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Abstract

Question answering (QA) with reference texts
is a classic application scenario for large lan-
guage models (LLMs), where high standards
for the credibility and traceability of gener-
ated answers are crucial. Many existing ap-
proaches focus on generating multi-level cita-
tions linked to specific references within the
answer, making it verifiable and trustworthy.
However, they often overlook key challenges
such as citation granularity, the awareness of
unknown information, and the adoption of ef-
fective training strategies. In this paper, we in-
troduce Knowledge-inFormed Citation (KFC),
which addresses these issues through a novel
data construction pipeline, a new benchmark,
and an innovative training strategy. With ~42K
samples spanning 19 distinct domains, KFC
includes both traditional citations referencing
known entity-level information and specialized
citations referring to unknown knowledge in
the given question. This structure provides a
more granular approach to citations, guiding
the model to recognize and explicitly indicate
unknown information, thus enhancing the qual-
ity and credibility of the response. Addition-
ally, we propose a self-correction paradigm,
SELF-KFC, designed to fine-tune LLMs by
refining poorly cited answers into more accu-
rate ones, making it particularly suitable for
citation-dependent scenarios. We present com-
prehensive experimental results to demonstrate
the effectiveness and generalization of SELF-
KFC on the KFC benchmark.

1 Introduction

Large language models (LLMs) (Llama Team,
2024) have revolutionized research with their ad-
vanced text generation capabilities. Among var-
ious applications, question answering (QA) has
emerged as a key domain, where LLMs either gen-
erate direct answers or base their responses on re-
trieved reference documents. QA with LLMs has
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Table 1: Comparasion of existing citation benchmarks.

Benchmark Citation Unknown Training Data
Level  Awareness Scale

ALCE Chunk X SFT ~3K
LongCite Sentence X SFT ~45K
SYNSCIQA | Sentence X SFT ~3K
WebCite | Chunk X SFT ~7K
KFC (Ours) | Entity v SELF-KFC  ~42K

found widespread use across diverse fields, includ-
ing finance (Liu et al., 2023), healthcare (Nori et al.,
2023), and customer service (Zhang et al., 2024b).

Many application domains place stringent de-
mands on the accuracy and verifiability of LLM-
generated responses. For instance, when LLMs are
tasked with answering questions or summarizing
information from multiple sources, key phrases in
the generated content must be properly attributed to
their corresponding sources. Citations (Gao et al.,
2023) serve this purpose by marking key phrases
with references, akin to scientific papers, enabling
validation of whether the model appropriately cites
source material and mitigating the risk of halluci-
nated content. With the rise of retrieve-augmented
generation (RAG) (Gao et al., 2024), the need for
enhanced citation generation capabilities in LLMs
is becoming increasingly critical in practical ap-
plications, making it a significant area of current
LLM research.

Though many existing research works (Gao
et al., 2023; Deng et al., 2024; Zhang et al., 2024a)
focus on developing benchmarks with citation inte-
gration and corresponding evaluation protocols to
assess the citation generation capability of LLMs.
However, these efforts overlook several critical is-
sues from three perspectives: citation granularity,
awareness of unknown information, and effective
training strategies, as shown in Table 1. First, their
data construction pipelines tend to be simplistic,
often relying on coarse-grained approaches such as
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chunk-to-entity or sentence-to-entity matching for
citation labeling in QA pairs. This lack of precision
complicates the creation of high-quality datasets.
Secondly, the datasets they construct are often ide-
alized, assuming that the reference texts alone can
answer the questions effectively. In practice, how-
ever, reference texts may be incomplete, leaving
certain aspects of the question unanswered. As ci-
tations mark known information, we propose that
unknown information also be marked like a warn-
ing, indicating missing key details in the reference,
and readers should also be careful to verify its au-
thenticity. This would guide LLMs to acknowledge
gaps and avoid generating hallucinated answers.
Lastly, existing studies generally rely on conven-
tional supervised fine-tuning (SFT) for model train-
ing, without exploring more advanced or tailored
training strategies that could better address the com-
plexities of citation-enhanced answer generation.

To address these issues, we propose a citation
benchmark dataset called Knowledge-inFormed
Citation (KFC) accompanied by a newly designed
construction pipeline. Building on the foundational
QA pair formulation, KFC integrates a chain-of-
thought (CoT) prompt, which facilitates a struc-
tured analysis of text chunks and input questions
to identify both known and unknown entities rel-
evant to the current query. This dual-grained en-
tity knowledge, encapsulating both known and un-
known information, is incorporated into the CoT,
enhancing the subsequent answer generation pro-
cess. Special citation markers like [1], [2], [?] are
employed in the answer to indicate references and
highlight unknown information. An automated
pipeline, leveraging LL.Ms, is developed to gener-
ate the KFC benchmark. In addition, a set of eval-
uation metrics is introduced to assess the citation
capabilities in terms of both known and unknown
knowledge. To further improve performance, we
propose the self-correcting training strategy, SELF-
KFC, which combines the strengths of supervised
fine-tuning (SFT) and preference alignment (PA)
methods (Rafailov et al., 2023). This approach al-
lows for efficient training via self-correction, lead-
ing to more accurate citation generation compared
with SFT and PA, which are commonly used by ex-
isting citation generation works. We conduct exten-
sive experiments on KFC using leading LLM back-
bones to demonstrate the effectiveness of SELF-
KFC through a comprehensive analysis. Our con-
tributions can be summarized as:

* Benchmark Construction: We introduce a
novel citation generation benchmark, KFC,
along with an automated pipeline. The QA
data pairs in KFC integrate structured knowl-
edge via chain-of-thought (CoT), guiding
LLMs to analyze both known and unknown
information at the entity level, thereby improv-
ing answer quality.

* Training Strategy Design: We propose a new
self-correction-based training strategy that en-
hances the LLM’s citation generation capabil-
ities. This approach leverages the strengths of
vanilla SFT and DPO, widely used by existing
citation generation works to achieve superior
performance.

* Extensive Experiments: We conduct com-
prehensive experiments using the KFC
benchmark and SELF-KFC training strat-
egy to demonstrate the effectiveness, self-
evolutionary, and generalization of our design.

2 Related Works

Generating verifiable citations in the text is an inter-
esting topic for LLM research, aiming to enhance
the reliability and factual correctness of the an-
swers. ALCE (Gao et al., 2023) is the first step of
this field, which collects a lot of corpora to build the
citation benchmark for evaluation. A further work
(Huang et al., 2024) employs fine-grained rewards
to teach LLM to generate better citations on ALCE.
WebCiteS (Deng et al., 2024) is another Chinese
benchmark for the query-oriented summarization
task with citation enhancement. LongCite (Zhang
et al., 2024a) proposes a coarse-to-fine pipeline to
build a sentence-level citation benchmark. Syn-
SciQA (Schimanski et al., 2024) builds a citation
dataset for evidence-based QA. AGREE (Ye et al.,
2024) focuses on test-time adaptation for LLM ci-
tation generation. SelfCite (Chuang et al., 2025)
proposes a self-supervised method for citation gen-
eration. Some LLM-based agents (Wang et al.,
2024) can generate paper-level citations for long
survey paper generation guided by complex agentic
pipelines. Compared with these works, our work fo-
cuses on entity-level fine-grained citation with both
known and unknown information while attempting
to explore a new training strategy different from
vanilla SFT and DPO.
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Figure 1: Overview of the construction pipeline for KFC benchmark, which consists of 6 steps called corpus
preparation, key entity extraction, question generation, citation labeling, and data instance organization to build

datasets for SFT and alignment.

3 Problem Formulation

We first formalize the QA with citations with the
following notations. Given a question Q with k ref-
erence documents R = {R1,R2, -+, Ry}, the
LLM M would generate a response .4, which
would consists of a series of citations C
{c1,¢2,++ , ¢} which would be an index for one
of the documents in R. Besides, we introduce a
new kind of citation marks U = {ui,ug, -+ ,um}
to mark the unknown information with special to-
kens rather than an index number. Note that for
any citation ¢; € C U U, there is a statement s; to
form a pair (c¢;, s;), which means the citation ¢; is
used to mark s; to a certain known document or
unknown knowledge. They can be extracted from
the generated answer for further evaluation. The
overall target is to equip M with the citation gen-
eration capability by fine-tuning M with manually
construed QA pairs.

4 Methodology

4.1 KFC Dataset Construction Pipeline

In this paper, we introduce a new citation gener-
ation benchmark, called knowledge-informed ci-
tation (KFC), which includes not only traditional
citations for well-established information in the ref-
erences but also citations for previously unknown
information. We begin by outlining the detailed
construction pipeline of KFC, which comprises
6 steps: corpus preparation, key entity extraction,
question generation, answer generation, citation
annotation, and data instance organization. The
pipeline overview is presented in Figure 1.

Stepl: Corpus Preparation The construction of
KFC follows a clear, systematic process: we first
prepare reference texts, then generate questions
based on these texts, and finally construct specific

Chain-of-Thought (CoT) prompts and answers us-
ing these reference texts. Thus, the first step in-
volves preparing the reference corpus. For KFC,
we use the corpus provided by UltraDomain (Qian
et al., 2025), a multi-disciplinary collection of long
texts spanning 19 different domains. UltraDomain
offers long-form documents extracted from text-
books, which we then split into text chunks, each
with a maximum word length of 256. We group
consecutive k chunks into a set of references, de-
noted as R, which will be further used to generate
the complete dataset.

Step2: Key Entity Extraction Using the refer-
ence set R, we employ a robust large language
model (LLM) My, as the data generator to syn-
thesize the entire dataset. The next step is to
perform structural understanding on the reference
set R. For each R; € R, we apply My to ex-
tract key entities within the chunk, denoted as
& = (er,ea,...,en) = Mo(Zee, Ri), where
Tee is the instruction template for entity extrac-
tion. Note that &; represents an entity list contain-
ing at most n entities. Consequently, we obtain
E=(&,8&,...,&), which constitutes the set of
known entity extraction results for the & reference
chunks.

Step3: Question Generation The next step is
to generate a question, denoted as Q, based on
the reference corpus R. It is important to note
that we need to consider not only questions that
can be answered using the current reference, but
also those that can not be answered effectively
with the available information. To address this,
we employ a novel strategy for constructing eligi-
ble questions. Specifically, we manually design
two instruction templates, Zknow and Zunknow
respectively, which guide M/ to generate ques-
tions that can / can not be answered perfectly based
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on the reference R, respectively. During the ques-
tion generation process, we randomly select one of
the templates as input and generate the question.
As a result, the two types of questions will be ap-
proximately balanced (1:1) in the final dataset. Fur-
thermore, for questions that can not be answered
completely, we employ M to identify the key un-
known entity or concept related to the question,
denoted as &’. For questions that can be answered
fully, £ is set to the empty set, i.e., &' = ().

Step4: Answer Generation At this point, we
have the reference R, the question Q, and the
known/unknown entity lists £ and &£'. We
then prompt Mg to generate a gold answer A
based on the provided information as A =
Mo(Zans, R, Q,E,E), where L5 is an instruc-
tion template designed to guide M in answering
the question using the reference and key entities.
The incorporation of entity-level knowledge serves
to direct the model’s attention to both the known
and unknown information, ensuring that relevant
details are emphasized in the generated answer. In
addition, we generate another answer, A’, using a
different instruction template, Z'ans, which guides
My to produce an answer with citation marks.
While M may not generate high-quality citations,
this answer is still valuable for further usage.

StepS: Citation Annotation Using the original
answer A, we label the answer with entity-level ci-
tations through a rule-based strategy. Specifically,
we apply regular expressions to identify known
and unknown entities from £ and £’ that appear
in A. In our initial exploration, we found that
LLMs are less reliable for this task, as they tended
to generate more errors in the citations. As a re-
sult, we adopted a rule-based approach for citation
annotation. Following this process, we obtain a
well-labeled answer, denoted as A.

Step6: Data Instance Organization Finally, we
organize the data obtained from the pipeline into
instances suitable for LLM training and evaluation.
Each data instance consists of an input that includes
the reference documents and the question, which
can be denoted as X = (R, Q). The output, unlike
the traditional direct generation of answers using
references, incorporates a structured understanding
process as a CoT prompt in the LLM. Thus, the
output Y = (€, &, .Z) contains a detailed CoT that
analyzes the known and unknown key entities in
the current context, followed by the cited answer.

I Philosophy
Biography
Art
Health
BN Cooking
Fiction
Music
Psychology
N Mathematics
Agriculture
Biology
Literature
N Technology
Politics
cs
Physics
N Legal
History

Finance

Figure 2: Overview of the KFC benchmark. KFC con-
sists of ~40K data instances from 19 different domains.

We then construct a dataset, Dyt = {(X;, Vi) }Y 4,
that supports vanilla supervised fine-tuning (SFT)
to incorporate citation generation capabilities for
LLMs. In addition to SFT, another common LLM
training approach involves preference-based data
for preference alignment (e.g., DPO (Rafailov et al.,
2023)). For this, we construct a separate compliant
dataset. The golden answer A serves as the pre-
ferred answer, while the cited answer A’ generated
by My is treated as the unpreferred answer. The
preference data pair is denoted as YP) = (£, &', .21\)
and Y = (€,&", A'), where Y®) and Y™ repre-
sent the preferred and unpreferred answers, respec-
tively. The preference alignment dataset is then

given by Dasign = {(X, Y, V)N,

KFC Benchmark Overview We provide an
overview of the composition of KFC in Figure
2, which contains 42624 data instances across 19
different domains. The data is further divided into
training, validation, and test sets in an 8:1:1 ratio.
Note that while the dataset scales for both SFT and
alignment remain the same, the data format differs.

4.2 Evaluation Protocol

This evaluation protocol assesses LLM-generated
answers through three key metrics: (1) Entity Ex-
traction Compatibility, measured by F1-score for
both known and unknown entities based on preci-
sion and recall of predicted versus true entity sets;
(2) Citation Quality, evaluated separately for known
and unknown citations using F1-score to measure
accuracy against gold standards (Gold) and self-
consistency with Chain-of-Thought prompts (Self);
and (3) Overall Answer Quality, scored by a strong
LLM judge due to the complexity of long-form QA
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data, providing a scalar assessment against gold
labels. These metrics collectively form a compre-
hensive framework for benchmarking LLLM perfor-
mance. We present more detailed information on
the evaluation protocol in Appendix B.

4.3 Self-Correct KFC Training Strategy

Naive Solutions for LLM Training With KFC,
we can train LLMs with its training set to incor-
porate citation generation capability into LLMs.
Vanilla SFT employs D, r; with vanilla next token
prediction objective for decoder LLMs, which can
be denoted as:

'Csft = _E(Xi,yi)NDsz log Pam(Vi ’ Xz) (D

With preference dataset Dgyigp, classic alignment
methods like DPO (Rafailov et al., 2023) fine-tunes
LLMs as:
Edpo - _E(Xuyi(p),yi(u))wpalign logofs
(1og P 1 %) Pu ] ) )
Pr, s 71 2) 7 Pag O | )
2
where o is the sigmoid function, 3 is the tempera-
ture parameter and M, ; is the reference model for
DPO. With such an objective, DPO would improve
the probability of preferred answers and reduce the
probability of unpreferred answers. Also, DPO has
many improved versions like ORPO (Hong et al.,
2024) and SimPO (Meng et al., 2024), which opti-
mize DPO with certain new designs and can also
be used for LLM training on the KFC dataset.
Although vanilla SFT and alignment methods
are effective, we’ve found they are neither efficient
nor well-suited for citation generation. SFT fo-
cuses only on teaching LL.Ms basic output formats,
without enhancing annotation ability. Methods
like DPO, which rely on preferred data, are time-
consuming to train. Additionally, citation annota-
tion is rarely accurate on the first attempt, leading
to many errors and misannotations. To address this,
we propose a new strong baseline to train LLMs
for citation generation that combines the strengths
of SFT and alignment methods while enabling self-
evolution for improved citation generation.

Our SELF-KFC Method We propose self-
correct KFC (SELF-KFC) to address the issues.
Motivated by aligner (Ji et al., 2024), we use
a simple SFT paradigm with optimized prompts
to enhance the citation generation capability of

LLMs. We design a new self-correct prompt data
(X7, V0) where X! = (X3, ™), % = Y for
(X, y}” ) , yi(“)) ~ Dalign- In this process, we re-
organize the preference data pair (X;, y}p ), y§“))
into new format by provide a bad answer in the
given input instruction and guide the LLMs try to
optimize the bad answer with the given context
information. The training objective would be:
Lsety = —Ex; ypp,a, log Pm(Vi | A7)

=~y 30 30, 108 PO D)
3

This method strikes a balance between alignment
and SFT by shifting the preference alignment pro-
cess to an in-context approach, encouraging LLMs
to learn to self-correct and refine citations in poor
answers. It leverages the constructed preference
dataset for training via Self-KFC, while also en-
abling iterative self-evolution through a cycle of
training, data generation, and re-training. We will
demonstrate the effectiveness of this design in our

experiments.

S Experiments and Evaluation

In this section, we introduce the basic settings and
the implementation details for our experiments. We
further present the experiments on the effectiveness,
self-evolutionary, reasonability, and generalization
of SELF-KFC.

5.1 Experimental Settings
5.1.1 Baseline Methods

We compare our proposed SELF-KFC with sev-
eral different LLM training strategies, including
vanilla SFT and popular alignment methods DPO
(Rafailov et al., 2023), ORPO (Hong et al., 2024),
and SimPO (Meng et al., 2024). The experi-
ments are conducted are open-source LLM back-
bones including LLaMA3-8B (Llama Team, 2024),
Qwen2.5-7B (QwenTeam, 2024), and Qwen3-8B
(QwenTeam, 2025).

5.1.2 Implementation Details

We implement our training and inference process
with LLaMA-Factory (Zheng et al., 2024) and
vLLM (Kwon et al., 2023), which are two famous
open-source projects. The experiments are con-
ducted on a Linux server with 8xNVIDIA A100
GPUs. We set the max text length to 8192 and
the batch size to 8 with BF16 precision. We train
LLMs with LoRA (Hu et al., 2022) and set the
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Table 2: The main results. The best result of each metric is bold and the sub-optimal result is underlined.

Entity Citation (Gold) Citation (Self) Answer Overall
Backbone Method Known Unknown Known Unknown Known Unknown Quality Score
Zero-shot - - - - - - 71.33 -
SFT 63.17 68.96 20.14 61.55 26.47 77.47 77.20 56.42
ORPO 63.56 69.20 20.06 61.16 26.17 77.55 77.39 56.44
LLaMA3-8B DPO 64.02 69.88 20.14 62.26 26.19 77.34 77.59 56.77
SimPO 63.57 69.46 20.20 61.38 26.11 77.14 77.29 56.45
SELF-KFC | 64.89 71.10 20.38 63.31 26.49 77.71 7791 57.39
Zero-shot - - - - - - 74.26 -
SFT 60.13 65.19 18.80 59.99 24.59 71.77 74.71 54.45
Qwen2.5-7B ORPO 61.40 67.30 19.07 59.39 24.56 75.89 75.29 54.70
DPO 57.97 63.64 17.24 57.64 22.76 75.98 74.60 52.83
SimPO 59.96 64.49 18.24 59.21 23.81 71.97 73.68 53.91
SELF-KFC | 63.62 69.39 19.80 61.77 25.71 71.27 76.08 56.23
Zero-shot - - - - - - 74.95 -
SFT 60.64 65.81 19.06 59.44 25.15 77.58 76.18 54.83
Qwen3-8B ORPO 63.11 70.30 19.90 62.79 25.70 71.57 71.66 56.71
DPO 63.17 70.33 19.89 61.97 25.67 76.85 77.32 56.45
SimPO 62.98 69.01 19.95 61.32 25.95 76.21 77.41 56.11
SELF-KFC | 63.92 70.41 20.30 61.44 26.18 71.22 717.76 56.75
LoRA rank to 8. The learning rate is searched in = = = Turnl Turn2 Turn3 = = = Vanilla
{1e75,1e74,3¢~*} and we train all models with Entity
3 epochs. For DPO, OPRO, and SimPO, we set Known(F1)
: Overall Entity
the weight A, ¢; to 0.1. Other hyper-parameters fol- Score - Unknown(F1)

low the default settings of LLaMA-Factory. Dur-
ing evaluation, we use Qwen2.5-72B (QwenTeam,
2024) as the LLM judger to measure the answer
quality in the range [0, 100]. We present all the
instruction templates in Appendix C.

5.2 Main Experiment Results

The main experimental results are presented in
Table 2, which shows that SELF-KFC outper-
forms baseline methods in both overall score and
most individual metrics. For instance, SELF-KFC
achieves a 1.1% and 2.8% improvement in over-
all performance on LLaMA3-8B and Qwen2.5-7B,
respectively. However, the model’s citation genera-
tion capability remains relatively low compared to
the gold standard, indicating room for further im-
provement. Notably, our method shows the largest
gains in entity recognition, with more modest im-
provements in unknown entity citation. This is
due to the cascading thinking process in our CoT
design, where accurate recognition of key entities
leads to better citation annotations, while the gener-
ally lower number of unknown entities makes them
easier to annotate in the generated answer.

5.3 Self-evolution Experiments

As mentioned earlier, SELF-KFC trains LLMs in
a self-evolutionary manner, allowing the initial
dataset D, s to be updated for iterative training. In

Answer Citation(Gold)
Quality Known(F1)
itati “=*/Citation(Gold)
Citation(Self)
Unknown(F1) Unknown(F1)
Citation(Self)
Known(F1)

Figure 3: Self-evolution experiments of SELF-KFC. We
use min-max normalization to normalize all the metrics.

this approach, an LLM-generated answer is treated
as a new "bad" answer to replace the old one, guid-
ing the model towards a golden answer even when
starting with a non-trivial initial answer. This de-
sign emerged from the observation that, over time,
the bad answers in the original dataset became in-
creasingly trivial, making them less effective as bad
examples. By generating new answers, we encour-
age it to create more meaningful counterexamples
that motivate LLMs to improve. More detailed
settings is presented in Appendix D.3.

We conduct self-evolution experiments over
three turns, with one epoch per turn. After each
epoch, the training dataset is updated with the
LLM-generated answers. The results, compared to
vanilla training without self-evolution, are shown in
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Setting  Full
AQ 77.91

w/o know w/o unknow w/o all

75.51 77.17 74.95

Table 3: Ablation study on answer quality (AQ) of dif-
ferent prompt designs.

Figure 3. As seen, all metrics improved as training
progressed. After three turns, the LLM demon-
strated better performance in answer quality and
overall score. Although entity recognition and ci-
tation metrics fluctuated, the overall quality of the
responses showed significant improvement, indicat-
ing that this self-evolutionary approach effectively
enhances the model’s performance.

5.4 Ablation Study

Compared to vanilla SFT, SELF-KFC incorporates
a "bad" answer for self-correction, which improves
the final answer quality, as shown in Table 2. We
also conduct an ablation study to evaluate the im-
pact of the CoT prompts in KFC on answer quality.
Unlike existing approaches, we introduce a CoT
process to analyze both known and unknown en-
tities in the documents and questions. To assess
the effectiveness of these components, we perform
three experiments: without known entities, without
unknown entities, and without CoT. As shown in
Table 3, removing any part of the CoT leads to a
decrease in performance, highlighting the impor-
tance of a detailed CoT for question and reference
analysis. Additionally, the results indicate that the
analysis of known entities contributes more to the
final answer.

5.5 Generalization Exploration

To further explore the generalization capability of
SELF-KFC, we conduct two additional sets of ex-
periments: one on low-resource KFC data and
another on LLLM backbones of varying sizes.

5.5.1 Low-Resource Data Experiments

The low-resource experiments aim to assess the
generalization capability of SELF-KFC in data-
scarce scenarios. We conducted these experiments
on LLaMA3-8B, as shown in Figure 4, where the
data proportion varied from 10% to 50%. The re-
sults indicate that SELF-KFC outperforms baseline
methods even with limited data. This demonstrates
its robustness and ability to generalize effectively
under low-resource conditions.

In contrast, traditional SFT struggles signifi-
cantly in extremely low-resource settings, with its
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Figure 4: Low-resource data experiment results.

performance dropping sharply when only 10% of
the data is used. The improvement of SELF-KFC
is especially notable in these scenarios, highlight-
ing the effectiveness of the new prompt design. By
incorporating a tailored CoT process, we optimize
how instruction data is utilized, enabling the model
to leverage the limited data more effectively and
achieve superior performance despite the scarcity.

5.5.2 Different LLM Backbone Experiments

In the previous experiments, we mainly used LLMs
of 7B-8B sizes. To further validate the generaliza-
tion of SELF-KFC on different LLMs, we conduct
experiments on the Qwen2.5 model series, includ-
ing 0.5B/1.5B/3B/7B/14B, and/34B. As shown in
Figure 5, SELF-KFC still outperforms baseline
methods on all-size backbones. The results indi-
cate that SELF-KFC is more specialized in the
enhancement of citation ability in LLMs with sizes
between 1.5B and 7B. Qwen2.5-0.5B has an obvi-
ous performance bottleneck due to its low upper
capacity limit, which makes it difficult to get bet-
ter results no matter what optimization method is
used, while the larger LLM has a high lower capac-
ity limit, which makes different training methods
effective, of which ours performs the best.
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Figure 5: Results on Qwen2.5 with different sizes.

5.5.3 Overall Generalization Ability

Combining the results of the two experiments, we
find that SELF-KFC excels despite data scarcity
and smaller model sizes. Since real-world applica-
tions often face similar challenges, such as limited
data and deployment scale, this suggests that SELF-
KFC is highly adaptable to practical LLM deploy-
ment scenarios. We also conduct cross-domain
generalization experiments and present the detailed
results in Appendix D.4, which also indicates inter-
esting conclusions on the citation generation capa-
bility of LLMs on the KFC benchmark.

5.6 Case Study

We further present some detailed cases in Figure
6 to show the effectiveness of SELF-KFC. Since
the overall context information was too long to put
down in the main paper, we chose to put out the
quoted response section. In this particular case,
the question has no relevant information in the ref-
erence, meaning the key entities in the question
are unknown entities in the given context. We can
observe that there is little difference between the
answers produced by different training methods
and the gold standard in terms of content—there
is no noticeable performance gap in the factual ac-
curacy of the answers. However, when it comes
to citation quality, our method outperforms both
SFT and DPO. Unlike these methods, our approach
avoids significant omissions, such as the failure to

Case Study

Question: What role did Johnny Vogel play
in the Populist Party’s efforts to address the
concerns of debt-ridden farmers in the Mid-
west?

Golden Answer: Johnny Vogel [4] ran un-
successfully for lowa’s state senate, repre-
senting The Populist [2] Party’s efforts to
address the concerns of debt-ridden farmers
in the Midwest.

SFT Answer: Johnny Vogel [4] ran unsuc-
cessfully for Iowa’s state senate, represent-
ing the Populist [2] Party [4] ’s efforts to
address the concerns of debt-ridden farmers
in the Midwest.

DPO Answer: Johnny Vogel [4] ran unsuc-
cessfully for Iowa’s state senate, becoming
one of the few genuine farmers to join the
Populist Party [4] ’s ranks.

SELF-KFC Answer: Johnny Vogel [4]
played a significant role in addressing the
concerns of debt-ridden farmers [4] in the
Midwest through his involvement with the
Populist [2] Party.

Figure 6: A case to shown the effectiveness of SELF-
KFC compared with SFT and DPO employed on
LLaMA3-8B.

cite "Populist [2]." This intuitive case demonstrates
the effectiveness of our method in enhancing the
citation generation capabilities of LLM.

6 Conclusion

In this paper, we address a novel challenge in
LLM applications: generating two types of cita-
tions in the QA scenario to improve the credibil-
ity and reliability of LLM responses. We intro-
duce a new benchmark, KFC, along with innova-
tive pipelines that incorporate structural analysis of
the provided documents and questions through a
chain-of-thought (CoT) process, further enhancing
answer quality. Additionally, we propose a new
training method, SELF-KFC, which enables LLMs
to learn in a self-correcting manner. SELF-KFC
strikes a balance between traditional supervised
fine-tuning (SFT) and alignment techniques, such
as DPO. Our results demonstrate the effectiveness
of this approach in the new problem setting.
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Limitations

Our work in this paper still consists of the following
limitations:

Scope of the Work. Our work focuses on explor-
ing QA-related problems, with limited in-depth
exploration of other NLP tasks. In fact, many other
types of tasks also require a combination of citation
generation and the ability to handle unseen infor-
mation. The dataset constructed in this work does
not consider tasks beyond QA.

Limited Data Scale. Although the dataset we
constructed is larger than most benchmarks and
comparable to the largest LongCite dataset, it re-
mains limited to tens of thousands of entries and
could be further expanded. Achieving this goal
requires more diverse data sources and automated
pipelines.

Further Exploration on Methodology. Our
newly designed approach represents a trade-off be-
tween SFT and PA. While this approach demon-
strates a degree of innovation, it still holds sig-
nificant room for improvement. For instance, it
could incorporate finer-grained prompt design and
optimization, as well as the introduction of rein-
forcement learning techniques.

Ethical Considerations

All experiments conducted in our work utilize open-
source datasets and LLM models. No data collec-
tion or usage practices violating scientific ethics
occurred during dataset construction or the experi-
mental phase.
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A Manual Quality Control and
Assessment

In the dataset construction process, we make great
effort to control the data quality of the KFC
benchmark. To better control the dataset quality,
we designed the synthesis approach for the KFC
Benchmark by integrating the synthetic methodol-
ogy developed for citation generation benchmarks.
Since citation generation requires extensive hu-
man expertise, we employed a hybrid approach
combining rule-based methods with LLM-driven
automation for data synthesis. Specifically, we
used LLM prompts to automatically generate re-
sponses while simultaneously applying rule-based
techniques such as regular expressions to annotate
and validate citations. Following synthesis, we
conducted small-scale sampling and manual post-
checking for each domain to ensure overall dataset
quality. Specifically, when constructing the dataset,
the authors randomly sampled 100 entries from the
entire dataset and conducted manual verification
to ensure a data qualification rate exceeding 95%.
This process was repeated multiple times to assess
the overall data quality.

The pipeline we designed integrates a small num-
ber of human-crafted rules with extensive LLM au-
tomation, aligning with current research trends. Nu-
merous studies demonstrate that LLMs can achieve
weak-to-strong generalization even when training
data quality is imperfect, and models can learn
crucial capabilities from it. By combining these
insights with their vast existing knowledge and in-
ternalizing them, LLMs emerge with significantly
enhanced capabilities.

B Evaluation Protocols

We design a set of evaluation metrics to assess the
quality of LLM-generated answers on the KFC
benchmark from multiple perspectives: the com-
patibility of entity extraction, the accuracy of two
types of citations, and the overall quality of the
answer. As mentioned earlier, we employ a Chain-
of-Thought (CoT) prompt before the formal answer
to facilitate a structured understanding of both the
reference chunks and the question. This prompt
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Figure 7: Comparison for SELF-KFC and existing paradigms like SFT and alignment methods.

incorporates both the known entities present in the
documents and the unknown entities introduced in
the question. Consequently, we evaluate the com-
patibility of the recognized entities (both known
and unknown) using the F1-score.

_ ’gpred N gtrue’
gpred

57‘6 m rue
R = M (4)

P
gtrue

where &),,.¢q and &4, represent the predicted and
true entity sets, respectively. The Fl-score for
known entities can then be computed from these
precision and recall values. For the extraction of
unknown entities, the calculation process follows a
similar procedure.

Meanwhile, we evaluate the citation quality for
both known and unknown citations from two per-
spectives: the compatibility of the citation pairs
with the golden answers and their self-consistency
with the CoT prompt. For a citation-statement pair
(ciy 8i) or (u;, s;) in the generated answer, we con-
sider it a correct prediction if it matches either the
ground truth answer (Gold) or the previous CoT
output (Self). The former metric follows the classi-
cal approach for citation evaluation, where citation
F1 is used to measure the accuracy of citations
related to known and unknown information sepa-
rately. The latter metric aims to evaluate the con-
sistency between the current citations and the CoT
using the F1 metric. These metrics are calculated
similarly to the known/unknown entity F1-scores.

Finally, we evaluate the general quality of
the generated answers with the LL.M-as-a-judge
paradigm (Gu et al., 2025), which employs a strong
LLM backbone to score the answers. As our
datasets consist of long-form QA data, simple met-
rics like accuracy are not suitable, which is the
motivation for such a design. A fixed scoring in-
struction Zseore 1S used to compare all generated
answers with the gold labels by assigning a scalar
score. All of the metrics together form our compre-
hensive evaluation protocol, which synthesizes the

performance differences across various LLMs and
training methods on the SELF-KFC benchmark.

C Prompt Templates

Due to the page limit, we present the instruction
template used in our work in the Appendix. During
the construction process, we use several instruc-
tions in steps 2- 4, which are presented in Figure
8, Figure 9, and Figure 10. We further present the
instruction data format of SFT and SELF-KFC in
Figure 11 and Figure 12.

D Experiment Details

D.1 Training Settings

When training DPO/ORPO/SimPO, we initiated
training from scratch and incorporated the SFT loss
for the preferred answer with a weighting factor of
0.1 during loss calculation. This process imposes
no additional burden on the original training. In
practice, we found that this approach yielded no
significant difference in performance compared to
performing SFT first followed by DPO. For Self-
KFC, more details can be found in Q4.

D.2 Training Time Costs

At present, our Self-KFC method has generally
achieved significant performance gains. While
enhancing performance, we have also improved
efficiency compared to alignment methods like
DPO. This is because we simplified DPO—which
requires more GPU memory and runtime—into
Self-KFC, a variant of SFT. This process actually
reduces training time, which is another advantage
of Self-KFC. According to our experiment logs,
the training time tested in the same develop envi-
ronment for different methods is:

e SFT: about 3 hours
« DPO/ORPO/SimPO: about 7 hours

¢ Self-KFC (our): about 4 hours
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Instruction for Step2 Key Entity Extraction

You are an domain expert employed by us to construct domain knowledge graphs. Given the
background knowledge document. Please help me to extract the most important key entities
(no more than 5 entities) and relations from each documents. Report the entities, relations, and
knowledge triples by a json-style file in this form: ’entity’: [entityl, entity2, ...... ], ‘relation’:
[relationl, relation2, ...... ], 'triple’: [(entityl, relationl, entity?2), ...... ] Note that the entities and
relation should keep consistent with the documents. Do not include elements in the returned triple
that do not appear in the entity and relation lists.

Here is the document:
{#Document}

Please return your json file without any other text in the response.

Figure 8: Instruction template for step2.

Overall, our approach achieves performance im-
provements while making efficiency trade-offs,
thus demonstrating its value for research. On the
other hand, this also indicates that the data for our
synthetic citation generation task is quite challeng-
ing, making it difficult for the model to achieve
significantly outperforming results at present.

D.3 Details of Self-evolution Experiments

In our instruction construction process, the first
(unpreferred) bad answer for the self-KFC method
comes from the zero-shot output of LLLMs themse-
leves (not another one), while the (preferred) good
answer is the label from our previously synthe-
sized SFT data. We constructed our prompt in this
manner. Additionally, for the self-evolution experi-
ments in Section 5.3, we regenerate a batch of bad
answers after each epoch of training and synthesize
new instruction data, enabling the LLLM to update
more dynamically. Through this approach, we have
achieved the self-evolution experiment of LLMs.

D.4 Cross-domain Generalization
Experiments

We conduct another cross-domain generalization
experiment on the KFC benchmark to explore the
out-of-distribution (OOD) properties of the LLMs.
We first divide the 19 domains in KFC into 6 larger
domains:

* Social Science: Finance, Legal, Politics
 Technology: Technology, CS, Agriculture

* Science: Psychology, Physics, Mathematics,
Biology

* Humanities: Fiction, Literature, History, Bi-
ography, Philosophy

e Arts: Music, Art
* Others: Health, Cooking

We then conduct OOD experiments on the 6 do-
mains by training LLMs on one domain and eval-
uating them on different domains. The citation
generation results are presented in Table 5. These

Table 4: Results on Ling-mini-2.0.

Benchmark ‘ Answer Quality

Base 69.88
SFT 71.99
SimPO 71.48
SELF-KFC 74.61

results demonstrate that LLMs possess a certain
degree of out-of-domain (OOD) generalization ca-
pability for citation generation. The model’s train-
ing does not rely on domain-specific knowledge;
instead, it acquires a general ability to incorporate
citations during the output process. It is evident
that training results vary significantly across differ-
ent domains, and under the current task settings,
out-of-distribution (OOD) performance does not
necessarily outperform that achieved on the same
distribution. For instance, in the case of Arts, train-
ing on Humanities data yielded superior results
compared to training on the Arts dataset itself.
These results indicate that LLM citation genera-
tion capabilities can achieve cross-domain general-
ization and do not rely on domain-specific knowl-
edge. The model’s acquisition of this ability may
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Table 5: The cross-domain (OOD) experiment results on Qwen2.5-7B.

. . Entity Citation (Ground Truth) Citation (Self)

Train Evaluation Known Unknown Known Unknown Known Unknown LLM Score
Arts 53.34 46.63 18.29 41.41 22.08 53.50 75.73
Humanities | 58.10 47.41 19.03 34.84 22.97 45.98 74.47

Arts Science 49.22 51.20 17.20 38.56 20.99 47.27 74.77
Social 54.20 40.33 19.97 25.20 23.96 43.99 74.62
Technology | 49.26 43.04 16.19 24.54 19.59 42.75 77.49
Other 51.09 46.92 14.88 28.56 18.94 41.13 75.60
Arts 57.92 61.25 23.76 59.56 30.73 82.60 75.74
Humanities | 62.74 59.52 25.01 57.42 32.02 77.31 74.88

Humanities Science 54.08 62.45 23.49 59.80 31.67 80.24 75.28
Social 58.54 56.37 23.26 49.88 29.67 69.27 76.78
Technology | 54.04 59.70 22.17 51.13 29.98 71.38 79.08
Other 56.43 55.69 21.14 54.49 29.00 75.04 76.24
Arts 55.59 55.38 21.01 45.74 26.13 59.86 74.16
Humanities | 60.13 55.09 22.09 40.64 28.26 53.47 74.43

Science Science 53.08 59.33 21.80 50.64 28.26 62.71 74.66
Social 56.45 50.43 21.99 30.39 27.51 48.14 75.16
Technology | 52.34 51.05 20.51 37.40 27.56 55.40 74.90
Other 54.59 54.96 17.47 38.89 24.68 54.18 77.95
Arts 55.96 50.86 18.97 44.63 23.10 60.81 74.73
Humanities | 59.39 54.29 19.43 41.81 24.45 55.44 74.34

Social Science 50.99 59.87 18.37 47.59 23.73 59.12 74.62
Social 57.79 53.53 21.54 40.17 25.71 53.81 76.43
Technology | 51.51 53.57 16.97 41.16 21.74 64.05 78.56
Other 53.39 54.34 15.37 40.10 20.42 55.41 75.78
Arts 51.08 44.98 10.85 23.27 12.85 35.08 72.60
Humanities | 55.01 45.27 11.74 22.18 15.00 31.50 72.11

Technology Science 48.18 52.01 12.42 28.96 15.71 40.80 73.16
Social 51.79 37.81 14.99 18.16 17.67 31.84 71.52
Technology | 48.37 48.41 11.71 20.18 14.91 32.28 75.97
Other 49.54 48.93 10.08 21.83 13.44 30.60 73.90
Arts 47.07 40.85 5.36 13.07 6.76 19.32 71.42
Humanities | 50.24 41.81 5.63 10.08 7.19 14.61 70.81

Other Science 41.86 48.80 7.03 14.53 9.02 19.92 71.75
Social 46.08 31.32 9.71 8.19 11.61 16.53 69.88
Technology | 42.55 35.99 6.44 9.37 8.87 15.94 75.34
Other 46.39 36.99 5.05 9.84 6.91 14.54 72.84
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Instructions for Step3 Quetion Generation

Templatel:

You are a high level NLP data annotator. Given the following series of documents, each document
also gives several key entities.

You should generate a question that can be comprehensively answered by these documents, noting
that the question you generate needs to be combined with the content of multiple documents.
After you have generated the question, you need to analyze the entities needed for the question and
distinguish between those entities that are known in the documents and those that are unknown.
Here are the documents:

{#Documents}

Return your answer in json format, containing three keys, ’generated question’ (string type),
’known entities’ (list type), and *unknown entities’ (list type) to store your generated question and
the entitity analysis results. For the case where all entities are known, unknown entities is an empty
list. Note that the known entities should be consistent with the documents. Do not return any other
text in the response.

Template2:

You are a high level NLP data annotator. Given the following series of documents, each document
also gives several key entities.

You need to generate a question that is not entirely relevant and cannot be answered well by the
provided documents. But it can not be too irrelevant.

After you have generated the question, you need to analyze the entities needed for the question and
distinguish between those entities that are known in the documents and those that are unknown.
Here are the documents:

{#Documents}

Return your answer in json format, containing three keys, ’generated question’ (string type),
’known entities’ (list type), and *unknown entities’ (list type) to store your generated question and
the entitity analysis results. The unknown entities should be presented in the unknown entities’
list. Note that the known entities should be consistent with the documents. Do not return any other
text in the response.

Figure 9: Instruction template for step3.

be more significantly influenced by other factors in
the training data, such as quantity and quality.
D.5 Results on Ling-mini-2.0

We also conduct experiments on Ling-mini-2.0
(Team and Al, 2025). Here is a simple view of
the results in Fugre 4. The results also indicates the
effectiveness of SELF-KFC.

E Other Statements

In this paper, we employ existing LLM as our as-
sistant to polish the writing of our paper.
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Instructions for Step4 Answer Generation

You are a high level NLP data annotator. Given the following series of documents with several key
entities. You need to generate the answer of the given question. We have analyzed the known key
entities and unknown entities that need to be involved in the current problem.

Here are the documents:

{#Documents }

The question is:

{#Question}

The known entities for current question are:

{#Known Entities }

The unknown entities for current question are:

{#Unknown Entities }

Please return your answer directly. The answer should be concise. Do not return any other text in
the response.

Figure 10: Instruction template for step4.

Instruction Template for SFT

Instruction:

Answer the given question with the following documents. Mark the important parts from the
documents with citation reference in your answer.
Input Prompt

## Documents:

{#Documents }

## Question:

{#Question }

Output Prompt

## Known Entitities:{ }

## Unknown Entities:{ }

## Answer:{}

Figure 11: Instruction template for SFT data.
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Instruction Template for Alignment (DPO/ORPO/SimPO)

Answer the given question with the following documents. Mark the important parts from the
documents with citation reference in your answer. We present you a bad answer for reference and
you should give a better answer.

Input Prompt

## Documents:

{#Documents}

## Question:

{#Question}

Here is a bad answer for example:

{#Bad Answer} Your answer is: Qutput Prompt

## Known Entitities:{ }

## Unknown Entities:{ }

## Answer:{}

Figure 12: Instruction template for SELF-KFC data.
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