multiple information retrieval methods to recall the
candidate source sentences for each sentence in the
target text. Then, we use crafted prompts to guide
GPT-4o in preliminary annotation, aiming to iden-
tify the sources of target sentences from retrieved
candidate sentences and classify the target-source
relationships into quotation (verbatim or partial
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【1】Swedish medical team hoping for world first as women born without uterus or who lost it to cancer get embryo …
【3】Dr Mats Brannstrom, professor of obstetrics and gynaecology at Gothenburg University, said his team had embarked on …
【8】We have already begun transferring embryos into four of the women and plan to make attempts with the others when they are ready…
【9】He would not say whether any of the women were pregnant at the moment.
【10】In a study published last week, the team said that there were "mild rejection episodes" in four women who received donated wombs.
【11】Two patients had to have the uterus removed because of complications.

A medical team in Gothenbur
g has successfully transferred 
embryos to four of nine wome
n… in January [1]. Mats Bran
nstrom … wouldn‘t say if any 
of the women are pregnant, …
“mild rejection episodes”; in f
act, two had their uterus remo
ved due to complications [2].

Please help summarize
the text above.

Query

Document 1

【4】In all, nine women in Sweden have received new wombs since 2012, but two had to have them removed because of complications.
【11】Doctors in Britain and Hungary also are planning similar operations, but using wombs from women who had just died.
【14】Some doctors said women who got pregnant with a new uterus would have to be watched carefully for how the womb progresses throughout 
pregnancy.
【16】In a study published last week, Brannstrom and colleagues described the procedures used to transplant the nine wombs and said there were "mild 
rejection episodes" in four patients.

Document 2

…

Dr Mats Brannstrom, profess
or of obstetrics and gynaecol
ogy at Gothenburg…
In all, nine women in …

A medical team in Gothen
burg has successfully tran
sferred embryos to four of 
nine women with…

Claim

Evidence

[Sentence Ⅰ] A medical team in Gothenburg 
has successfully transferred embryos to four 
of nine women... [Sentence Ⅱ]Mats Branns
trom…, wouldn’t say if any of the women ar
e pregnant, and a study by the group said …
“mild rejection episodes”……two had their 
uterus removed due to complications.

Target Text

Provenance

Answer

OR
Citation Text Generation Fact Verification Text Provenance (Ours)

…

[D1-8]: Compression
[D1-3]: Inference

[Sentence Ⅰ]
[D2-4;16][D1-10]: Compression
[D1-9;11]: Quotation

[Sentence Ⅱ]

(Mats Brannstrom, is a
professor, Gothenburg 
University)…

Knowledge

A medical team in 
Gothenburg has successfully 
transferred embryos…

Grounded Text Generation

Who is researching womb 
transplants?

Query

Figure 1: Overview of the difference between text provenance and related tasks. Solid arrows indicate required
inputs and outputs, while dashed arrows represent optional ones. Compared with existing studies focusing on
single-document or coarse-grained scenarios, our TROVE involves finer-grained provenance.

copy), compression (summarization or paraphrase),
inference (expansion, generalization, or specifica-
tion), and others (e.g., negation). Each target sen-
tence can be traced to multiple source sentences,
and different relationships may apply simultane-
ously. For instance, a target sentence sourced from
[a, b, c] might have [a, b] labeled as compression
and [c] as quotation. Finally, we conduct a human
review, requiring annotators to verify each anno-
tation by considering both the source document(s)
and the results produced by GPT-4o.

We perform a comprehensive evaluation of 11
models under two paradigms: direct prompting
and retrieval-augmented, yielding valuable insights
into the capabilities of current models in TROVE.

Our main contributions are as follows:

• We introduce TROVE, a new challenge that
traces each target sentence to its originat-
ing sources and classifies fine-grained target-
source relationships beyond coarse-grained or
single-document source identification.

• We present a carefully curated dataset cover-
ing multiple scenarios, languages, and source
lengths. Our three-stage annotation produces
high-quality, fine-grained provenance data.

• We systematically evaluate 11 LLMs (both

closed-source and open-source) under multi-
ple scenarios, revealing the necessity of re-
trieval augmentation, the advantages of larger
models for relationship classification, and re-
lationship classification remains challenging.

2 Related Work

Citation Text Generation. Citation text genera-
tion focuses on producing text enriched with cita-
tions to enhance verifiability, making it widely ap-
plicable in academic writing (Jurgens et al., 2018;
Xing et al., 2020; Lauscher et al., 2022; Mandal
et al., 2024) and LLM-based chatbots (Li et al.,
2024; Huang et al., 2024; Cao and Wang, 2024;
Aly et al., 2024). Existing approaches can be cate-
gorized into parametric and non-parametric meth-
ods. Parametric methods (Mandal et al., 2024;
Gu and Hahnloser, 2024) rely on knowledge and
patterns implicitly encoded within the model pa-
rameters to generate citation text. However, they
face challenges in incorporating new citations or
knowledge updates and are prone to hallucinations.
Non-parametric methods (Gao et al., 2023; Huang
et al., 2024; Li et al., 2024) directly access external
knowledge sources, such as citation databases, doc-
uments, or retrieval systems, to produce more reli-
able citation text. These approaches often leverage
retrieval-augmented generation (RAG) techniques
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to integrate retrieved information with text genera-
tion. However, citations are typically generated in
a post-hoc manner, which increases latency. Most
existing methods focus on producing document-
level, single-reference citations and emphasize the
quality of the generated text.

Fact Verification. Existing studies on fact ver-
ification (Chen et al., 2024; Zheng et al., 2024;
Churina et al., 2024) typically follow a two-stage
approach: evidence retrieval and claim verifica-
tion. Evidence retrieval aims to identify rele-
vant passages or documents using information re-
trieval (Chen et al., 2022; Zheng et al., 2024) or
neural ranking models (Malviya and Katsigiannis,
2024). Claim verification aims to determine the
authenticity of a claim by comparing it with the
retrieved evidence, which has received more atten-
tion (Zhong et al., 2020; Zou et al., 2023).

Grounded Text Generation. Grounded text
generation aims to produce text consistent with
external sources of information, such as knowl-
edge bases (Li et al., 2022; Lu et al., 2022), doc-
uments (Slobodkin et al., 2024; Hsu et al., 2024),
or real-world facts (Godbole et al., 2024; Brahman
et al., 2022). This task ensures factual accuracy and
coherence in generated content, as seen in applica-
tions like dialogue generation (Li et al., 2022; Lu
et al., 2022) and factual summarization (Slobodkin
et al., 2024; Song et al., 2022).

Text Provenance: Unique Challenges and
Contributions. As shown in Figure 1, while cita-
tion text generation, fact verification, and grounded
text generation all involve interactions between gen-
erated text and external sources, they each empha-
size different aspects. Citation text generation fo-
cuses on incorporating references to support claims,
fact verification aims to validate the truthfulness of
statements, and grounded text generation ensures
consistency with external information. In contrast,
text provenance uniquely concentrates on identi-
fying the specific source sentences for each target
sentence and classifying the precise nature of their
relationships, such as direct quotation, compres-
sion, inference, or negation. It requires retrieving
relevant source sentences and performing a detailed
semantic analysis to categorize the type of rela-
tionship, thereby providing a deeper understanding
of how generated text originates from its sources.
Consequently, text provenance extends beyond the
capabilities of existing tasks by offering a more
granular and relationship-focused approach to trac-
ing the origins of generated content.

3 Task Formulation

Text Provenance aims to identify the source sen-
tences for each target sentence in a generated text
and classify the relationship between them using
a given document collection. Specifically, given
a target text T = {t1, t2, ..., tn}, where each ti
is a target sentence, and a document collection
D = {d1, d2, ..., dm}, where each documents di
contains a set of sentences {si,1, si,2, ..., si,ki}, the
task is to determine, for each target sentence ti, a
set of source sentences {si,j1 , si,j2 , ..., si,jk} from
D and classify their relationships.

Each target sentence ti may derive from multiple
source sentences. The relationship between ti and
each source sentences si,j is categorized into one
of the following types: Quotation, where ti is
a verbatim or partial copy of si,j ; Compression,
where ti is a paraphrase or a summary derived from
multiple source sentences, such as si,j1 and si,j2 ;
Inference, where ti is logically inferred from one
or more source sentences, such as si,j ; Others,
where ti does not fit the above categories, including
cases like contradiction or negation.

For example, a target sentence ti may be derived
from multiple source sentences, such as s1,2, s1,3,
and s2,1, where the relationship between ti and s1,2,
s1,3 could be classified as compression, and the re-
lationship between ti and s2,1 could be classified
as inference. This task thus requires a system to
identify the appropriate source sentences and deter-
mine the precise relationship between each target
sentence and its sources, which presents a complex
challenge in understanding the fine-grained rela-
tionships between generated text and its origins.

4 Datasets

4.1 Data Collection
Text provenance becomes particularly crucial when
dealing with large volumes of information, as trac-
ing sources becomes more difficult with increas-
ing document length and number. Therefore, we
construct our text provenance dataset from the per-
spective of multi-document, long-document, or a
combination of both, based on three public datasets:
LongBench (Bai et al., 2024), LooGLE (Li et al.,
2022), and CRUD-RAG (Lyu et al., 2024).

LongBench focuses on long-context understand-
ing and comprises 21 datasets in both English and
Chinese across 6 task categories, covering key long-
text application areas such as single-doc QA, multi-
doc QA, and summarization. LooGLE is a com-

11757



(a) Sentence Retrieval

(b) GPT-4o Provenance

…
…

Jiangxia District has 
invested in the 
construction of a digital 
library, equipped with 
digital reading machines, 
self-service book 
lending and returning 
machines, and offering 
over 12,000 paper books.

Target Text

query Combined Retrieval Candidate Sentences

Prompt

GPT4o

[D2-1] The Library was a joint investme
nt by the Department and Jiangxia Street.

[D2-3] The library is divided into adult r
eading areas, children's reading areas, an
d an electronic reading room.
[D2-5] The library supports LED touch s
creens for borrowing, returning, reservin
g, and searching books, meeting the need
s of different user groups.

[Quotation]

[Inference]

[D2-3] [D2-1] The Library was a joint in
vestment by the Department and J
iangxia Street.
[D2-2] The library has a collectio
n of over 12,000 books in various 
categories.
[D2-4] The library is equipped wi
th a digital reading machine, a vas
t digital book lookup machine, di
gital reading stations, and an intel
ligent book sorting system.

[Compression]

[D2-5] The library supports LED 
touch screens for borrowing, retur
ning, reserving, and searching bo
oks, meeting the needs of differen
t user groups.

[Inference]

(c) Human Provenance

Figure 2: Overview of our data annotation. (a) Sentence Retrieval: selecting candidate provenance sentences using
multiple retrievers; (b) GPT-4o Provenance: automatically annotating provenance relationships based on retrieved
sentences; (c) Human Provenance: reviewing and refining GPT-4o’s annotations while independently checking
source documents to identify missing provenance sentences. Di-j denotes the j-th sentence in the i-th document.

prehensive benchmark for evaluating long-context
understanding in large language models. It fea-
tures extremely long documents (post-2022) with
over 24,000 tokens each and 6,000 questions across
diverse domains, designed to assess short- and long-
dependency tasks. CRUD-RAG is a comprehen-
sive Chinese benchmark for evaluating Retrieval-
Augmented Generation (RAG) systems. It cate-
gorizes RAG applications into four CRUD oper-
ations, i.e., Create, Read, Update, and Delete. It
provides diverse evaluation tasks such as text con-
tinuation, question answering, hallucination modi-
fication, and multi-document summarization.

From these datasets, we select examples where
the output (or reference) contains multiple sen-
tences, using these as the target text for our task.
This approach ensures that the target text provides
sufficient material for detailed source tracing, as
each sentence may originate from different frag-
ments of the input documents. We then treat each
sample’s original inputs as a unified document
collection. Specifically, we sample from GovRe-
port, QMSum, SAMSum, VCSum, and MultiNews in
LongBench and the long-dependency summariza-
tion (LongSum) task in LooGLE. Additionally, we
include samples from EventSum, QA1doc, QA2doc,
and QA3doc in CRUD-RAG. We categorize data by
different tasks, languages (English and Chinese),
input text length (0-5k, 5k-10k, and 10k+), and the
number of input documents (single and multiple),
trying to achieve a balanced distribution across
these dimensions. Although we strive for a bal-
anced distribution across these categories, some
subsets inevitably remain underrepresented.

4.2 Data Annotation

We employ GPT-4o to alleviate the manual annota-
tion workload, as shown in Figure 2. For each tar-

get sentence ti, the annotation procedure consists
of three steps: (a) sentence retrieval, (b) GPT-4o
provenance, and (c) human provenance.

Sentence Retrieval. Due to the lengthy input
text, GPT-4o may ignore key sentences when di-
rectly tracing provenance through long passages.
To mitigate this, we first retrieve candidate prove-
nance sentences using the target sentences as
queries and then perform provenance based on
these sentences. We have presented ablation stud-
ies to validate this approach. Moreover, different
retrievers capture diverse semantic features. To
maximize the recall rate of candidate provenance
sentences, we aggregate the results from M distinct
retrievers. Each retriever selects the top-k most rel-
evant sentences, denoted as Ri(D, ti), forming the
following set of candidate provenance sentences:

cands =

M⋃

i

Ri(D, ti) (1)

To reduce recall errors, only the union of sentences
recalled by at least two retrievers is considered. We
employ three retrievers: BM25 (Robertson et al.,
2009), Dense (Luan et al., 2021), and LCS (Saadah
et al., 2013). Each retriever selects the top-k most
relevant sentences, where k = 10 .

GPT-4o Provenance. Based on the candi-
date provenance sentences, GPT-4o conducts fine-
grained annotation and classifies the provenance
relationship types, as depicted in Figure 2(b). The
detailed prompt is provided in the appendix.

Human Provenance. Annotators review GPT-
4o’s results to verify the provenance sentences and
their corresponding relationship types. Noting that
GPT-4o can ignore critical details, the annotators
examine the document collections to address any
omissions. As illustrated in Figure 2(c), the sen-
tences “D2-2” and “D2-4”, which contain “12,000
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MultiNews_e

MultiNews

GovReport

LongSum

QMSum

SAMSum

EventSum

QA1doc

VCSum

QA2doc

QA3doc

Chinese
50%

English
50%

Single-document
50%

Multi-document 
50%

4.45%

4.44%

16.11%

8.
75

%

2.0
8%

6.5
3%

7.64%

12
.5

% 6.53%

18.47%

12.5%

(a) Relationship across the task. (b) Task and language distributions. (c) Input lengths across the datasets.

Figure 3: Dataset distribution.

#Doc Lang Source Target Provenance

docs sentences tokens sentences tokens sentences
/example

tokens
/example

sentences
/sentence

tokens
/sentence

single zh 1.00 196.44 7,981.33 1.65 189.79 8.52 509.21 7.04 421.56
en 1.00 636.61 9,074.38 9.83 253.30 19.19 620.33 1.74 52.46

multi zh 2.51 20.95 903.48 2.44 146.02 6.78 400.33 2.98 182.12
en 3.77 327.93 7,222.53 12.13 320.47 23.10 694.17 1.97 59.78

Table 1: Statistics of the dataset.

#Docs Lang Trace Type GPT-4o

single zh .6696 .5788 .4391
en .6410 .5336 .5325

multi zh .7400 .6187 .5328
en .6004 .4862 .6997

Table 2: Consistency of the annotation.

books” and “digital reading machine” respectively,
exhibit a strong connection to the target sentence,
yet GPT-4o fails to identify them. Therefore, the
annotators will incorporate these two sentences into
the final analysis. We invite 8 graduate students to
spend about 510 hours annotating the provenance
of 4,388 English and 811 Chinese sentences, cost-
ing an average of $0.20 per sentence.

4.3 Statistics of the Dataset

Table 1 provides detailed statistics of our dataset,
including (1) Source: the average number of docu-
ments, sentences, and tokens per sample. (2) Tar-
get: the average number of target sentences and
tokens per sample. (3) Provenance Results: the av-
erage number of provenance sentences and tokens
per sample and the average number of provenance
sentences and tokens per target sentence.

Figure 3 illustrates the dataset’s distribution
across key characteristics: (a) relationship distribu-
tions across the task, (b) task and language distri-
butions, and (c) source length distributions. These
visualizations highlight the dataset’s high diversity.

4.4 Consistency Analysis
To ensure dataset quality, 10% of the examples are
assigned to different annotators for consistency as-
sessment. We evaluate annotator agreement from
three perspectives: (1) tracing provenance sen-
tences, (2) classification of relationship types, and
(3) determination of necessary corrections to GPT-
4o’s provenance sentences. To quantify agreement,
we use Fleiss’ Kappa (Falotico and Quatto, 2015)
to measure the reliability across multiple annota-
tors. The results, presented in Table 2, demonstrate
that the annotation process is reliable.

5 Experiment

5.1 Experimental Setup
We evaluate LLMs ranging from 6B to 671B
parameters, including open-source and closed-
source models. Open-source models include
Qwen1.5-Instruct series (Bai et al., 2023):
Qwen1.5-Instruct-7B-chat, Qwen1.5-Instruct-14B-
chat; Qwen2.5-Instruct series (Qwen et al.,
2025): Qwen2.5-Instruct-7B, Qwen2.5-Instruct-
14B; Llama-3-Instruct-8B (Grattafiori et al., 2024);
ChatGLM2-6B (Zeng et al., 2023); Vicuna-
7B-V1.5 (Chiang et al., 2023); DeepSeek-V3
(671B) (DeepSeek-AI et al., 2024). Closed-source
models include GPT-4o1, Gemini-1.5-pro, Kimi2.

The source length (0–32k) sometimes exceeds
the context length supported by most LLMs. There-

1https://chat.openai.com/
2https://kimi.moonshot.cn/
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Reference

[D1-8]: Compression
[D1-3]: Inference

[Sentence Ⅰ]
[D2-4;16][D1-10]: Compression
[D1-9;11]: Quotation

[Sentence Ⅱ]

Prediction

[D1-3;8]: Compression
[D2-5]: Inference

[Sentence Ⅰ] [Sentence Ⅱ]

[D1- 3] [D1- 8] [D2- 5]
[Sentence Ⅰ]

[D1-3;10][D2-7]: Quotation
[D2-4][D1-11]: Compression

[D1- 3] [D1-10] [D1-11] [D2- 4] [D2- 7]
[Sentence Ⅱ]

[D1- 3] [D1- 8] [D1- 9] [D1-10] [D1-11] [D2- 4] [D2-16]

Recall =
2
2
×100% = 100%

Precision =
2
3×100% = 66.7%

Recall =
1
2
×100% = 50%

Precision =
1
3×100% = 33.3%

Recall =
3
5×100% = 60%

Precision =
3
5×100% = 60%

Recall =
1
5×100% = 20%

Precision =
1
5×100% = 20%

Track Relation

[Sentence Ⅰ]

[Sentence Ⅱ]

Recall =
100%+ 60%

2 = 80%

Precision =
66.7% + 60%

2
= 63.3%

Recall =
50%+ 20%

2
= 35%

Precision =
33.3% + 20%

2
= 26.7%

Sent-Macro

Recall =
2 + 3
2 + 5

×100% = 71.4%

Precision =
2 + 3
3 + 5

×100% = 62.5%

Recall =
1 + 1
2 + 5

×100% = 28.6%

Precision =
1

3 + 5×100% = 12.5%

Track RelationSent-Micro

Figure 4: Overview of evaluation metrics for TROVE, including source tracing and relationship classification.

fore, we adopt a sliding-window approach for sam-
ples where the source text exceeds the model’s
maximum length limit, denoted as M . Specifically,
the input text is split into chunks of 0−M,M−2×
M, 2×M − 3×M , etc. Each chunk is processed
independently, and the final result is obtained by
merging the predictions of all chunks.

During GPT-4o provenance, initial retrieval sig-
nificantly enhances GPT’s recall rate. Thus, each
model is evaluated under two approaches: (1) di-
rect prompting tracing, where the model processes
the input directly, and (2) retrieval-augmented trac-
ing, where retrieval is performed first, followed by
tracing based on the retrieved results.

5.2 Provenance Automatic Evaluation

We propose an evaluation method to assess model
performance on this task, as shown in Figure 4.

First, to evaluate model accuracy in tracing target
sentences and texts, we introduce macro-average
and micro-average metrics at the sentence level.
Macro-average metrics compute precision and re-
call for each sentence and average them across all
target sentences in a sample. In contrast, micro-
average metrics aggregate true predicted categories
across all target sentences and calculate precision
and recall based on global statistics.

In addition to evaluating source sentence trac-
ing, we assess the model’s ability to determine re-
lationships between traced and target sentences.
Our evaluation system includes 13 metrics for
both source tracing and relationship classification:
macro-average and micro-average precision and
recall. Specifically, we compute Macro-Track-
P, Macro-Track-R, Micro-Track-P, and Micro-
Track-R for source tracing, as well as Macro-

Relation-P, Macro-Relation-R, Micro-Relation-
P, and Micro-Relation-R for relationship classifi-
cation. To intuitively compare models, we calculate
the F1 scores for Macro-Track-P, Macro-Relation-
P, Micro-Track-P, and Micro-Relation-P, averaging
them to derive the overall F1-score.

5.3 Evaluation Results

Impact of Retrieval-Augmented Tracing vs. Di-
rect Prompting Tracing. Across almost all mod-
els, retrieval-augmented tracing outperforms direct
prompting in F1 scores, often by a large margin.
For example, Qwen2.5-14B’s F1 jumps from 26.02
to 40.68 with retrieval, while ChatGLM-6B, which
nearly fails in direct prompting tracing with an
F1 of 0.02, improves to 3.47. Even closed-source
models show the same trend, as Gemini-1.5-Pro
significantly improves from an F1 of 9.61 to 51.18
with retrieval. It suggests that retrieval helps over-
come context-length limits and brings in the rele-
vant source text, making it much easier for models
to match target sentences with their sources.

Impact of Model Size. As shown in Table 3,
larger models generally achieve higher scores in
source tracing and relationship classification. For
example, Qwen2.5-14B (retrieval) outperforms its
smaller counterparts in most metrics, such as Track-
P and Relation-P. However, Qwen2.5-7B (retrieval)
achieves the highest Track-R scores, indicating that
smaller models can also perform well in specific
aspects of source tracing even if they do not lead in
the overall F1-score. While the trend favors larger
models, specific architectures or training strategies
allow smaller models to remain competitive in the
provenance task. Notably, for relationship classi-
fication, the advantage of larger models is more
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Model Method
Macro Micro

F1
T-P T-R T-F1 R-P R-R R-F1 T-P T-R T-F1 R-P R-R R-F1

Retrieval

LCS 19.71 63.42 29.41 - - - 19.71 61.28 29.25 - - - 14.67
BM25 23.73 78.66 35.70 - - - 23.73 76.92 35.56 - - - 17.81
Dense 17.85 69.54 28.28 - - - 18.85 67.41 28.11 - - - 14.10
Union 33.89 76.83 46.17 - - - 33.16 74.99 45.13 - - - 22.82

Open-Source

Vicuna-7b
DP 6.80 23.22 10.50 2.37 8.53 3.69 6.78 23.10 10.44 2.38 8.43 3.69 7.08
RA 27.14 41.76 32.50 9.79 17.22 12.38 29.10 40.78 33.64 10.39 15.76 12.44 22.74

LLama3-8b
DP 5.16 16.63 6.97 2.03 7.21 2.96 5.45 15.50 6.43 1.84 6.20 2.49 4.71
RA 43.74 38.19 40.61 22.49 19.51 20.82 49.81 35.04 41.07 25.42 18.40 21.33 30.96

Chatglm-6b
DP 0.02 0.04 0.02 0.01 0.00 0.01 0.04 0.02 0.03 0.01 0.01 0.01 0.02
RA 3.68 4.06 3.84 1.50 1.76 1.60 11.97 3.98 5.93 4.85 1.73 2.53 3.47

Qwen1.5-7b
DP 6.47 41.00 11.18 1.36 11.71 2.36 6.50 40.82 10.84 1.27 10.04 2.20 6.65
RA 35.99 53.25 42.26 11.02 19.08 13.80 34.83 52.19 41.00 10.26 16.48 12.48 27.39

Qwen2.5-7b
DP 8.88 49.56 14.77 2.89 15.49 4.81 7.67 49.50 12.94 1.93 13.56 3.29 8.95
RA 41.96 71.92 52.23 14.73 28.56 19.23 39.50 69.72 49.65 12.32 24.55 16.21 34.33

Qwen1.5-14b
DP 12.50 38.97 16.84 3.71 13.35 5.25 13.36 37.51 16.93 3.65 11.32 4.74 10.94
RA 45.07 53.68 48.33 14.06 20.96 16.72 47.99 51.65 49.20 14.50 17.90 15.93 32.54

Qwen2.5-14b
DP 29.77 52.25 36.12 15.11 27.37 18.69 29.50 49.55 33.01 14.37 24.74 16.24 26.02
RA 54.60 50.24 51.99 29.22 27.43 28.12 64.68 47.02 54.23 33.49 24.80 28.37 40.68

DeepSeek-V3
(671B)

DP 44.79 56.56 49.80 21.88 28.40 24.63 39.54 54.31 44.95 17.46 25.61 20.41 34.95
RA 49.17 55.85 51.94 26.10 31.20 28.24 50.75 53.76 51.93 26.17 28.54 27.19 39.83

Closed-Source

GPT-4o
DP 59.31 55.46 57.18 36.55 33.98 35.15 57.32 52.43 54.55 34.39 31.61 32.81 44.92
RA 73.14 55.45 62.72 42.68 32.87 36.94 74.81 51.59 60.84 42.93 30.25 35.38 48.97

Gemini-1.5-pro
DP 13.30 13.00 13.10 7.54 7.44 7.46 11.38 11.71 11.49 6.29 6.54 6.40 9.61
RA 74.13 58.53 64.94 45.02 34.45 38.75 73.80 54.62 62.43 46.00 33.52 38.58 51.18

Kimi
DP 39.75 47.29 43.12 20.38 24.82 22.34 36.01 44.65 39.68 17.52 22.03 19.42 31.14
RA 60.27 64.69 62.25 32.44 36.05 34.07 57.25 61.50 59.15 30.32 33.41 31.73 46.80

Table 3: Experiment results of LLMs. DP and RA denote direct prompting tracing and retrieval-augmented tracing.
In both open-source and closed-source models, pink denotes the best DP results, while green marks the best RA
results. The bold values highlight the best results within open and closed-source models, respectively. Since the
union retrieval method outperforms each single retrieval method, we use the union retrieval method in RA.

consistent, suggesting that capturing complex re-
lationships (such as paraphrasing, summarization,
and logical inference) demands the enhanced repre-
sentational capacity of increased parameterization.

Precision–Recall Trade-offs Across Models.
We can find some interesting trade-offs when ex-
amining the precision and recall metrics for each
model. Some models, like Qwen2.5-7B with re-
trieval, prioritize recall, identifying more traced
sources with a recall of 71.92, but at the cost of
lower precision at 41.96. Others, such as Qwen2.5-
14B with retrieval, achieve a better balance, reach-
ing a higher precision of 54.60 while maintaining a
recall of 50.24. In real-world applications, a high-
recall system may be preferable when capturing all
possible source sentences, which is crucial, even
if some false positives appear. On the other hand,
a precision-focused system is better suited when
avoiding false positives is a priority.

Open-Source vs. Closed-Source. Among open-
source models, parameter sizes vary widely, from
a few billion (e.g., 6B–14B) to the much larger

Deepseek V3 with 671B parameters. Despite these
differences, larger models generally perform bet-
ter in direct prompting and retrieval-augmented
settings, especially in relationship classification.
Deepseek-V3 (DP) shows strong performance with
an F1 score of 34.95, outperforming many smaller
models. However, when retrieval is applied, mod-
els like Qwen2.5-14B begin to reduce the gap with
leading closed-source systems. For closed-source
models, Gemini-1.5-Pro (RA) and GPT-4o (RA)
achieve the highest F1 scores at 51.18 and 48.97,
performing well in both source tracing and rela-
tionship classification. However, Gemini-1.5-Pro
struggles with direct prompting, with an F1 score
of only 9.61, highlighting the importance of re-
trieval. While closed-source models still lead over-
all, their advantage is reduced significantly when
open-source LLMs use strong retrieval methods.

Relationship Classification. Besides source
sentence tracing, models must identify the relation-
ship between traced and target sentences (e.g., quo-
tation, compression, and inference). Relationship
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Figure 5: The performance of different models varies on different scenarios.
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Figure 6: The performance of different models varies on different sourth lengths.

classification is more challenging than sentence
tracing, requiring the model to understand deeper
semantic and structural differences. Larger models
(e.g., Qwen2.5-14B, Deepseek-V3, and GPT-4o)
tend to perform more consistently, showing higher
precision and recall in relationship classification
than smaller open-source models. However, no
model achieves highly reliable performance, sug-
gesting that accurately capturing deep semantic
relationships remains a challenging problem.

To conclude our analysis, we highlight the fol-
lowing key insights: 1) Retrieval is essential. Ev-
ery model benefits significantly from retrieval, of-
ten turning poor performance in direct prompting
into much stronger results when relevant context
is provided. 2) Larger models handle complex
tasks better. Larger models tend to perform better
in relationship classification, indicating that richer

representations are crucial for handling complex
tasks. 3) Precision and recall involve trade-offs.
Some models focus on capturing more potential
sources, leading to higher recall but lower preci-
sion, while others do the opposite. The choice
between high recall and high precision depends on
the specific application. 4) Closed-source models
dominate, but open-source is catching up. Mod-
els like Gemini-1.5-Pro and GPT-4o achieve the
highest F1 scores, maintaining a clear advantage.
However, retrieval-augmented open-source mod-
els, such as Qwen2.5-14B, are making significant
progress and, in some cases, reaching compara-
ble performance. 5) Relationship classification
remains a challenge. No model achieves consis-
tently strong performance in detecting complex
relationships, showing that there is still room for
improvement in fine-grained provenance tasks.
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Figure 7: Confusion matrix for GPT-4o. X-axis: predictions, y-axis: ground truth.

5.4 Analysis

Figure 5 and Figure 6 show model performance
across scenarios and source lengths respectively.

Models Performance Across Scenarios. Under
the DP method, GPT-4o performs better than all
other models across all scenarios. With the RA
method, Kimi, GPT-4o, and Gemini-1.5-Pro each
exhibit distinct advantages in different scenarios.
For instance, GPT-4o leads in EventSum, QA3doc,
and QA2doc; Gemini-1.5-Pro outperforms others
in MultiNews, MultiNews_e, QMSum, QA1doc,
and LongSum; and Kimi shows outstanding per-
formance in SAMSum. These results suggest that
each model adapts differently depending on the
scenario. They also show that RA leads to more
significant improvements than DP, especially in
multi-document, dialogue, and meeting scenarios.

Models Performance Across Source Lengths.
Regarding source length, the RA is generally less
affected by longer texts. In the DP, once the source
length reaches 32k, only GPT-4o and DeepSeek-V3
maintain a passable but somewhat lower level of
performance, while the others see a significant drop.
Interestingly, Qwen2.5-14b usually falls behind
Kimi and Gemini-1.5-Pro, but it surpasses both
when the source length exceeds 20k.

Error Analysis. To understand model behavior,
we analyze the confusion matrices for GPT-4o un-
der both direct prompting and retrieval-augmented
conditions, with results shown in Figure 7a and
Figure 7b respectively. The matrices reveal a
clear hierarchy of relationship difficulty: Quota-
tion is easiest, followed by Compression, while
Inference proves most challenging. Three error
patterns emerge: (1) Compression bias — models
overpredict this category, with 533 Quotation and
311 Inference instances misclassified as Compres-
sion in RA; (2) "Inference→Compression" confu-

sion — 311 out of 672 true Inference cases are
misclassified as Compression, indicating difficulty
distinguishing between summarization and logical
derivation; (3) "Other" underrepresentation — only
7 out of 28 instances correctly identified, highlight-
ing challenges with rare relationship types.

Impact of Retrieval. While RA improves overall
performance (Inference correct predictions increase
from 168 to 299), it also intensifies misclassifica-
tion attempts. The Quotation→Compression errors
increase from 401 in DP to 533 in RA, suggesting
that additional context sometimes causes models to
overinterpret simple quotations as more complex
relationships. These patterns reveal fundamental
challenges in relationship classification that extend
beyond performance metrics.

6 Conclusion

We present TROVE, a fine-grained text provenance
challenge to enhance transparency and accountabil-
ity in text generation. TROVE traces each target
sentence to its source, classifying their relation-
ship as quotation, compression, inference, or oth-
ers. TROVE offers a rigorous foundation for under-
standing where and how text is derived. Our dataset
construction leverages three public datasets, Long-
Bench, LooGLE, and CRUD-RAG, covering 11
scenarios, 2 languages, and 3 source length ranges.

Experiments with major LLMs show that re-
trieval augmentation significantly improves perfor-
mance, especially for multi- and long-document
settings. Larger models handle complex target-
source relationships better, and while closed-source
models lead in performance, open-source models
reduce the gap with retrieval methods. However,
relationship classification remains a key challenge.
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Limitations

We conclude the limitations of our study as follows:
(1) Lack of Hallucination Cases. Our dataset con-
struction relies on existing public datasets rather
than texts generated directly by language models.
As a result, hallucinations are absent in TROVE.
In future work, we will enrich the dataset by incor-
porating model-generated content. (2) Scalability
and Context Window Constraints. Although we in-
clude long-document and multi-document settings,
current LLMs are constrained by finite context win-
dows. In extremely lengthy documents, crucial
source sentences might be ignored during retrieval.
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A Dataset

Table 4 presents a detailed statistical overview of
our dataset, categorized across multiple dimen-
sions: document type (single vs. multi-document),
language (English vs. Chinese), scenario, domain,
origin dataset, and average document length.

Our dataset consists of English and Chinese
sources, covering multiple scenarios such as news
summarization, academic summarization, and ques-
tion answering. It includes domains such as news,
government reports, scientific papers, meetings,
and dialogues, ensuring broad coverage across dif-
ferent textual data types. The origin datasets in-
clude well-established resources, i.e., Long-Bench,
LooGLE, and CRUD.

To account for variations in document length,
we report #AvgLen, which measures the aver-
age length of source documents in words for
English texts and characters for Chinese texts.
Multi-document datasets (e.g., MultiNews) tend to
have longer text sequences, while single-document
datasets vary significantly based on their domain
(e.g., academic papers in LongSum have much
longer texts than news articles in EventSum).

B Detail Experiment Results

We present experimental results for open-source
and closed-source LLMs under single- and multi-
document settings in English and Chinese. Table 6
shows the results for open-source models. Table 7
provides results for closed-source models.

We report metrics for direct prompting (DP) and
retrieval-augmented (RA) tracing. Each table in-
cludes macro- and micro-averaged precision, recall,
and F1 metrics for source tracing (T), relationship
classification (R), and an overall F1 score.

In single-document English tasks, among
open-source models, Qwen2.5-7B with retrieval-
augmented tracing achieves the highest F1 (35.02),
outperforming other open-source alternatives (e.g.,
Qwen2.5-14B with 34.50). However, the closed-
source Gemini-1.5-Pro obtains an even higher F1
of 48.39 with retrieval, making it the top per-
former overall in this single-document English sce-
nario. Notably, GPT-4o is quite capable under
direct prompting (33.97), exceeding the retrieval-
augmented baselines of most open-source LLMs.
However, almost all models (open or closed) show
significant gains when retrieval is introduced.

In single-document Chinese tasks, among open-
source models, DeepSeek-V3 (RA) leads with an

F1 score of 44.52, outperforming Qwen and Llama.
Among closed-source models, GPT-4o (DP) scores
42.99, while Gemini-1.5-Pro (RA) gets higher at
46.95. Although these closed-source models ex-
ceed most open-source options except DeepSeek-
V3, GPT-4o also performs well without retrieval,
scoring 43.61 with direct prompting, even better
than its RA variant. In contrast, Gemini relies heav-
ily on retrieval, as shown by its sharp jump from a
very low direct prompting score of 2.85 to 46.95
when retrieval is applied. This highlights the vary-
ing levels of dependence on reducing candidates
among different models.

In multi-document English tasks, Qwen2.5-14b
(RA) leads among open-source models with an
F1 score of 44.54, slightly ahead of DeepSeek-V3
(43.39). However, the closed-source Gemini-1.5-
Pro gets the top score with 51.25, outperforming
GPT-4o (48.34) and Kimi (49.48). GPT-4o also
shows strong performance without retrieval, scor-
ing 41.26, while Gemini struggles with a much
lower 15.80. This suggests that GPT-4o is naturally
better at direct prompting, whereas Gemini and
Kimi depend more on retrieved context to handle
complex multi-document provenance.

In multi-document Chinese tasks, DeepSeek-V3
(RA) leads open-source models with an F1 score
of 54.52, far ahead of Qwen2.5-14B (47.51). How-
ever, GPT-4o achieves the best overall with 61.09,
just ahead of Gemini-1.5-Pro (58.11) and Kimi
(57.33). This highlights GPT-4o’s strong ability to
handle multi-source Chinese text.

In all, in single-document tasks, Qwen2.5-7B
and DeepSeek-V3 emerge as strong open-source
choices for English and Chinese, respectively, yet
Gemini-1.5-Pro can outperform them once retrieval
is incorporated. GPT-4o stands out for its rela-
tively high direct-prompting scores across both lan-
guages, showing strong built-in tracing capabilities.
Under multi-document conditions, the complex-
ity increases, and the top results often come from
closed-source solutions (e.g., Gemini-1.5-pro, GPT-
4o, Kimi), although Qwen2.5-14b and DeepSeek-
V3 hold their own in the open-source domain. Mod-
els integrating retrieval, whether open- or closed-
source, generally exhibit greater gains and more
accurate sentence-level provenance.

B.1 Confusion Matrix Analysis Details
The observed discrepancies in total counts between
confusion matrices for different methods are at-
tributed to the following methodological factors:
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#Doc Lang Tasks Number Origin Dataset Domain #AvgLen

multi en
MultiNews_e 133 Long-Bench News 8,672.77
MultiNews 47 Long-Bench News 3,118.66

single en

GovReport 63 Long-Bench Report 6,836.30
LongSum 15 LooGLE ArXiv 21,797.40
QMSum 47 Long-Bench Meeting 9,222.79

SAMSum 55 Long-Bench Dialogue 7,587.96

multi zh
QA2doc 90 CRUD News 713.97
QA3doc 90 CRUD News 1,070.50

single zh
EventSum 32 CRUD News 758.97
QA1doc 32 CRUD News 676.41
VCSum 116 Long-Bench Meeting 11,993.00

Table 4: Detailed statistics of our dataset. #AvgLen denotes the average length of the source document(s), measured
in Chinese characters for Chinese texts and words for English texts. Tasks indicates the data’s original task (scenario).

Final-Lable Pre-Label

Quotion
Copy
Paraphrase
Reordering

Compression
Fusion
Summary
Distillation

Inference
Inference
Expansion
Generalization

Other Negation

Table 5: Mapping between pre-labels and final-labels.

(1) The retrieval-augmented method may fail to re-
trieve certain sentences from the source documents,
leading to variations in the number of ground-
truth sentences available for classification. (2) The
retrieval-augmented and direct prompting methods
trace different sets of source sentences due to their
distinct retrieval mechanisms. Sentences that re-
main untraced by either method are excluded from
the subsequent relationship classification task, re-
sulting in different sample sizes across experimen-
tal conditions. It is worth noting that we employ
the pass@5 evaluation metric for all experimental
assessments to ensure consistent and robust perfor-
mance measurement.

C Prompts

To prevent large language models from mislabeling,
the pre-labeling process of GPT-4o adopts a more
fine-grained classification, specifically as: Copy,
Paraphrase, Summary, Inference, Expansion, Fu-

sion, Distillation, Reordering, Negation, General-
ization. And the mapping between pre-labels and
final labels is shown in Table 5.
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C Related Prompts844

To prevent large language models from mislabeling,845

the pre-labeling process of GPT-4o adopts a more846

fine-grained classification, specifically as: Copy,847

Paraphrase, Summary, Inference, Expansion, Fu-848

sion, Distillation, Reordering, Negation, General-849

ization. And the mapping between pre-labels and850

final labels is shown in Table 5.851

Prompt (LLM Provenance)

[Content] Target Sentence: xxx
Candidate Sentence [No.1]: xxx.
Candidate Sentence [No.2]: xxx.
....
Candidate Sentence [No.n]: xxx.
[Prompt]
Based on the [Content], which of the candidate sentences
can cover the content of the target sentence? Please provide
the number of the candidate sentences and the relationship
between the candidate and target sentences. The relation-
ships between the target sentence and candidate sentence,
including quotation, compression, inference, and negation.
Quotation: The target sentence either fully or partially
replicates a sentence from the input document. This can
include exact quotations, slight modifications, or the incor-
poration of specific phrases from the input document.
Compression: The target sentence condenses information
from one or more sentences in the input document.
Inference: The target sentence is based on information
implied by the input document rather than stated explicitly.
Negation: The target sentence negates or reverses the in-
formation presented in the input document.
The response format should refer to JSON format:

���json
[
{

"Candidate Sentence": [xx],
"Relationship": "Quotation"

},
{

"Candidate Sentence": [xx],
"Relationship": "Compression"

}
...
]
���

Figure 6: Prompts for LLMs.
852

12

Figure 8: Prompt for LLM provenance in experiments.
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LLM #Doc Lang. Method
Macro Micro

F1
T_P T_R T_F1 R_P R_R R_F1 T_P T_R T_F1 R_P R_R R_F1

Vicuna

single
en

DP 0.45 2.41 0.76 0.21 1.52 0.37 0.42 2.47 0.72 0.19 1.43 0.34 0.55
RA 29.82 46.96 36.48 10.50 19.69 13.69 32.01 45.45 37.56 11.05 16.64 13.28 25.25

zh
DP 8.97 30.53 13.86 3.19 10.94 4.94 8.52 30.51 13.33 3.04 11.08 4.77 9.22
RA 29.75 32.47 31.05 10.12 12.75 11.28 30.34 32.81 31.53 10.26 12.63 11.33 21.30

multi
en

DP 2.45 10.85 4.00 0.82 3.64 1.33 2.21 10.70 3.66 0.68 3.55 1.15 2.54
RA 30.89 48.43 37.72 11.53 21.08 14.91 34.62 46.45 39.68 12.84 18.39 15.12 26.86

zh
DP 15.33 49.10 23.37 5.25 18.01 8.13 15.96 48.70 24.04 5.60 17.66 8.50 16.01
RA 18.09 39.17 24.75 7.03 15.34 9.64 19.43 38.40 25.81 7.42 15.39 10.02 17.55

LLama3

single
en

DP 3.53 30.86 6.33 1.37 12.05 2.45 2.55 29.67 4.69 0.95 10.75 1.75 3.81
RA 55.74 43.15 48.64 24.80 18.66 21.30 58.79 39.01 46.90 25.79 17.86 21.10 34.49

zh
DP 1.51 1.70 1.60 0.52 0.65 0.58 2.10 1.46 1.72 0.59 0.45 0.51 1.10
RA 27.66 20.11 23.29 14.95 11.26 12.84 32.05 19.55 24.28 17.24 11.30 13.65 18.52

multi
en

DP 8.24 26.55 12.57 4.57 13.90 6.88 7.12 23.76 10.96 3.75 11.58 5.67 9.02
RA 49.07 47.30 48.17 26.08 25.94 26.01 55.06 42.50 47.97 29.72 23.10 26.00 37.04

zh
DP 7.37 7.42 7.39 1.67 2.25 1.92 10.04 7.13 8.34 2.05 2.03 2.04 4.92
RA 42.50 42.18 42.34 24.14 22.19 23.13 53.36 39.13 45.15 28.94 21.35 24.57 33.80

Chatglm

single
en

DP 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
RA 8.95 9.73 9.32 3.80 4.58 4.16 25.06 9.92 14.21 11.35 4.70 6.65 8.58

zh
DP 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
RA 0.42 0.20 0.27 0.28 0.06 0.10 0.83 0.17 0.29 0.28 0.06 0.10 0.19

multi
en

DP 0.06 0.17 0.09 0.04 0.01 0.02 0.16 0.08 0.11 0.02 0.02 0.02 0.06
RA 5.32 6.23 5.74 1.91 2.39 2.13 21.90 5.79 9.15 7.75 2.15 3.37 5.10

zh
DP 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
RA 0.02 0.07 0.04 0.00 0.00 0.00 0.10 0.05 0.07 0.00 0.00 0.00 0.03

Qwen1.5
-7b

single
en

DP 1.30 30.84 2.50 0.39 12.05 0.76 1.29 30.19 2.47 0.40 9.52 0.76 1.62
RA 33.91 57.06 42.54 11.07 22.61 14.87 31.66 55.25 40.26 9.96 18.58 12.97 27.66

zh
DP 7.22 37.80 12.13 1.91 10.51 3.23 7.07 37.76 11.91 1.87 10.20 3.16 7.61
RA 43.16 42.11 42.63 10.25 11.65 10.90 42.95 42.11 42.53 10.01 11.02 10.49 26.64

multi
en

DP 2.04 29.08 3.81 0.48 8.94 0.91 1.88 28.85 3.53 0.48 7.17 0.91 2.29
RA 36.45 54.01 43.52 14.62 24.34 18.27 34.91 50.12 41.15 13.16 19.59 15.75 29.67

zh
DP 16.40 66.28 26.30 2.67 15.33 4.54 15.75 66.48 25.46 2.34 13.28 3.98 15.07
RA 30.44 59.81 40.35 8.13 17.71 11.15 29.79 61.26 40.08 7.89 16.73 10.72 25.58

Qwen2.5
-7b

single
en

DP 1.41 25.92 2.68 0.67 9.42 1.25 1.03 25.63 1.97 0.29 6.95 0.55 1.61
RA 44.35 67.54 53.54 15.43 28.65 20.06 41.56 64.62 50.58 12.21 22.88 15.92 35.02

zh
RA 10.38 46.09 16.95 3.54 14.21 5.67 9.30 46.08 15.48 2.68 13.32 4.46 10.64
RA 43.67 59.50 50.37 12.06 20.57 15.20 42.69 59.01 49.54 11.32 19.68 14.38 32.37

multi
en

DP 4.36 40.63 7.87 2.27 14.96 3.94 2.59 40.36 4.87 0.72 12.24 1.35 4.51
RA 45.50 70.35 55.26 20.70 33.92 25.71 41.16 66.15 50.74 16.45 27.40 20.55 38.07

zh
DP 19.36 85.59 31.58 5.10 23.38 8.37 17.75 85.93 29.43 4.03 21.75 6.80 19.04
RA 34.32 90.28 49.73 10.73 31.09 15.96 32.60 89.09 47.74 9.29 28.26 13.98 31.85

Qwen1.5
-14b

single
en

DP 0.77 31.02 1.50 0.17 7.48 0.33 0.72 27.75 1.41 0.13 5.76 0.26 0.88
RA 46.18 44.82 45.49 9.95 14.05 11.65 50.84 43.02 46.61 12.25 12.13 12.19 28.99

zh
DP 15.79 32.88 21.34 4.84 10.01 6.52 15.73 32.76 21.26 4.46 9.54 6.08 13.80
RA 45.66 41.57 43.52 11.60 14.17 12.75 47.04 41.15 43.90 12.02 13.12 12.55 28.18

multi
en

DP 6.37 48.85 11.27 2.85 22.98 5.07 4.38 46.69 8.01 1.58 18.51 2.92 6.82
RA 50.35 64.90 56.71 23.14 32.69 27.10 49.75 60.59 54.64 20.70 26.41 23.21 40.41

zh
DP 27.05 43.14 33.25 6.99 12.95 9.08 32.60 42.85 37.03 8.44 11.46 9.72 22.27
RA 38.09 63.45 47.61 11.57 22.93 15.38 44.33 61.84 51.64 13.02 19.92 15.75 32.59

Qwen2.5
-14b

single
en

DP 15.92 49.57 24.10 9.88 25.78 14.29 7.90 45.88 13.48 4.40 22.10 7.34 14.80
RA 44.43 42.18 43.28 24.75 23.71 24.22 60.35 37.72 46.43 31.53 19.50 24.10 34.50

zh
DP 36.61 50.26 42.36 17.77 25.25 20.86 36.70 49.58 42.18 17.12 24.10 20.02 31.35
RA 57.24 39.46 46.71 29.73 21.04 24.64 62.04 39.30 48.12 31.79 20.85 25.18 36.16

multi
en

DP 21.86 62.59 32.40 12.43 36.63 18.56 16.92 57.50 26.14 8.92 31.71 13.92 22.76
RA 53.62 57.14 55.33 31.55 34.13 32.79 65.04 51.61 57.55 36.25 29.43 32.49 44.54

zh
DP 44.69 46.59 45.62 20.37 21.81 21.06 56.50 45.24 50.25 27.04 21.07 23.69 35.16
RA 63.09 62.18 62.63 30.86 30.84 30.85 71.27 59.46 64.83 34.40 29.42 31.72 47.51

DeepSeek-V3

single
en

DP 17.34 23.46 19.94 11.26 15.33 12.98 11.53 21.44 15.00 6.83 12.31 8.78 14.17
RA 18.22 25.15 21.13 10.56 16.07 12.75 20.07 23.07 21.47 11.27 13.24 12.18 16.88

zh
DP 51.57 62.88 56.67 23.24 29.34 25.94 50.08 62.59 55.64 21.56 28.57 24.58 40.71
RA 63.86 56.21 59.79 31.08 28.85 29.92 63.37 55.65 59.26 30.15 28.16 29.12 44.52

multi
en

DP 39.48 60.90 47.91 23.39 35.69 28.26 26.40 56.82 36.05 14.01 30.79 19.26 32.87
RA 48.45 59.18 53.28 29.25 36.83 32.61 55.20 55.54 55.37 31.88 32.74 32.30 43.39

zh
DP 70.78 79.02 74.67 29.63 33.24 31.33 70.15 76.37 73.13 27.45 30.77 29.02 52.04
RA 66.13 82.86 73.56 33.52 43.04 37.69 64.37 80.78 71.65 31.39 40.01 35.18 54.52

Table 6: Experiment results of open-source LLMs under single- and multi-document settings in English and Chinese.
DP and RA denote direct prompting tracing and retrieval-augmented tracing.
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LLM #Doc Lang. Method
Macro Micro

F1
T_P T_R T_F1 R_P R_R R_F1 T_P T_R T_F1 R_P R_R R_F1

GPT-4o

single
en

DP 46.54 41.11 43.66 28.69 25.08 26.76 46.72 37.16 41.40 27.16 21.68 24.11 33.98
RA 65.96 50.93 57.48 35.99 27.69 31.29 70.60 46.50 56.07 36.01 24.30 29.02 43.47

zh
DP 59.17 48.70 53.43 38.02 31.44 34.42 58.57 48.25 52.91 37.27 30.71 33.68 43.61
RA 75.47 43.72 55.36 41.82 24.84 31.17 75.76 42.81 54.71 41.70 24.32 30.73 42.99

multi
en

DP 50.62 55.20 52.81 33.67 35.36 34.49 45.03 50.64 47.67 28.38 31.93 30.05 41.26
RA 64.98 58.04 61.31 39.79 36.00 37.80 67.07 52.12 58.66 40.26 31.85 35.57 48.34

zh
DP 80.90 76.83 78.81 45.83 44.06 44.93 78.95 73.67 76.22 44.75 42.11 43.39 60.84
RA 86.15 69.12 76.70 53.14 42.96 47.51 85.81 64.93 73.92 53.76 40.51 46.20 61.09

Gemini-1.5
-pro

single
en

DP 16.01 13.85 14.86 8.83 7.40 8.05 12.85 11.57 12.17 6.53 5.96 6.23 10.33
RA 69.39 55.51 61.68 42.20 31.83 36.28 70.53 50.68 58.98 44.17 31.30 36.64 48.39

zh
DP 4.34 3.81 4.06 1.95 1.73 1.83 3.98 3.61 3.79 1.80 1.67 1.73 2.85
RA 77.54 45.72 57.52 49.98 29.20 36.86 76.98 44.75 56.60 50.00 29.16 36.84 46.95

multi
en

DP 19.53 22.00 20.69 12.53 14.12 13.28 16.41 19.64 17.88 10.51 12.35 11.35 15.80
RA 67.21 64.36 65.75 40.16 38.04 39.07 66.92 58.74 62.56 40.23 35.31 37.61 51.25

zh
DP 13.31 12.33 12.80 6.86 6.49 6.67 12.27 12.01 12.13 6.33 6.20 6.26 9.47
RA 82.38 68.53 74.82 47.75 38.75 42.78 80.78 64.30 71.60 49.60 38.31 43.23 58.11

Kimi

single
en

DP 24.62 30.16 27.11 13.05 15.65 14.23 19.51 27.57 22.85 9.92 13.21 11.33 18.88
RA 63.26 62.36 62.81 30.85 31.43 31.14 59.41 58.49 58.94 28.53 29.07 28.79 45.42

zh
DP 29.54 32.02 30.73 15.70 17.22 16.43 28.31 31.59 29.86 14.59 16.35 15.42 23.11
RA 46.88 43.39 45.07 25.98 25.13 25.55 46.07 42.72 44.33 25.40 24.42 24.90 34.96

multi
en

DP 37.73 51.20 43.45 21.44 29.85 24.96 30.42 46.25 36.70 15.77 24.77 19.27 31.09
RA 60.13 70.01 64.70 35.08 42.29 38.35 56.07 64.78 60.11 32.00 38.05 34.76 49.48

zh
DP 67.12 75.76 71.18 31.32 36.54 33.73 65.79 73.18 69.29 29.79 33.80 31.67 51.47
RA 70.82 83.01 76.43 37.84 45.33 41.25 67.46 80.01 73.20 35.37 42.11 38.45 57.33

Table 7: Experiment results of closed-source LLMs under single- and multi-document settings in English and
Chinese. DP and RA denote direct prompting tracing and retrieval-augmented tracing.
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Prompt (GPT-4o Provenance)

[Content] Target Sentence 1:
Candidate Sentence 1: xxx.
Candidate Sentence 2: xxx.
...
Target Sentence 2:
Candidate Sentence 1: xxx.
Candidate Sentence 2: xxx.
...
[Prompt]
Given a target sentence and a set of candidate provenance sentences, your task is to identify which candidate sentence(s)
most likely served as the source for the information in the target sentence. The selected candidate sentence(s) should
directly support the target sentence, ensuring that every word in the target sentence can be traced back to the selected
candidate sentences, either in the exact form or as a synonym. And give the key relationships between the the
target sentence and selected candidate sentence, including: copy, paraphrase, summary, inference, expansion, fusion,
distillation, reordering, negation, generalization.
Key Relationships:
• Copy: The target sentence either fully or partially replicates a sentence from the input document. This can include
exact quotations, slight modifications, or the incorporation of specific phrases from the input document.
• Paraphrase: The target sentence conveys the same meaning as a sentence in the input document but uses different
wording.
• Summary: The target sentence condenses information from one or more sentences in the input document.
• Inference: The target sentence is based on information implied by the input document rather than stated explicitly.
• Expansion: The target sentence elaborates on or adds new details to the information found in a sentence in the input
document.
• Fusion: The target sentence combines information from multiple sentences or sections of the input document.
• Distillation: The target sentence distills key points from a longer, more detailed section of the input document.
• Reordering: The target sentence presents the same information as in the input document but in a different order.
• Negation: The target sentence negates or reverses the information presented in the input document.
• Generalization/Specification: The target sentence either generalizes the information (making it less specific) or
specifies it (making it more detailed) based on the input document.
Instructions:
1. For each target sentence, review the candidate provenance sentences provided and give the key relationships.
2. Select the candidate sentence(s) that best support the information in the target sentence.
3. Ensure that all elements of the target sentence are present in the selected candidate sentence(s) in the same form or as
synonyms.
4. Copy the selected candidate sentence(s) exactly as they appear in the [Content] section.
5. Do not generate any new content or modify the sentences.
6. The key relationship includes: copy, paraphrase, summary, inference, expansion, fusion, distillation, reordering,
negation, generalization.

The response format should refer to JSON format:

���json
[

{
"Provenance Sentence 1": str,

"Key Relationship": str, # the relationship between target sentence and provenance sentence 1
},
{

"Provenance Sentence 2": str,
"Key Relationship": str, # the relationship between target sentence and provenance sentence 2

},
...

]
���

Figure 8: Prompts for GPT-4 annotation.Figure 9: Prompt for GPT4o provenance in annotation.
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文本溯源标注手册
1. 引言
文本溯源任务旨在通过追溯目标文本中的句子，识别其源自输入文档的哪些句子。这个过程
有助于确定目标文本与源材料之间的关系，包括内容是直接引用、改写、总结、推理，还是
以其他方式转换的。
2. 任务定义
目标：对于目标文本中的每个句子，您的任务是识别一个或多个可能作为该目标句子来源的
输入文档中的句子。无论是直接引用、压缩、推理还是否定，所识别的句子应反映目标句子
中所包含的信息。
关系类型
1. 直接引用（单句）：包含复制、改写、重排序
复制/部分复制（Copy）：目标句子完全或部分复制了输入文档中的句子，包括精确引用、
轻微修改或采用特定短语。
改写（Paraphrasing）：目标句子传达了与输入文档中某个句子相同的含义，但使用了不同
的措辞。
重排序（Reordering）：目标句子呈现了与输入文档中相同的信息，但顺序不同。
2. 压缩（单句或多句）：包含融合、总结
融合（Fusion）：目标句子将来自输入文档多个句子或部分的信息组合在一起。
总结（Summary）：目标句子对输入文档中的一个或多个句子的信息进行了精简概述。
3. 推理（单句或多句）：包含扩展、泛化和细化
扩展（Expansion）：目标句子对输入文档中某个句子的信息进行了详细阐述或添加了新细
节。
泛化（Generalization）：目标句子基于输入文档中具体的信息进行了概括，使之变得不那么
具体。
细化（Specification）：目标句子基于输入文档中信息进行了更详细的说明，使之更加具体。
4. 否定（单句或多句）：包含否定、矛盾和反驳
否定（Negation）：目标句子否定或推翻了输入文档中呈现的信息。
矛盾/歪曲：目标句子与输入文档中的信息存在矛盾或歪曲了原意。
反驳：目标句子对输入文档中的信息进行了反驳。
3. 标注说明
步骤1：阅读输入文档和目标文本
仔细阅读整个输入文档，理解其上下文和内容。
浏览目标文本，确定需要溯源的句子。
步骤2：识别候选句子
对于目标文本中的每个句子，在输入文档中找到包含该句子所反映信息的一个或多个句子。
在选择候选句子时，考虑所有可能的关系类型（如直接引用、融合、推理、否定）。
步骤3：选择标准
全面覆盖：确保目标句子的每个元素都可以在所选的候选句子中找到。如果输入文档中的单
个句子无法完全涵盖目标句子，请考虑选择多个候选句子。
关系识别：将目标句子与适当的关系类型匹配（如改写、融合）。使用关系定义来指导您决
定哪些候选句子最能反映目标句子。
同义匹配：如果目标句子使用了同义词或不同的表达方式，请确保其含义仍能在输入文档的
候选句子中准确反映。
上下文相关性：考虑输入文档和目标文本中周围的上下文。从段落或章节的更广泛背景来看，
候选句子可能更为相关。
步骤4：标注
从输入文档中复制您认为支持目标句子的确切候选句子。
不要生成新内容或修改现有句子。
步骤5：核对
仔细检查您的标注，确保所选的候选句子在内容、上下文和所识别的关系类型方面完全支持
目标句子。

Figure 10: The guideline for human annotation.
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