Concise and Sufficient Sub-Sentence Citations for Retrieval-Augmented
Generation

Guo Chen'?, Qiuyuan Li'?, Qiuxian Li'?, Hongliang Dai'»*', Xiang Chen?, Piji Li'?

ICollege of Artificial Intelligence,

Nanjing University of Aeronautics and Astronautics, Nanjing, 211106, China
The Key Laboratory of Brain-Machine Intelligence Technology,
Ministry of Education, Nanjing, 211106, China
3 College of Computer Science and Technology,

Nanjing University of Aeronautics and Astronautics, Nanjing, 211106, China

{guochen, qgiuyli, 162350227, hongldai, xiang_chen, pjli}@nuaa.edu.cn

Abstract

In retrieval-augmented generation (RAG) ques-
tion answering systems, generating citations
for large language model (LLM) outputs en-
hances verifiability and helps users identify po-
tential hallucinations. Existing citation gener-
ation methods for retrieval-augmented genera-
tion usually provide evidence at the paragraph
or sentence level. Although such citations im-
prove verifiability, they may still impose unnec-
essary reading burden on users: a cited sentence
may include information irrelevant to the an-
swer while lacking sufficient context, such as a
clear referent for the subject. In this paper, we
study concise and sufficient sub-sentence cita-
tion generation, aiming to identify minimal yet
self-contained evidence spans for answer verifi-
cation. To this end, we first develop annotation
guidelines for such citations and construct a
corresponding dataset. To reduce annotation
cost, we propose a data augmentation frame-
work that generates synthetic citation annota-
tions and filters low-quality instances using an
evaluator model. Our experiments on the con-
structed dataset demonstrate that the proposed
approach can generate high-quality and more
readable citations.

1 Introduction

Large language models (LLMs) are increasingly
used for question answering and information-
seeking tasks, but they still suffer from halluci-
nations, producing plausible statements that are
not fully supported by reliable evidence (Azam-
firei et al., 2023; Ye et al., 2024; Ji et al., 2023).
Retrieval-augmented generation (RAG) mitigates
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this issue by conditioning LL.Ms on external doc-
uments or retrieved passages (Lewis et al., 2020).
However, retrieved contexts can be long, noisy, or
only partially relevant, making it difficult for users
to efficiently verify generated answers. To reduce
this burden, recent work has explored generating
citations that explicitly link model responses to sup-
porting evidence (Menick et al., 2022; Liu et al.,
2023; Gao et al., 2023; Zhang et al., 2025; Shen
et al., 2025; Chuang et al., 2025).

Q : When was the Colosseum completed ?
A:80AD
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Figure 1: Motivation of concise and sufficient sub-sentence ci-
tations. Paragraph- or chunk-level citations are often sufficient
but verbose, while sentence-level citations may still contain
irrelevant details or miss necessary context. Our sub-sentence
citation standard aims to select minimal and self-contained
evidence spans for efficient answer verification.

Existing citation methods have made important
progress, but their citation granularity remains lim-
ited for efficient verification. Early systems often
cite entire web pages, paragraphs, or fixed-size
chunks, requiring users to locate the exact evidence.
More recent work, such as LongCite, improves ci-
tation granularity by generating sentence-level cita-
tions for long-context question answering (Zhang
et al., 2025). However, a sentence is not always
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the optimal unit of reference: it may include ir-
relevant information, while also being insufficient
on its own due to pronouns, implicit subjects, or
context-dependent expressions. Therefore, a desir-
able citation should be fine-grained, concise, and
sufficient, excluding irrelevant content while re-
taining the information necessary for verification.
Figure 1 illustrates our motivation.

In this work, we study concise and sufficient
sub-sentence citation generation for question an-
swering. Given a question, a retrieved context, and
an answer, the goal is to identify one or more evi-
dence spans that are minimal, self-contained, and,
where possible, naturally readable on their own.
Compared with sentence-level citation, our task al-
lows citations to include only the necessary clause
or phrase, while adding antecedent spans when re-
quired for sufficiency. It is useful when a complete
sentence contains both answer-relevant evidence
and distracting background information, because
users can verify the answer without reading unnec-
essary surrounding content.

To support this task, we develop annotation prin-
ciples and construct a manually annotated bench-
mark covering cases where sentence-level citations
are sufficient, cases with redundant sentence con-
tent, and cases requiring antecedent or multiple
spans. To reduce annotation cost, we further pro-
pose a data augmentation framework that generates
synthetic citation annotations, filters low-quality
instances with an evaluator model, and trains the fi-
nal citation generator through synthetic pre-training
followed by annotated data refinement.

Experiments on our benchmark show that the
proposed framework consistently improves sub-
sentence citation generation across multiple open-
source LLMs. Further analyses highlight the ben-
efits of data quality control and of combining syn-
thetic and human annotations. Our code and data
are available at https://github.com/chen-kkk/
cs-citation.

Our contributions are summarized as follows:

* We formulate the task of concise and suf-
ficient sub-sentence citation generation for
RAG-based question answering, aiming to re-
duce verification burden beyond paragraph-
and sentence-level citations.

* We develop annotation principles for sub-
sentence citations and construct a manually
annotated benchmark covering different cita-
tion scenarios.

* We propose a data augmentation framework
that combines synthetic citation generation,
evaluator-based filtering, and two-stage fine-
tuning.

* Experiments and ablation studies show
that the proposed framework improves sub-
sentence citation quality, and that data filter-
ing and the training strategy both contribute
to the final performance.

2 Related Work

Generating responses with citations has become
an important direction for improving the verifiabil-
ity and trustworthiness of large language models.
Early work on retrieval-augmented and web-based
question answering encourages models to support
generated answers with retrieved documents or ex-
ternal evidence (Nakano et al., 2021; Menick et al.,
2022; Liu et al., 2023). More recently, ALCE
(Gao et al., 2023) introduced a reproducible bench-
mark for automatic citation evaluation, requiring
systems to retrieve supporting passages and gen-
erate answers with citations. This line of work
demonstrates that citations can help users verify
model outputs and diagnose unsupported claims.
However, most citation-enabled generation systems
still operate at a relatively coarse granularity, such
as web pages, passages, paragraphs, or fixed-size
chunks. Although these citations provide useful
provenance, users often still need to inspect a large
amount of text to locate the exact evidence.
Recent studies have explored more fine-grained
citation generation. LongCite (Zhang et al., 2025)
focuses on long-context question answering with
sentence-level citations and constructs LongBench-
Cite and LongCite-45K through a coarse-to-fine
data construction pipeline. ReClaim (Xia et al.,
2025) also studies fine-grained attributed genera-
tion by interleaving reference selection and claim
generation, enabling models to generate long-form
answers with sentence-level citations. These works
substantially improve citation granularity com-
pared with passage- or chunk-level attribution,
and show that sentence-level citations can make
generated answers more verifiable. Nevertheless,
sentence-level citation is not always the most ef-
ficient unit for user verification. A cited sentence
may contain irrelevant clauses or background de-
scriptions, while the answer-bearing part may re-
quire additional antecedent information to be self-
contained. Our work follows the same general
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motivation of improving verifiability, but studies
whether citations can be refined from complete sen-
tences to concise and sufficient sub-sentence spans.
Another related direction is post-hoc attribu-
tion and explanation for language model outputs.
Perturbation-based and gradient-based methods
estimate which input tokens, sentences, or pas-
sages contribute to a generated statement by ob-
serving how the output changes when parts of
the context are modified (Lei et al., 2016; Samek
and Miiller, 2019; Bastings and Filippova, 2020;
Anand et al., 2022). RAG-Ex (Sudhi et al.,
2024) explores model-independent explanations for
retrieval-augmented generation by perturbing the
input context and comparing the resulting model
outputs. ContextCite (Cohen-Wang et al., 2024)
formulates context attribution as identifying the
parts of the context responsible for a generated
statement, and uses context ablation to estimate
attribution scores. SelfCite (Chuang et al., 2025)
further leverages context ablation to construct self-
supervised rewards for citation quality, measuring
whether cited evidence is necessary and sufficient
for generating a statement. These methods are
closely related to our motivation, especially in their
emphasis on identifying supporting evidence. How-
ever, attribution scores or scattered highlighted to-
kens are not always suitable as user-facing citations,
since they may be fragmented and difficult to read.
In contrast, our goal is to generate coherent sub-
sentence evidence spans that follow natural reading
patterns and can be directly presented to users.
There is also emerging work on more fine-
grained or sub-sentence-level attribution. For ex-
ample, LAQuer studies localized attribution queries
in content-grounded generation, where users can
query support for specific spans or fragments
(Hirsch et al., 2025). Such work is closely related
to ours in that it moves beyond sentence-level ev-
idence. However, existing studies often focus on
locating support for user-selected spans or gener-
ated claims, whereas our setting aims to automati-
cally produce concise and sufficient cited content
for question-answering outputs. In our formulation,
a good citation should exclude irrelevant text while
retaining the necessary information for verification,
including antecedents or multiple evidence spans
when required. Therefore, our work complements
prior citation generation and attribution methods
by studying a more fine-grained but still readable
citation unit for retrieval-augmented generation.
Recent work also explores fine-grained attribu-

tion and provenance. Attribute First, then Gener-
ate selects concise source segments before genera-
tion (Slobodkin et al., 2024). ALiiCE studies po-
sitional fine-grained citation generation (Xu et al.,
2025), while Ding et al. incorporate dependency
parsing for fine-grained attribution (Ding et al.,
2025). TROVE traces generated text to source
sentences for fine-grained provenance (Zhu et al.,
2025). These works complement our focus on min-
imal, self-contained evidence spans.

3 Benchmark Construction

This section describes how we construct the bench-
mark for concise and sufficient sub-sentence cita-
tion generation. We first define the task and citation
criteria, and then introduce the human annotation
process. The construction of synthetic training data
is described separately in Section 4. Figure 2 pro-
vides an overview of the overall pipeline.

3.1 Task Definition and Citation Criteria

Following prior work that evaluates long-form gen-
erations by decomposing them into sentence-level
or atomic factual units (Min et al., 2023; Tang
et al., 2024), we focus on question-answering in-
stances whose answers can be verified by one
or more spans in the retrieved context. Given
a question ¢ and a context C, the model gener-
ates an answer a together with supporting spans
E ={ey,ea,...,en} from C that verify the gener-
ated answer. Each e; is an exact text span from the
context and is associated with its location. Unlike
sentence-level citation methods (Zhang et al., 2025;
Xia et al., 2025), our task selects finer-grained evi-
dence spans while keeping them readable and self-
contained. This formulation emphasizes evidence
selection rather than free-form explanation genera-
tion. The predicted citation spans must be copied
from the retrieved context, which makes the output
directly verifiable and avoids introducing unsup-
ported statements.

In practical interfaces, sub-sentence citations
need not replace sentence-level context. The sen-
tence containing the predicted span can be high-
lighted as coarse contextual evidence, while the
selected sub-sentence span can be highlighted as
the precise supporting evidence. Such a two-level
highlighting scheme preserves sentence-level read-
ability and helps users quickly locate the exact
information needed for verification.

We define a high-quality sub-sentence citation
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Figure 2: Overview of our benchmark construction and synthetic data filtering pipeline. We obtain reliable human annotations
through double annotation and agreement filtering, then use the human training split to generate and filter synthetic annotations

for training the final citation generator.

@ Question: When was the Great Barrier Reef declared a UNESCO site?

o Answer: 1981.

@ Context:

The Great Barrier Reef, located off the coast of
Queensland, Australia, is the world’s largest coral reef
system. Composed of over 2,900 individual reefs and 900
islands spanning 2,300 kilometers, it supports
extraordinary biodiversity including 1,500 fish species
and 400 types of coral. - Designated a UNESCO World
Heritage Site in 1981, the reef faces threats from
climate change, coral bleaching, and pollution. Recent
surveys show 50% of coral cover has been lost since 1995.
Conservation efforts include the Reef 2050 Plan,
allocating AU$2 billion for water quality improvement
and coastal protection measures.

Figure 3: Sub-sentence-level citations adhering to our annota-
tion principles.

using three criteria. First, it should be sufficient,
containing enough information to verify the answer
without requiring surrounding context. Second, it
should be concise, excluding irrelevant clauses or
background descriptions. Third, it should be read-
able, forming coherent phrases or clauses rather
than isolated keywords. This distinguishes our task
from post-hoc attribution methods that may high-
light scattered tokens or assign importance scores
(Lei et al., 2016; Bastings and Filippova, 2020;
Sudhi et al., 2024; Cohen-Wang et al., 2024). For
example, selecting only a date may identify the
answer, but omit the event or subject it refers to.

Based on these criteria, we categorize instances
into three types. Type-1 instances are cases where a
complete sentence is already concise and sufficient.
Type-2 instances contain irrelevant content in the
supporting sentence, so only the answer-bearing
part should be cited. Type-3 instances require addi-
tional antecedent information or multiple support-
ing spans because the answer-bearing span alone
is not self-contained. Figure 3 shows an example
following these criteria, where the selected spans
retain the necessary subject and evidence while
excluding irrelevant surrounding content.

3.2 Human Annotation

We construct our benchmark from publicly avail-
able question-answering datasets, including XOR
QA (Asai et al, 2021), SQuAD (Rajpurkar
et al., 2016), and HotpotQA (Yang et al., 2018).
XOR QA provides cross-lingual open-retrieval in-
stances, SQUAD provides paragraph-level reading-
comprehension examples, and HotpotQA contains
multi-hop questions requiring supporting facts.
These datasets complement one another in dis-
course structure, diversity, and reasoning depth.
For each candidate instance, annotators are given
the question, context, and reference answer, and
are asked to select minimal supporting spans that
are sufficient for verification. The spans must be
copied from the context and should avoid under-
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citation, where necessary evidence is missing, and
over-citation, where irrelevant content is included.
Annotators were also encouraged to preserve nat-
ural phrase boundaries when possible, so that the
selected spans remain readable after being shown
independently. This helps avoid fragmented cita-
tions that contain the answer string but are difficult
for users to interpret.

To improve reliability, each instance is indepen-
dently annotated by two annotators following the
same guidelines. Two annotations are considered
in agreement when their selected supporting spans
match exactly after whitespace normalization. Un-
der this criterion, the annotators achieve 95% agree-
ment on span selection. Instances with inconsis-
tent citation spans are discarded rather than adjudi-
cated, so the final manually annotated benchmark
only includes examples on which both annotators
agree. This conservative agreement-based filtering
reduces ambiguity and improves the reliability of
the benchmark.

After double annotation and agreement filtering,
we obtain 2,000 instances. Each instance contains
the question, context, reference answer, supporting
facts, and citation type label. Type-1, Type-2, and
Type-3 account for 20%, 30%, and 50% of the
dataset, respectively. We split the benchmark into
1,000 training instances and 1,000 test instances.

4 Data Augmentation

Because sub-sentence citation annotation is costly,
we construct synthetic annotations to expand the
training data. Beyond increasing data scale, syn-
thetic annotations also help cover more diverse cita-
tion patterns, including single-span evidence, short-
ened sentence-level evidence, and cases requiring
antecedent information. Inspired by recent work on
model-generated citation or attribution supervision
(Gao et al., 2023; Zhang et al., 2025; Chuang et al.,
2025), including preference-based optimization for
attributed generation (Li et al., 2024) and synthetic-
data construction for context attribution (Radevski
et al., 2025), we first fine-tune a base LLM on the
human-annotated training set.

Automatically generated annotations may con-
tain incorrect answers, unsupported citations, in-
complete evidence, overly long spans, or format-
ting errors. We therefore apply a two-stage filtering
process. First, rule-based validation checks output
format, answer consistency, citation validity, cita-
tion length, and citation count, and filters instances

according to the resulting rule-based score. Second,
an evaluator model scores the remaining instances
according to factual fidelity, answer correctness,
sufficiency, conciseness, and coherence. These di-
mensions are related to recent work on citation
sufficiency and context attribution (Chuang et al.,
2025; Cohen-Wang et al., 2024).

We combine the rule-based validation result and
evaluator score into a final quality score, and retain
high-quality synthetic instances for training. The
final citation generator is first trained on the fil-
tered synthetic data and then refined on the human-
annotated training set. This design separates broad
pattern learning from final calibration. Filtered
synthetic data exposes the model to diverse cita-
tion patterns, while the human-annotated data helps
align the model with the target standards of con-
ciseness, sufficiency, and readability.

S Experiments

5.1 Experimental Setup and Evaluation
Metrics

We evaluate our method on the 1K human-
annotated test set introduced in Section 3. Given
a question and its retrieved context, each model is
required to generate both the answer and the corre-
sponding supporting facts. The supporting facts are
expected to be concise and sufficient sub-sentence
citation spans extracted from the context.

We evaluate three open-source LLMs: Llama-
3.1-8B, Qwen2.5-7B, and GLM-4-9B. For each
model, we compare four training settings. Base de-
notes the original model without fine-tuning, where
the target output format is induced only through
prompting. Manual Only denotes fine-tuning only
on human annotations. Synthetic Only denotes fine-
tuning only on automatically generated annotations.
Full Method denotes our complete training setting,
where the model is first trained on filtered synthetic
annotations and then refined on human annotations.

We additionally evaluate GPT-40 with few-shot
prompting as a strong instruction-following base-
line. The prompt also uses 10 annotated training
examples (Brown et al., 2020) and requires the
model to output a JSON object containing the an-
swer and supporting facts; the full prompt template
is provided in Appendix D.

We evaluate citation quality with Precision (P),
Recall (R), and F1. Each supporting fact is repre-
sented as a tuple of a text span and a line identifier.
To account for localization and span quality, a pre-
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‘ Strategy

Performance Metrics

Model
| R P F1 ROUGE-L BLEU| CL
Base 26.85 18.09 20.61 5849 43.87 | 142.21
Synthetic Only (10K) 7781 79.33 77.86  86.40 78.35 | 69.15
Manual Only (0.5K) 7528 76.13 7484 8551 77.68 | 70.07
Llama-3.1-8B
Full Method (10K+0.5K) | 78.10 78.30 77.53  86.17 77.90 | 65.12
Manual Only (1K) 7723 7850 77.15  86.26 7197 | 67.56
Full Method (10K+1K) | 81.20 80.98 80.46  87.75 80.72 | 66.72
Base 2757 2871 2789  63.83 50.09 | 137.07
Synthetic Only (10K) 77.80 79.17 77.67  86.28 78.23 | 68.30
Qwen2.5.7p | Manual Only (0.5K) 7198 72.53 7139  83.80 75.54 | 71.34
Full Method (10K+0.5K) | 78.29 78.19 7756  85.37 76.97 | 67.21
Manual Only (1K) 7546 75.55 7474 8495 76.75 | 70.05
Full Method (10K+1K) | 78.58 77.46 77.81  86.01 77.64 | 67.52
Base 3447 3577 3474  59.63 47.81 | 128.32
Synthetic Only (10K) 7391 7476 7370  83.58 75.38 | 75.20
GLM.g.op | Manual Only (0.5K) 69.98 70.05 6930  82.65 7417 | 75.67
Full Method (10K+0.5K) | 71.41  71.11 7057 79.50 70.90 | 72.86
Manual Only (1K) 7142 7257 7199 8245 73.44 | 7374
Full Method (10K+1K) | 74.23 73.58 7390  83.45 75.57 | 71.12

Table 1: Citation generation performance of Llama-3.1-8B, Qwen2.5-7B, and GLM-4-9B under different fine-tuning methods

and settings.

dicted citation can match a reference citation only if
they share the line identifier. For each eligible pair,
span similarity is computed as character 3-gram
overlap F1 after lowercasing, punctuation removal,
and whitespace normalization.

Precision and Recall are computed by averag-
ing best-match similarity scores over predicted and
reference citations, respectively, and citation F1 is
their harmonic mean. This best-match formulation
supports multiple citation spans without requiring
a fixed span ordering.

We additionally report ROUGE-L and BLEU be-
tween the concatenated predicted and reference ci-
tation texts as auxiliary overlap metrics. ROUGE-L
is computed using token-level longest common sub-
sequence F1, and BLEU is computed with add-one
smoothing up to 4-grams. To quantify conciseness,
we report citation length (CL), defined as the av-
erage number of normalized non-space characters
in generated citation spans. A good citation model
should achieve high citation F1 while keeping CL
reasonably low. Because automatic overlap metrics
cannot fully capture readability and sufficiency, we
further provide qualitative analysis in Appendix B.
Table 1 reports the main results across three base
models and different training settings.

5.2 Main Results and Implementation Details

All models are fine-tuned with LoRA under com-
parable settings. We use the same input-output
format for all models: the input consists of the ques-
tion and retrieved context, and the output contains
the answer and supporting facts. Unless otherwise
specified, synthetic training uses 10K evaluator-
filtered synthetic instances, and manual refinement
uses either 0.5K or 1K human-annotated instances.
For the full method, we first fine-tune the model on
filtered synthetic data and then continue fine-tuning
on the human-annotated training set.

We use the AdamW optimizer with an initial
learning rate of 5 x 10~° and a cosine learning rate
scheduler. Models are trained for 4 epochs with
gradient clipping using a maximum norm of 1.0.
To improve training efficiency, we use bf16 mixed-
precision training. Experiments are conducted with
a per-GPU batch size of 2 and 8 gradient accumu-
lation steps. For LoRA, we set the rank r = 8§,
scaling factor o = 32, and dropout to 0. We also
adopt the LoRA+ optimizer setting with a B-matrix
learning rate ratio of 16.

The results show several clear trends. First, the
base models perform poorly on sub-sentence cita-
tion generation. Although they can often generate

24858



fluent answers, they frequently fail to follow the
required citation format, cite overly long context,
or miss necessary supporting spans. For example,
Llama-3.1-8B achieves only 20.61 F1 in the base
setting, showing that prompting alone is insuffi-
cient for this fine-grained citation task.

Second, both manual annotations and synthetic
annotations are useful for fine-tuning. Compared
with the base setting, manual-only training im-
proves citation F1 and reduces citation length. For
Llama-3.1-8B, 1K manual annotations improve F1
from 20.61 to 77.15. Synthetic-only training also
achieves strong performance, suggesting that large-
scale synthetic annotations can provide useful su-
pervision when their quality is properly controlled.
This result also suggests that the task contains learn-
able structural patterns, such as locating answer-
bearing clauses and preserving nearby antecedents,
which can be transferred from synthetic annotations
to the final model.

Third, the full method generally achieves the
best F1 performance, although synthetic-only train-
ing obtains slightly higher scores on some auxiliary
overlap metrics. On Llama-3.1-8B, adding filtered
synthetic data to 1K human annotations improves
F1 from 77.15 to 80.46. On Qwen2.5-7B, the full
method improves F1 from 74.74 to 77.81 compared
with manual-only training. On GLM-4-9B, the full
method improves F1 from 71.99 to 73.90. These
results suggest that filtered synthetic annotations
and human annotations play complementary roles:
synthetic data provides broader coverage of cita-
tion patterns, while human annotations calibrate
the model toward the target citation standard.

Finally, citation length decreases after fine-
tuning. The base models produce long citations,
with CL values above 120 for all three models.
Fine-tuned models reduce CL to around 65-75
while achieving much higher F1. This indicates
that the models learn not only to locate relevant ev-
idence, but also to avoid excessive citation content.

5.3 Effectiveness of Evaluator-based Filtering

Synthetic annotations can reduce manual annota-
tion cost, but they may also introduce noise. Auto-
matically generated annotations may contain incor-
rect answers, unsupported citations, incomplete ev-
idence, overly long spans, or formatting errors. To
examine whether filtering is necessary, we compare
synthetic annotations with and without evaluator-
based filtering. The results are shown in Table 2.
Training on unfiltered synthetic annotations per-

Setting F1

Manual Only 1K 77.15
Synthetic 10K w/o filtering 73.24
Synthetic 10K w/ evaluator filtering 77.86
Synthetic 10K w/ evaluator filtering + Manual 1K 80.46

Table 2: Effect of evaluator-based filtering on synthetic anno-
tations.

forms worse than manual-only training, with F1
dropping from 77.15 to 73.24. This shows that in-
creasing the amount of training data is not sufficient
for sub-sentence citation generation. Since the task
requires fine-grained judgments about conciseness
and sufficiency, noisy synthetic annotations can
mislead the model during supervised fine-tuning.

After applying evaluator-based filtering, training
improves from 73.24 to 77.86 F1 and surpasses the
manual-only setting. This indicates that the eval-
uator can remove low-quality synthetic instances
while preserving useful supervision. Combining
evaluator-filtered synthetic annotations with 1K
manual annotations improves F1 to 80.46, achiev-
ing the best result. These results confirm that qual-
ity control is essential for making synthetic citation
data effective.

5.4 Additional Analyses

Impact of Training Data Size. We analyze how
the amount of synthetic and human annotation data
affects model performance. Figure 4 shows the
effect of increasing the number of filtered synthetic
instances from 2K to 10K. The F1 score steadily
improves as more synthetic annotations are added,
increasing from 76.23 at 2K to 77.86 at 10K. How-
ever, the improvement becomes marginal after 8K,
suggesting that the benefit of synthetic data grad-
vally saturates. This indicates that data scale is
useful, but quality and diversity remain important.

—o—F1

78.0F 77.86

m
o

77.5F
77.17,

3
75}%
77.0F (1

76.5F
76.2.
5

2K 4K 6K 8K 10K
Training Data Scale

F1 Score

Figure 4: Impact of synthetic data scale on model perfor-
mance.

24859



Figure 5 compares the effect of adding different
amounts of human-annotated data with and with-
out synthetic pre-training. The results show that
synthetic data is helpful in low-resource settings.
With 200 human annotations, training with 10K
synthetic data achieves 76.68 F1, while using only
manual data achieves 71.35 F1. As the amount of
annotated data increases, the gap becomes smaller,
but the model trained with synthetic data remains
stronger overall. This supports our design choice
of using synthetic data for broad pattern learning
and human annotations for final calibration. The
trend suggests that increasing the number of syn-
thetic instances is not the only factor behind the
improvement. After the model has seen enough
examples, data brings smaller gains, indicating that
the remaining errors may depend more on citation
difficulty and annotation quality than on data scale.

= 10K+MA Data Only MA Data

80.46

I |
1000

Figure 5: Impact of manually annotated data scale on the
performance of models trained with and without synthetic
data.
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Comparison with Existing Methods. We com-
pare our method with representative citation and
attribution approaches, including LongCite, ALCE,
RAG-Ex, ContextCite, and LAQuer, as well as
strong instruction-following LLMs under few-
shot prompting. We further construct two refine-
ment baselines to examine whether sub-sentence
citations can be obtained by simply shortening
sentence-level citations. Specifically, Qwen and
GPT-40 are prompted to refine the sentence-level
citations generated by LongCite.

As shown in Table 3, our method achieves the
highest citation F1 among all compared methods.
LAQuer produces slightly shorter citations, but ob-
tains substantially lower F1, indicating that com-
pact evidence alone does not guarantee sufficient
support. Strong prompting models also partially
follow the sub-sentence citation format, but remain

Method F1 CL
LongCite-Llama-3.1-8B  45.29 248.96
ALCE 52.46 -
RAG-Ex 2.0 58.91 -
ContextCite 4770 143.28
LAQuer 70.04 58.97
LongCite + Qwen refine  51.20 94.62
LongCite + GPT-4o refine 53.61 73.86
GPT-40 prompting 65.26 -
GPT-5.4 prompting 67.42 70.60
Qwen-3.6 prompting 65.16 65.14
Ours 80.46 66.72

Table 3: Comparison with citation, attribution, refinement, and
strong prompting baselines under our sub-sentence citation
evaluation. CL denotes citation length; lower is better.

Type # F1 CL

Type-1 176 88.40 79.94
Type-2 305 79.94 62.64
Type-3 519 6691 67.23

Table 4: Performance across different citation types.

below our fine-tuned model.

Importantly, refining LongCite substantially re-
duces citation length but yields only modest F1 im-
provements: its F1 increases from 45.29 to 51.20
with Qwen refinement and 53.61 with GPT-4o0 re-
finement, still far below our 80.46. This suggests
that the task cannot be reduced to simply shorten-
ing sentence-level citations. Producing a concise
and sufficient citation also requires preserving sub-
jects, antecedents, or multiple evidence spans when
necessary.

Type-wise Analysis. We further analyze perfor-
mance across the three citation types defined in
Section 3.1. As shown in Table 4, Type-1 is the
easiest, while Type-3 is substantially more chal-
lenging because these examples often require an-
tecedents, explicit subjects, or multiple supporting
spans. Notably, Type-3 constitutes the largest por-
tion of our benchmark, so the lower performance
on this category also explains a substantial frac-
tion of the remaining overall errors. Improving
antecedent recovery and multi-span evidence selec-
tion is therefore a promising direction for future
work.

The clear performance drop from Type-1 to
Type-3 suggests that the main difficulty is not
merely shortening evidence, but retaining the ad-
ditional context required to make fine-grained cita-
tions self-contained.
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Method Suf. Con. Read. Time]

ContextCite 60.0 33.0 42.0 235
LAQuer 75.0 70.5 71.0 16.5
Ours 84.5 780 81.5 139

Table 5: Human evaluation on 100 test examples. Suf., Con.,
and Read. denote the percentage of positive judgments for
sufficiency, conciseness, and readability, respectively. Time is
the total verification time in minutes.

Effect of Two-stage Training. We examine how
synthetic and human annotations should be com-
bined. A simple strategy is to shuffle synthetic
and human annotations together and fine-tune the
model once. However, because synthetic data is
much larger and noisier than annotated data, di-
rectly mixing the two sources may dilute the effect
of high-quality manual annotations. We therefore
compare mixed training with our two-stage strat-
egy, where the model is first trained on synthetic
data and then refined on human annotations.

Human Evaluation. Because automatic overlap
metrics cannot fully capture whether a citation is
self-contained and easy to verify, we conduct a
human evaluation on 100 randomly sampled test
instances. Two annotators independently evaluate
anonymized outputs from ContextCite, LAQuer,
and our method using binary judgments of suf-
ficiency, conciseness, and readability. We also
record the total time required to verify the 100
answers.

As shown in Table 5, our method receives the
highest ratings on all three criteria and reduces
total verification time from 23.5 minutes with Con-
textCite and 16.5 minutes with LAQuer to 13.9
minutes. These results complement the automatic
evaluation and provide direct evidence that con-
cise and sufficient citations can reduce the effort
required for answer verification. In particular, the
improvement in verification time is consistent with
our motivation that citation quality should not be
measured solely by whether the correct evidence
is included, but also by how efficiently users can
locate and interpret it. The simultaneous gains in
sufficiency and conciseness further indicate that
shorter citations need not come at the expense of
evidential completeness.

Table 6 shows that two-stage training performs
best when 1K manual annotations are available,
improving F1 from 78.35 in the shuffled setting to
80.46. In the 0.5K manual setting, it achieves 77.53
F1, close to the synthetic-only setting and higher
than manual-only training. These results suggest

Setting 1K Manual 0.5K Manual
Manual Only 77.15 74.84
Synthetic Only 77.86 77.86
Synthetic + Manual shuffled 78.35 77.16
Two-stage 80.46 77.53

Table 6: Comparison between direct mixed training and two-
stage training.

that synthetic and human annotations should not be
treated as interchangeable training instances. Syn-
thetic data helps the model learn general citation
behavior and output format, while human annota-
tions better align it with the target citation stan-
dard. This distinction is important because small
span-boundary differences can affect both citation
conciseness and sufficiency.

Generalization and Robustness. We addition-
ally evaluate robustness to substantially longer and
noisier contexts, as well as out-of-domain transfer
to ASQA and ELIS. With contexts expanded to
approximately 500 and 1,000 words, our method
achieves 78.26 and 76.49 F1, respectively, outper-
forming ContextCite and LAQuer while maintain-
ing shorter citations. On 100 randomly sampled
examples from both ASQA and ELIS5, our method
also obtains the highest F1 among the compared
methods. These results provide initial evidence that
the learned citation behavior is not restricted to the
original benchmark. Detailed settings and results
are provided in Appendix E.

6 Conclusion

In this work, we study concise and sufficient sub-
sentence-level citations for RAG-based systems to
address the problem that existing citation strategies
may often contain substantial irrelevant informa-
tion, or omit some content necessary for verifica-
tion. We develop the annotation guidelines and
construct a dataset for our improved citation re-
quirements. A synthetic data generation pipeline
that leverages LLLMs to produce training instances
with a rigorous automated filtering stage is pro-
posed to augment manually annotated data. Exper-
iments conducted on our constructed dataset verify
the effectiveness of the proposed approach.

Limitations

Our benchmark mainly focuses on short-form QA
rather than long-form responses with many inter-
dependent claims. Although our noisy-context
and out-of-domain experiments show encourag-
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ing transfer, they do not fully represent long-form
multi-claim citation generation. Extending the
benchmark to such settings remains future work.
Our approach also introduces additional computa-
tional cost due to synthetic annotation, evaluator-
based filtering, and LLM inference. Finally, al-
though citation spans are copied from the retrieved
context, incorrect span selection may still yield
incomplete or insufficient evidence.
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A Annotation Guidelines

This section summarizes the guidelines provided
to annotators for constructing sub-sentence cita-
tions. Given a question, its context, and a refer-
ence answer, annotators were asked to select exact
text spans copied from the context that provide
sufficient evidence for verifying the answer. The
selected spans should satisfy three criteria: suffi-
ciency, conciseness, and readability.

Sufficiency. The selected evidence should con-
tain enough information to verify the answer with-
out relying on unstated surrounding context. In
particular, annotators were instructed to preserve
necessary subjects, antecedents, or other contex-
tual information when an answer-bearing phrase
alone would be ambiguous. For example, a span
such as “completed in 80 AD” is insufficient if the
entity being completed is not identifiable from the
citation itself.

Conciseness. Annotators should exclude clauses,
modifiers, examples, or background information
that are not needed to verify the answer. When
only part of a sentence supports the answer, anno-
tators should select the shortest natural span that
remains sufficient. This avoids over-citation, where
a correct citation contains substantial irrelevant in-
formation.

Readability. Selected spans should form coher-
ent phrases or clauses rather than isolated keywords
whenever possible. Annotators were encouraged
to preserve natural phrase boundaries so that the
citation remains understandable when presented
independently.

Annotation Procedure. For each instance, anno-
tators first identify the sentence or sentences that
contain evidence for the answer. They then de-
termine whether the complete sentence is already

concise and sufficient. If so, the full sentence is
retained. Otherwise, irrelevant content is removed
while preserving all information required for ver-
ification. If the remaining answer-bearing span is
not self-contained because of a pronoun, implicit
subject, or other context-dependent expression, an
additional antecedent span is included. Multiple
spans may also be selected when the answer re-
quires evidence from more than one location in the
context.

Annotators were specifically instructed to avoid
two common errors:

* Under-citation: the selected span omits infor-
mation needed to determine what entity, event,
or claim the evidence refers to.

* Over-citation: the selected span contains in-
formation unrelated to verifying the answer.

The cited text must be copied exactly from the
context without rewriting or paraphrasing. When
multiple valid supporting spans are available, anno-
tators should prefer the shortest natural span that
satisfies the above criteria.

Examples. We distinguish three representative
annotation cases.
Type-1: Complete sentence is already suffi-
cient and concise.
Question: What is the capital of France?
Context: Paris is the capital of France.

Citation: Paris is the capital of France.

Here, removing any part of the sentence would
not provide a clear advantage, so the complete sen-
tence is retained.

Type-2: Remove irrelevant content from the
supporting sentence.

Question: When was the Colosseum
completed?

Context: The Colosseum was completed
in 80 AD under Emperor Titus and later
hosted gladiatorial contests and public
spectacles.

Citation:
The Colosseum was completed in 80 AD

The later description of gladiatorial contests is
irrelevant to the question and is therefore excluded.

Type-3: Additional antecedent or multiple
spans are required.
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Question: When was the Colosseum
completed?

Context: The Colosseum is an ancient
amphitheater in Rome. It was completed
in 80 AD under Emperor Titus.

Citation: The Colosseum +
was completed in 80 AD

Selecting only “was completed in 80 AD” would
be insufficient because the subject is implicit. The
antecedent is therefore included as an additional
span.

These examples illustrate the general principle
followed throughout annotation: retain the mini-
mum amount of context needed to make the ev-
idence both verifiable and independently under-
standable.

B Case Study

Table 7 showcases the citation outputs of different
methods across two representative open-domain
QA scenarios. Q1, concerning the state capital of
Assam, involves a context containing multiple sen-
tences that can support the answer independently.
Q2, regarding YouTube Kids’ supported operating
systems, features a high density of extraneous back-
ground information. These two scenarios test the
methods’ ability to balance informativeness and
conciseness in supporting fact extraction.

For Q1, the single-sentence perturbation strat-
egy of RAG-Ex 2.0 fails to produce any supporting
facts. This is because when multiple sentences
can independently support the answer, removing
any one still leaves sufficient information, lead-
ing to negligible perturbation differences that pre-
vent identifying the core supporting content. Mean-
while, LongCite-Llama-3.1-8B and ALCE exhibit
significant citation redundancy. Their outputs in-
clude multiple supporting sentences even when a
single citation would suffice, thereby increasing the
cognitive load on users who must verify the answer
across repetitive claims.

For Q2, the context contains extensive irrelevant
details, such as parental control features and upload
restrictions, that are unrelated to the OS support
question. RAG-Ex 2.0, LongCite-Llama-3.1-8B,
and ALCE all fail to filter these distractions: their
citations retain non-core content alongside the key
information, making the supporting facts hard to
locate quickly.

In contrast, our method tailors citations to each
scenario’s needs: for QI, it retains only one core

claim confirming Dispur as Assam’s capital, ex-
cluding redundant repetitions and irrelevant back-
ground. For Q2, it strips away non-essential app-
function details and focuses solely on the OS sup-
port information. This ensures that our citations are
sufficient for answer verification while remaining
concise.

This comparison demonstrates that our sub-
sentence-level citation generation method identi-
fies the exact fragments necessary for verification,
reducing citation redundancy without sacrificing
informativeness.

C Synthetic Data Filtering Details

This section describes the filtering procedure used
to select high-quality synthetic citation annotations.
Given a synthetic instance, the filter first applies
rule-based validation and then optionally uses an
evaluator model to score citation quality. The final
score combines both components, and instances
above a predefined threshold are retained for train-
ing.

C.1 Rule-based Validation

For each synthetic instance, we parse the model
output into a JSON object with two required fields:
answer and supporting_facts. Instances with
invalid JSON or missing required fields are rejected
or penalized. Each supporting fact is expected to
contain a cited text span and a line identifier.

The rule-based validator checks answer consis-
tency, citation validity, citation length, and cita-
tion count. Answer consistency is measured using
a normalized fuzzy matching score between the
generated answer and the reference answer. The
generated answer is accepted if it exactly matches,
contains, or is contained by the reference answer
after normalization, or if its fuzzy matching score
is at least 0.85. Otherwise, the instance is rejected.

Citation validity requires each cited text span to
be non-empty and appear in the input context after
normalization. Line identifiers are also checked
when available, but line mismatches are only pe-
nalized rather than used as hard rejection, since
some contexts are stored as single-paragraph text.
We further penalize citations that are too long rela-
tive to the context. Let L. be the total number of
words in all generated citation spans and L, be the
number of words in the context. The citation ratio
is
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Q1: “What is the capital of the state of Assam?”’

Q2: “On what OS was the YouTube Kids app

Methods Answer: “Dispur.” available?” Answer: “Android and i0OS”
Generated Citations Generated Citations
RAG-Ex 2.0 Dispur is the capital of the state of Assam in India. In February 2015, YouTube announced the launch

Dispur, a locality of Guwahati, became the capital
of Assam in 1973. This was after Shillong, the
erstwhile capital, became the capital of the state of
Meghalaya that was carved out of Assam. Dispur
is the seat of Government of Assam. ...

of a new app specifically for use by children vis-
iting the site, called YouTube Kids. It allows
parental controls and restrictions on who can up-
load content, and is available for both Android and
iOS devices. Later on August 26, 2015, YouTube
Gaming was launched. . .

LongCite-Llama-
3.1-8B

Dispur is the capital of the state of Assam in India.
Dispur, a locality of Guwahati, became the capital
of Assam in 1973. This was after Shillong, the
erstwhile capital, became the capital of the state of
Meghalaya that was carved out of Assam. Dispur
is the seat of Government of Assam. ...

In February 2015, YouTube announced the launch
of a new app specifically for use by children vis-
iting the site, called YouTube Kids. It allows
parental controls and restrictions on who can up-
load content, and is available for both Android and
iOS devices. Later on August 26, 2015, YouTube
Gaming was launched ...

ALCE

Dispur is the capital of the state of Assam in India.
Dispur, a locality of Guwahati, became the capital
of Assam in 1973. This was after Shillong, the
erstwhile capital, became the capital of the state of
Meghalaya that was carved out of Assam. Dispur
is the seat of Government of Assam. ...

In February 2015, YouTube announced the launch
of a new app specifically for use by children vis-
iting the site, called YouTube Kids. It allows
parental controls and restrictions on who can up-
load content, and is available for both Android and
i0S devices. Later on August 26, 2015, YouTube
Gaming was launched

Ours

Dispur is the capital of the state of Assam in India.
Dispur, a locality of Guwahati, became the capital
of Assam in 1973. This was after Shillong, the
erstwhile capital, became the capital of the state of
Meghalaya that was carved out of Assam. Dispur
is the seat of Government of Assam. ...

In February 2015, YouTube announced the launch
of a new app specifically for use by children vis-
iting the site, called YouTube Kids. It allows
parental controls and restrictions on who can up-
load content, and is available for both Android and
iOS devices. Later on August 26, 2015, YouTube
Gaming was launched. . .

Table 7: Comparison of citation results generated by different methods on two queries.

If » > 0.60, the instance receives a stronger length
penalty; if 0.40 < r < 0.60, it receives a smaller
penalty. Instances with more than five citation
spans are also penalized.

The rule-based score sy, is initialized to 1.0 and
reduced according to the validation errors:

sp, = max (0, min(1,1 — Zpi))>

)

where p; denotes the penalty associated with each
detected issue. An instance passes the rule-based
stage only if s; > 0.50, all cited spans appear
in the context, and at least one citation span is
provided.

C.2 Evaluator-based Scoring

For instances that pass rule-based validation, we
use an evaluator model to assess citation quality.
The evaluator receives the context, question, ref-
erence answer, generated answer, and generated
supporting facts. It outputs integer scores from 1 to
5 for six dimensions: factual fidelity, answer cor-
rectness, sufficiency, conciseness, coherence, and

overall quality. These dimensions are designed to
capture whether the synthetic instance is faithful
to the context, whether the answer matches the ref-
erence, whether the cited spans are sufficient for
verification, whether they avoid irrelevant content,
and whether they are readable.

Let the normalized evaluator scores be

ffafavfsvfmfrafo c [07 1]1

corresponding to factual fidelity, answer correct-
ness, sufficiency, conciseness, coherence, and over-
all score, respectively. The evaluator score is com-
puted as

Se = 0.25f 4 0.25f, + 0.20 f,
+0.15f. + 0.05f, + 0.10f,.

This weighting emphasizes factual fidelity, answer
correctness, and sufficiency, while still considering
conciseness and coherence.
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Component Prompt content

Role instruction

You are a question-answering assistant that strictly follows the required output format. You must

output only a valid JSON object and no additional explanation.

Task definition

Given a context and a question, find the answer from the context and return supporting facts. The

output must contain exactly two fields: answer and supporting_facts.

Citation format

Each supporting fact should be a list containing the cited text span and its line identifier. Line identifiers

start from 0. The cited text must be copied exactly from the context.

Output constraint
Output format
Few-shot examples

Test-time input

Do not output explanations, Markdown, or any extra text.
{ "answer": "direct answer”, "supporting_facts”: [["evidence span”, line_id]]}
The system prompt then provides 10 annotated training examples in the same input-output format.

For each test instance, the user message contains the instruction, context, and question.

Table 8: Prompt template used for the GPT-40 few-shot prompting baseline.

C.3 Final Filtering Score

The final filtering score combines the rule-based
score and evaluator score:

S =100 x (0.40sp + 0.60s.).

Thus, S ranges from O to 100. In our experiments,
synthetic instances are retained if their final score
is no lower than the filtering threshold. We set the
default threshold to 80. Alternatively, the same
scoring function can be used to select the top-k
highest-scoring synthetic instances.

This two-stage design ensures that structurally
invalid or unsupported citations are removed by
deterministic checks, while the evaluator model
further filters instances according to higher-level
criteria such as sufficiency, conciseness, and read-
ability.

D GPT-40 Prompting Baseline

We evaluate GPT-40 as a few-shot prompting base-
line. The system prompt contains 10 annotated
examples from the training set and instructs the
model to output only a JSON object with two fields:
answer and supporting_facts. Each supporting
fact contains a citation span copied from the con-
text and its line identifier. We use temperature 0
for deterministic generation. The prompt template
is shown in Table 8.

E Additional Generalization Experiments

To further evaluate whether our method remains
effective beyond the original benchmark setting,
we conduct additional experiments under longer
and noisier contexts as well as on external long-
form QA datasets. For the noisy-context experi-
ments, we retain the original question, answer, and

Dataset Method F1 CL
ContextCite 44.07 145.01
Noisy-500  LAQuer 75.87 78.56
Ours 78.26 69.49
ContextCite 38.12 142.12
Noisy-1000 LAQuer 75.13  80.30
Ours 76.49 70.46
ContextCite 19.14 111.77
ASQA LAQuer 40.18 143.11
Ours 41.82 36.11
ContextCite 14.10 99.29
ELI5 LAQuer 40.46 155.12
Ours 42.44 47.93

Table 9: Robustness to noisy contexts and transfer to external
long-form QA datasets. ASQA and ELIS results are evaluated
on 100 randomly sampled examples from each dataset.

gold supporting evidence, while inserting irrele-
vant or weakly related sentences into the context.
We construct two settings with approximately 500
and 1,000 words, denoted as Noisy-500 and Noisy-
1000, respectively. These settings test whether a
model can still identify concise supporting spans
when the relevant evidence is surrounded by sub-
stantially more distracting content.

We also evaluate out-of-domain transfer on
ASQA and ELI5. Since these datasets were not
constructed specifically for our sub-sentence cita-
tion task, we randomly sample 100 examples from
each dataset and evaluate the compared methods
under the same citation extraction and scoring pro-
tocol. This experiment is intended to provide an
initial assessment of whether the learned citation
behavior transfers to different QA domains and
longer-form contexts.

As shown in Table 9, increasing context noise
causes a performance drop for all methods, but
our model remains the strongest under both noisy-
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Gold Reference F1 CL

Annotator 1 80.41 7251
Annotator 2 81.00 72.25
Third-expert adjudication  80.34  72.45

Table 10: Evaluation using alternative human span references.

context settings. On Noisy-500, our method
achieves 78.26 F1 with a citation length of 69.49,
compared with 75.87 F1 and 78.56 CL for LA-
Quer. When the context is further expanded to ap-
proximately 1,000 words, our method still achieves
76.49 F1 and maintains shorter citations than LA-
Quer. In contrast, ContextCite degrades more sub-
stantially as additional distracting context is intro-
duced.

The transfer results on ASQA and ELI5 show a
similar trend. Although absolute F1 scores are
lower than those on our in-domain benchmark,
our method consistently achieves the highest F1
while producing substantially shorter citations. On
ASQA, itreaches 41.82 F1 with 36.11 CL, while on
ELIS it obtains 42.44 F1 with 47.93 CL. These re-
sults suggest that the learned sub-sentence citation
behavior is not restricted to the original benchmark
and can partially transfer to different QA settings.

Nevertheless, these experiments should be
viewed as an initial generalization analysis rather
than a full evaluation of long-form multi-claim cita-
tion generation. In particular, ASQA and ELIS5 con-
tain more complex and open-ended answers than
our primary benchmark. Extending the method and
annotation protocol to large-scale long-form cita-
tion benchmarks remains an important direction for
future work.

F Annotation Disagreement Analysis

To examine whether different valid span boundaries
substantially affect evaluation, we additionally eval-
uate the final model on the 100 disagreement in-
stances discarded during benchmark construction.
We use each annotator’s selection as an indepen-
dent reference and also construct an adjudicated
reference by a third expert.

The similar results across the three references
suggest that the main performance conclusion is ro-
bust to reasonable alternative span selections. Nev-
ertheless, agreement filtering may reduce coverage
of intrinsically ambiguous cases, and future bench-
marks could retain multiple valid references or use
adjudication.
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