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Abstract
The rapid advancement of large language
models (LLMs) has opened up promising op-
portunities for their downstream applications
in question-answering (QA), such as Chat-
GPT, ChatGLM, etc. However, such LLMs
do not perform very well in domain-specific
QA tasks without fine-tuning. But directly
fine-tuning LLMs on domain-specific cor-
pus data may lead to catastrophic forgetting,
causing the LLMs to lose their general
language capability. To address this prob-
lem, we propose the Knowledge-Enhanced
Fine-Tuning (KEFT) method, an unsupervised
fine-tuning approach to enhance the knowl-
edge capability of LLMs in domain-specific
QA tasks while preserving their general
language capability. KEFT leverages the in-
herent language comprehension of pre-trained
LLMs to generate synthetic-QA datasets from
domain-specific corpus data autonomously for
fine-tuning, and adopts a Low-Rank Adap-
tation (LoRA) method to further alleviate
over-fitting. Furthermore, to enhance the rep-
resentation of domain-specific knowledge, we
introduce a knowledge-enhanced fine-tuning
loss function, which encourages the model
to learn the knowledge-question connection,
thereby generating natural and knowledge-
able answers. Our evaluations across multiple
domain-specific datasets demonstrate that
KEFT surpasses state-of-the-art fine-tuning
approaches, enhancing the performance of var-
ious LLMs in QA tasks in both English and
Chinese languages.

1 Introduction

Large Language Models (LLMs) have revo-
lutionized various aspects of human-computer
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interaction such as Question Answering (QA)
through their general language capability. Re-
cently, LLMs have promoted applications in
domain-specific QA tasks, where LLMs act as
human experts, providing consultation across a
range of specialized domains. For instance, in
law, LLMs can understand users’ queries and
provide precise, professional responses to legal
inquiries or advice on legal matters, just like
human lawyers. Despite the enormous societal
benefits that can be achieved, directly applying
LLMs to domain-specific QA tasks still presents
some issues.

A primary issue is that most LLMs lack
domain-specific knowledge, and high-quality
domain-specific QA datasets are scarce. Fine-
tuning pre-trained LLMs on unlabeled domain-
specific corpus may lead to catastrophic forgetting,
causing the LLMs to lose their general language
capability. This creates the challenge of preserv-
ing the LLMs’ language understanding abilities
while adapting them for domain-specific QA
tasks. Furthermore, some context-based methods
(Yao et al., 2023; Ram et al., 2023; Shi et al.,
2023) aim to enhance the knowledge capabili-
ties of LLMs by incorporating external databases.
However, these methods introduce the additional
challenge of requiring a precise retrieval engine
to ensure accurate contextual information for the
queries.

In this paper, our goal is to propose an unsuper-
vised fine-tuning approach that can be directly
applied to a domain-specific corpus, enabling
LLMs to perform domain-specific QA without los-
ing their inherent language capability. As a result,
the fine-tuned models can answer user queries with
expertise comparable to human experts, paving the
way for the deployment of LLMs across various
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domain-specific QA applications. To achieve our
goal, we face the following challenges:

• In most cases, we only have small amounts
of domain-specific data, typically in the form
of unlabeled corpus data, lacking sufficient
reasonable QA data. Direct fine-tuning on
LLMs will lead to over-fitting, and the re-
dundancy in the domain-specific corpus data
may worsen model performance.

• Full fine-tuning can lead to instability and
excessive forgetting of the LLM’s origi-
nal language capability, while insufficient
fine-tuning fails to enable the model to
acquire domain-specific knowledge. It is cru-
cial to fully leverage the knowledge in the
corpus while training only a small num-
ber of parameters to enable LLMs to learn
domain-specific QA tasks effectively.

In such scenarios, common unsupervised
fine-tuning methods, such as language model-
ing used in GPT (OpenAI, 2024), GLM (Du
et al., 2022), or masked language modeling in
BERT (Devlin et al., 2019), inevitably suffer
from overfitting when directly applied to small
domain-specific corpus. This overfitting leads to
a loss of the model’s original language capabil-
ity, undermining its ability to communicate with
users and perform QA tasks, all without suc-
cessfully acquiring the intended domain-specific
knowledge.

To address these challenges, we propose an
Knowledge-Enhanced Fine-Tuning (KEFT) ap-
proach on LLMs for domain-specific question
answering, which comprises two main compo-
nents: prompt-based synthetic-QA data generation
and knowledge-enhanced fine-tuning. These com-
ponents aim to automatically transform the corpus
into QA data and enable the LLM to specif-
ically learn the knowledge within the corpus.
First, we applies prompt engineering techniques
to autonomously extract knowledge from cor-
pus data, generating synthetic-QA datasets via a
self-questioning and answering mechanism. Fur-
thermore, we design a knowledge enhancement
loss function for LLM fine-tuning, guiding the
models to understand the connection between
knowledge and questions, enabling them to gen-
erate fluent and accurate answers based on the ac-
quired knowledge. In addition, we employ the
low-rank adaptation (LoRA) to better preserve the

language capability of LLM by using its ability to
mitigate catastrophic forgetting (Biderman et al.,
2024; Guo et al., 2024).

Our main contributions are summarized as
follows:

• We propose a Knowledge-Enhanced
Fine-Tuning (KEFT) approach for large
language models (LLMs) in domain-specific
question answering. KEFT transforms the
corpus into QA data and enables the LLM to
specifically learn the knowledge within the
corpus, thereby enhancing its performance in
knowledge-based question answering. This
enables a smooth transition when applying a
general LLM to domain-specific QA tasks.

• We present a prompt-based synthetic-QA
data generation method, a self-questioning
and answering mechanism, which ex-
ploits the original language capability of
LLMs to autonomously generate structured
synthetic-QA datasets from corpus data.
This approach embeds new domain-specific
knowledge into QA data, ensures that the
pattern of the generated QA data aligns well
with the original pre-training data.

• We design a knowledge-enhanced loss func-
tion for LLM fine-tuning. The new loss
function equips the LLM with the ability
to build the connection between knowl-
edge and related questions, infusing new
domain-specific knowledge into LLMs. In
addition, we employ the LoRA strategy to
mitigate over-fitting of fine-tuning.

• We conduct extensive experiments across
multiple domain-specific corpus datasets,
indicating that KEFT outperforms state-of-
the-art fine-tuning methods across various
LLMs on QA tasks. These results validate
the effectiveness of our proposed method,
illustrating its ability to successfully bal-
ance knowledge acquisition and the reten-
tion of general language capability during
fine-tuning.

2 Related Work

2.1 Large Language Models
In recent years, LLMs such as ChatGPT (Ouyang
et al., 2022; OpenAI, 2024) have emerged
as a cornerstone in the advancement of nat-
ural language processing, driving innovations
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Figure 1: The overall architecture of our proposed KEFT.

in interactive QA applications across diverse
domains such as customer service and educa-
tion. The advent of open-source LLMs (Touvron
et al., 2023; Zeng et al., 2022; Chiang et al.,
2023; Almazrouei et al., 2023) has further fa-
cilitated this growth by broadening access to
cutting-edge technology. Despite these strides, the
domain-specific adaptation of LLMs remains a
critical, under-explored area. Current methodolo-
gies for integrating domain-specific knowledge
into LLMs often compromise their general lan-
guage capability or fail to effectively leverage
domain-specific information. Our work focuses
on enhancing new knowledge for LLMs while
preserving their ability to handle domain-specific
QA tasks.

2.2 Fine-Tuning for LLMs

Fine-tuning LLMs for downstream tasks has been
widely studied, but traditional methods (Devlin
et al., 2019; Zeng et al., 2022; OpenAI, 2024)
can be parameter-inefficient given the large size
of LLMs. New techniques like adapter tuning and
prompt tuning (Ding et al., 2023; Tam et al.,
2023; Liu et al., 2022; Hu et al., 2022) are now
more in focus, because they can change the model
with fewer parameters and still get good results,
similar to full-training the model. However, these
new methods are mostly used for general tasks and
don’t focus much on learning specific knowledge
from small and unlabelled corpus data. This shows

there’s a need for fine-tuning methods that work
well with the large size of LLMs and are good at
learning from small corpus datasets.

2.3 Question Answering with LLMs

LLMs have shown promise in QA applications,
demonstrating competence in fields like pro-
gramming assistance and knowledge consulting
(OpenAI, 2024; Ouyang et al., 2022; Chiang et al.,
2023; Wang et al., 2023). Most LLMs are based
on supervised fine-tuning to fit a specific domain,
limiting their applications in specialized fields in
the absence of labeled data. In addition, some
context-based methods (Yao et al., 2023; Ram
et al., 2023; Shi et al., 2023), try to utilize ex-
ternal databases to retrieve relevant knowledge as
contexts to help LLMs handle QA tasks. These
approaches also have limitations due to the ad-
ditional complexity introduced by the need to
retrieve context precisely. Our work focuses on
fine-tuning LLMs to learn new knowledge and
answer questions from small unlabeled datasets,
avoiding knowledge retrieval problems.

3 KEFT

3.1 The Overview of KEFT

KEFT consists of two components: prompt-based
synthetic-QA data generation and knowledge-
enhanced fine-tuning. Figure 1 shows the overall
architecture of KEFT.
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Given a domain-specific corpus dataset D, the
prompt-based synthetic-QA data generation uti-
lizes pre-trained LLMs to generate synthetic-QA
dataset via a self-questioning and answering mech-
anism based on prompt engineering. It is formally
represented in Eq. (1),

G : (D,P) → Ds (1)

where G denotes the data generation function,
Ds is the synthetic-QA dataset, and P are the
prompts. The generated QA data is consistent
with the pattern of the pre-training dataset, which
preserves the LLM general language capability
during fine-tuning.

The knowledge-enhanced fine-tuning compo-
nent enhances domain-specific knowledge of
LLMs viaDs. It introduces a knowledge-enhanced
loss function, which guides the model’s focus
towards the extracted knowledge, enabling the in-
fusion of new knowledge into the pre-trained LLM
Mθ. This fine-tuning process can be formalized
in Eq. (2), where F denotes the fine-tuning pro-
cess with the knowledge-enhanced loss function.
In addition, we adopt LoRA method to further
alleviate over-fitting.

F : (Ds,Mθ,O) → Mθ′ (2)

3.2 Prompt-Based Synthetic-QA
Data Generation

This section formulates a unified prompt pattern
aimed at generating the synthetic-QA dataset Ds

from any given corpus dataset D. This gener-
ation consists of three core stages: Knowledge
Extraction, Question Generation, and Answer
Generation.

3.2.1 Knowledge Extraction
The first stage extracts knowledge from cor-
pus dataset D. Corpus dataset D, consisting
of domain-specific knowledge, is broken down
into smaller text segments {d1, d2, d3, ...}. The
pre-trained LLM Mθ is then guided by a knowl-
edge extraction prompt PK to extract valuable
knowledge from each segment di.

Formally, given an input text segment di and
the knowledge extraction prompt PK , we use
PK to guide Mθ to generate a sequence of out-
puts {k1, k2, . . . , kn}, each kj being an extracted
knowledge text. This process is represented as a
function FK in Eq. (3), where concat(·) denotes

the concatenation operation between a text seg-
ment and a prompt. We collect all these knowledge
texts into a set K as the final output of knowledge
extraction.

{k1, k2, . . . , kn} = FK(di,PK)

= Mθ(concat(di,PK)) (3)

Through this knowledge extraction step, we
remove the redundant information in the corpus
data and structure it as a set of knowledge texts
for further processing.

3.2.2 Question Generation
The next stage is to leverage the extracted knowl-
edge to generate domain-specific questions. Mθ

is guided by a question extraction prompt PQ,
which, designed based on the domain and the
knowledge texts, helps generate insightful and
challenging questions that reflect the key ideas in
the extracted knowledge text K.

Each knowledge text ki from the set K serves
as an input to the question generation function.
The LLM processes each knowledge text to gen-
erate a sequence of relevant questions. Formally,
we can represent this process as a function FQ,
which, given an input knowledge text ki and the
question extraction prompt PQ, generates a se-
quence of questions{qi1, qi2, . . . , qil}. The process
is represented by Eq. (4).

{qi1, qi2, . . . , qil} = FQ(ki,PQ)

= Mθ(concat(ki,PQ)) (4)

where qij denotes the j-th question generated from
the knowledge text ki. We collect these questions
into a set Q.

When designing PQ, the prompts should be
broad enough to allow the LLM to generate a va-
riety of questions, yet specific enough to guide the
model towards questions that accurately represent
the domain’s complexity and depth.

3.2.3 Answer Generation
This stage is to generate appropriate answers
for each generated question in Q. This process
leverages the LLM Mθ to generate answers that
reflect an understanding of the domain-specific
knowledge.

In this stage, the LLM Mθ is guided by an
answer generation prompt PA. Each generated
question qij and its corresponding knowledge text
ki is processed together with the answer generation
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Knowledge Extraction Prompt Extracted Knowledge
From the following content: ‘‘{An article about
astronomy}’’.
I would like to extract independent and concise
knowledge points. The knowledge points are:

The Milky Way is a barred spiral galaxy with a
diameter between 150,000 and 200,000 light-years.
At the center of the Milky Way galaxy, the black hole,
Sagittarius A*, has a mass about four million times
the Sun’s.

Question Generation Prompt Generated Questions
The knowledge is: ‘‘{knowledge}’’.
Based on the knowledge, some potential questions
might be:

1. What is the name of the black hole at the center of
the Milky Way galaxy?
2. What type of galaxy is the Milky Way, and what is
its approximate diameter?

Answer Generation Prompt Generated Answers
The knowledge is: ‘‘{knowledge}’’.
The question is: ‘‘{question}’’.
Based on the knowledge, the concise and direct
answer to the question should be:

1. The black hole at the center of the Milky Way
galaxy is called Sagittarius A*.
2. The Milky Way is a barred spiral galaxy, and its
diameter is between 150,000 and 200,000 light-years.

Table 1: An example of the synthetic-QA data generation. Blue and red are keywords for question and
knowledge, respectively.

prompt PA to generate a suitable answer aij . This
process can be represented by the function FA,
which transforms an input {question, knowledge}
pair and a prompt into an answer, as shown in
Eq. (5).

aij = FA(concat(ki, qij ,PA))

= Mθ(concat(ki, qij ,PA)) (5)

where aij denotes the answer generated for the
j-th question of i-th knowledge. We collect these
answers as a set A.

The design of PA enables the LLM to in-
fer the appropriate response based on the given
knowledge and question, and present the answer
in a format that aligns with the expected answer
format in the specific domain.

By integrating the generated three sets—K, Q,
and A, we form a synthetic-QA dataset Ds of
triplets (k, q, a). Table 1 shows an example of
the process of prompt-based synthetic-QA data
generation, as described in Algorithm 1. It should
be noted that our proposed method is a general
data generation process across various LLMs and
domains. This example merely presents one pos-
sible implementation. The generated synthetic-
QA dataset is then used for knowledge-enhanced
fine-tuning.

3.3 Knowledge-Enhanced Fine-Tuning

After obtaining the synthetic-QA dataset, the
next step is to perform knowledge-enhanced
fine-tuning on the pre-trained LLM using this

Algorithm 1 Prompt-based Synthetic-QA Data
Generation.
Input: Corpus D, LLM Mθ, Prompt PK , PQ, PA

1: K ← ∅, Q ← ∅, A ← ∅
2: for segment di in D do
3: K ← K ∪Mθ(concat(di,PK))
4: end for
5: for ki in K do
6: Q ← Q∪Mθ(concat(ki,PQ))
7: end for
8: for qij for ki in Q do
9: A ← A∪Mθ(concat(ki, qij ,PA))

10: end for
11: Ds ← formTriplets(K,Q,A)
12: return Ds

dataset. We combine the language modeling loss
with our knowledge-enhanced loss to ensure that
the fine-tuned LLM preserves general language
capability and acquires domain-specific knowl-
edge. We also adopt the LoRA method to alleviate
over-fitting of fine-tuning.

3.3.1 Fine-Tuning Objective

Our fine-tuning objective includes two loss func-
tions: a Knowledge-Enhanced (KE) Loss and a
Language Modeling (LM) Loss. These loss func-
tions work together to improve the quality of
domain-specific QA.

Knowledge-Enhanced Loss. Inspired by con-
trastive learning (He et al., 2020; Radford et al.,
2021), we aim to maximize the LLM’s ability to
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match a question with its corresponding knowl-
edge. The input of the pre-trained LLM is given as
‘‘k + q + [SEP]’’, where k represents the knowl-
edge and [SEP] is a special token as a separator.
The fine-tuning LLM receives ‘‘q + [SEP]’’ as
the input. We obtain the hidden states hpre and
hft corresponding to the [SEP] token from the
last layer of both the pre-trained LLM Mθ and
the fine-tuned LLM Mθ′ . These hidden states are
then normalized and represented as ĥpre and ĥft.

We compute the cosine similarity between the
two normalized hidden states and use it in the KE
loss function. The target of the KE loss function
is to maximize the cosine similarity between the
question and its corresponding knowledge, while
minimizing the similarity with irrelevant knowl-
edge. This KE loss LKE can be expressed as in
Eq. (6), where N is the total number of instances
in the batch, and yi is the label for the i-th instance.
The label yi is assigned 1 when the question and
knowledge pair is matched, and 0 otherwise.

LKE =− 1

N

N∑
i=1

[
yi log(ĥ

T
preĥft)

+ (1− yi) log(1− ĥT
preĥft)

]
(6)

Language Modeling Loss. Given a QA pair
which contains a question q and an answer a,
the input to the model is the concatenation of the
question q and answer a separated by a special
token [SEP], i.e., ‘‘q + [SEP] + a’’. We adopt
a causal self-attention mechanism for generating
the answer, predicting each token si based on its
preceding tokens s<i in the answer. The LM loss
LLM is computed as the negative log-likelihood of
the correct next token, as shown in Eq. (7), where
L is the total number of tokens in the answer.

LLM = − 1

L

L∑
i=1

logP (si|s<i) (7)

The final loss function is a combination of the
above two losses, as shown in Eq. (8), where λ
is a hyper-parameter. With this loss function, the
fine-tuning not only trains LLMs to understand
questions and generate corresponding answers,
but also enhances the alignment between ques-
tions and corresponding knowledge, resulting in
more accurate and knowledgeable responses. The
detailed description of the fine-tuning approach is
given by Algorithm 2.

L = λLKE + LLM (8)

Algorithm 2 Knowledge-Enhanced Fine-Tuning
Input: Pre-trained model Mθ, Fine-tuning model
M′

θ, Low-rank matrices U , V , Synthetic-QA
dataset Ds

1: for each tuple (k, q, a) in Ds do
2: hpre ← Mθ(‘‘k + q + [SEP]’’)
3: θ′ ← Apply(θ,U ,V)
4: hft ← M′

θ(‘‘q + [SEP] + a’’)
5: LKE ← − 1

N

∑
[yi log(ĥ

T
preĥft) + (1 −

yi) log(1− ĥT
preĥft)]

6: LLM ← − 1
L

∑
logP (si|s<i)

7: L ← λLKE + LLM

8: U ,V ← Backward(U ,V ,L)
9: end for

3.3.2 LoRA-Based Optimization
To further alleviate over-fitting of fine-tuning, we
adapt the LLM’s attention layers via a low-rank
adaptation (Hu et al., 2022). Specifically, for any
weight matrixW ∈ R

d×d in the LLM, it is decom-
posed into the product of two low-rank matrices,
U ∈ R

d×r and V ∈ R
r×d where r 
 d. Dur-

ing the fine-tuning process, only U and V are
updated while keeping the original weights of
the LLM unchanged. Therefore, the fine-tuning
process can be viewed as learning a residual com-
ponent in addition to the original weights. This
process is mathematically formulated in Eq. (9).

W′ = W +
α

r
UV (9)

where W′ is the adapted weight in the fine-tuned
LLM, α is a scalar hyper-parameter, r is the rank
of the low-rank matrices.

4 Experiments

In this section, we provide a detailed description
of the fine-tuning datasets used for experiments,
along with the evaluation models, tasks, metrics,
and training details.

4.1 Model Specifications
We select state-of-the-art general LLMs as our
baselines. In our experiments, these models are
further fine-tuned to evaluate the performance of
our proposed method. LLMs include: 1) Chat-
GLM (6B) (Du et al., 2022), a bilingual model
optimized for Chinese and English QA and dia-
logue, trained on approximately 1 trillion tokens
and improved via multiple fine-tuning methods;
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2) LLaMA (7B) (Touvron et al., 2023), developed
by Meta AI, is a foundation language model em-
phasizing accessibility and leading performance,
trained using publicly available data; 3) Vicuna
(7B) (Chiang et al., 2023) is an open-source chat-
bot based on LLaMA, achieving high performance
metrics through enhancements with real user con-
versations, demonstrating its efficacy in chatbot
applications compared to other notable models.

4.2 Data Specifications

Corpus and Test Dataset. We adopt three
datasets, each comprising corpus samples, with
each corpus sample containing a corresponding
set of test QA samples, as follows: 1) The Truth-
fulQA dataset (Lin et al., 2021). 2) The QA version
of the Open Australian Legal Corpus (OALC).1

3) The Corporate Announcements (CA) dataset,
comprising 231 announcements from the China
Securities Regulatory Commission.2 The corpus
samples are used for training, while the QA
samples are reserved for testing. TruthfulQA is
employed to evaluate performance on general
QA tasks, whereas OALC and CA focus on
domain-specific tasks in law and finance.

Synthetic-QA Dataset. For SSFT and KEFT
fine-tuning, we generate 50 (k, q, a) labels per
corpus sample. TruthfulQA and OALC labels are
generated with Vicuna; CA labels with ChatGLM.
Knowledge, question, and answer are generated
in sequence and concatenated into a label. Labels
with any empty component are discarded, without
further processing. Prompts for generation are
listed in Table 1, and statistics in Table 4.

4.3 Comparison Tasks

We design four tasks to compare with differ-
ent fine-tuning and QA generation methods. 1)
Baseline: We use original LLMs as baselines
for zero-shot learning across different datasets to
assess enhancements provided by our proposed
methods in domain-specific question answering.
2) Direct Fine-tuning (DFT): For the DFT task,
we directly fine-tune the models on the corpus,
following a process similar to the pre-training
stage of LLMs. We employ DFT in two vari-
ants: DFT-LM with standard language modeling

1https://huggingface.co/datasets
/umarbutler/open-australian-legal-qa.

2http://www.cninfo.com.cn/.

loss and DFT-ABI, which utilizes the Autoregres-
sive Blank Infilling loss (Du et al., 2022) adapted
from BERT’s masked language modeling tech-
nique (Devlin et al., 2019). 3) Synthetic Supervised
Fine-tuning (SSFT): This approach leverages
synthetic-QA datasets to fine-tune models without
manual labels using the same LM and ABI loss
functions as in DFT. The synthetic-QA datasets
are generated exclusively based on the corpus,
ensuring no external information is introduced.
4) QA generation (QAG): Following the end2end
QAG method (Ushio et al., 2023), we generate
QA datasets with the same number of sam-
ples as the synthetic-QA datasets for fine-tuning
while excluding the knowledge-enhanced loss.
The fine-tuning in different tasks uses the same
training corpus and the related synthetic QA data
is generated solely from this corpus, ensuring a
fair comparison without additional data.

4.4 Evaluation Metrics
We evaluate our method using four metrics: 1)
BERTScore (BERT) (Zhang et al., 2019), which
leverages contextual embeddings from BERT
(Devlin et al., 2019) to measure semantic sim-
ilarity with Precision (PR), Recall (RE), and
F1 scores, capturing semantic nuances. 2) BLEU
(Papineni et al., 2002) evaluates lexical accuracy
by comparing n-gram overlap and incorporates a
brevity penalty, making it effective in assessing
lexical precision. 3) ROUGE-Lsum (R-L) (Lin,
2004) focuses on the longest common subse-
quence to evaluate response completeness, which
is important for ensuring critical information re-
tention in domain-specific responses. 4) Average
Win Rate (AWR): Following AlpacaEval (Li et al.,
2023), we use GPT-4o to rank answers from
fine-tuned LLMs against baselines based on con-
sistency with labels, and we report the average
win rate.

4.5 Training Details
Our experiments use the HuggingFace transform-
ers library (Wolf et al., 2020) and the PyTorch
framework (Paszke et al., 2019), with a NVIDIA
GeForce RTX 4090, 24GB memory. We fine-tune
LLMs for 5 epochs using float16 precision with
the AdamW (Loshchilov and Hutter, 2017) op-
timizer, setting the learning rate to 1e-4 and the
batch size to 4. Additionally, we employ gradient
accumulation with a step size of 4. The learn-
ing rate follows a cosine schedule with warm-up
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TruthfulQA LLaMA Vicuna ChatGLM

BERT (PR/RE/F1) BLEU R-L AWR BERT (PR/RE/F1) BLEU R-L AWR BERT (PR/RE/F1) BLEU R-L AWR
Baseline 80.0 81.2 80.6 0.4 5.5 50.0 80.1 81.4 80.7 0.6 5.8 50.0 86.9 88.8 87.8 9.8 28.5 50.0
DFT-LM 81.2 82.4 81.8 0.6 6.1 64.5 81.2 82.9 82.0 0.3 6.3 59.8 82.5 83.8 83.1 0.6 9.6 38.7
DFT-ABI 82.9 84.0 83.4 2.8 9.4 70.3 83.4 84.9 84.1 2.8 10.9 61.4 84.3 85.5 84.9 2.8 15.8 44.5
SSFT-LM 88.0 88.3 88.1 14.9 32.0 91.5 87.7 87.9 87.8 14.7 31.7 89.8 87.6 88.7 88.1 10.6 29.2 76.8
SSFT-ABI 87.9 88.6 88.2 15.1 32.4 90.7 87.9 88.1 88.0 14.9 31.9 91.2 88.2 88.9 88.5 11.3 30.3 80.6
QAG 85.7 86.5 86.1 12.8 29.7 86.3 86.2 87.2 86.7 13.4 30.2 82.6 85.9 86.8 86.3 12.1 27.8 66.2
KEFT 88.3 88.6 88.4 15.3 33.0 94.4 88.1 88.5 88.3 14.7 33.0 93.1 88.6 88.9 88.7 16.2 31.4 87.7

Table 2: Performance comparison across models and tasks on TruthfulQA dataset.

OALC LLaMA Vicuna ChatGLM

BERT (PR/RE/F1) BLEU R-L AWR BERT (PR/RE/F1) BLEU R-L AWR BERT (PR/RE/F1) BLEU R-L AWR
Baseline 85.5 85.2 85.3 4.5 25.4 50.0 86.0 85.6 85.8 4.8 25.8 50.0 86.5 86.1 86.3 5.1 26.2 50.0
DFT-LM 85.8 85.5 85.6 5.0 26.0 58.4 86.3 86.0 86.1 5.3 26.5 52.9 86.8 86.4 86.6 5.5 26.9 55.2
DFT-ABI 86.0 85.7 85.8 5.5 27.0 61.7 86.5 86.2 86.3 5.8 27.5 57.5 87.0 86.6 86.8 5.9 27.8 60.8
SSFT-LM 87.0 86.7 86.8 11.5 30.0 87.5 88.9 85.0 86.9 12.4 26.8 85.4 88.0 87.7 87.8 11.7 30.4 88.1
SSFT-ABI 87.2 86.9 87.0 11.8 30.3 85.3 89.1 85.2 87.1 12.6 27.0 86.8 88.2 87.9 88.0 12.0 30.7 91.5
QAG 86.5 86.0 86.2 10.4 29.1 83.4 87.2 85.8 86.5 11.0 27.8 80.6 87.8 87.2 87.5 11.3 30.1 79.4
KEFT 87.5 87.2 87.3 12.0 30.6 92.2 89.3 85.4 87.3 12.8 27.2 90.4 88.4 88.1 88.2 12.2 31.0 89.7

Table 3: Performance comparison across models and tasks on OALC dataset.

Property TruthfulQA OALC CA
Corpus size 1.7M words 0.4M words 0.3M chars
Test QA 817 2,124 600
Avg k. length 86 words 82 words 117 chars
Avg q. length 12 words 14 words 67 chars
Avg a. length 25 words 34 words 96 chars

Table 4: Data specifications.

(warm-up ratio = 0.1, cycles = 0.5). Unless oth-
erwise specified, the fine-tuning employs LoRA
with parameters α = 32 and r = 16.

4.6 Performance Comparison

We evaluate KEFT against baselines, fine-tuning
methods, and QAG on TruthfulQA, OALC, and
CA datasets, as shown in Tables 2, 3, and 5.

1) Performance on TruthfulQA: KEFT demon-
strates improvements across metrics for all
models. For example, KEFT with ChatGLM
achieves an F1 score of 88.7 and an AWR
of 88.7%, surpassing baseline and other meth-
ods. SSFT approaches also show notable gains,
suggesting the benefits of synthetic-QA data in
general QA tasks.

2) Performance on OALC: On the OALC
dataset, KEFT shows consistent improvements.
With Vicuna, KEFT achieves an F1 score of 87.3
and an AWR of 94.4%. While the scores in BLEU
and R-L over SSFT methods are modest, the in-
crease in AWR indicates that KEFT’s generated
answers are closer to the labels.

3) Performance on CA: For the CA dataset,
KEFT yields substantial improvements acrossall

models. With LLaMA and Vicuna, KEFT
shows significant improvements compared to the
baseline, likely due to these baselines’ lack of fine-
tuning alignment for Chinese. In contrast, Chat-
GLM, as a Chinese model, already has a strong
baseline, yet still shows notable gains after KEFT
fine-tuning. This indicates that KEFT enhances
language capability and answer accuracy.

KEFT outperforms other methods across all
datasets and baselines, demonstrating its strength
in domain-specific question answering.

4.7 Ablation Study

1) Impact of Knowledge-Enhanced Loss: We vary
the balancing parameter λ from 0.0 to 2.0 in
increments of 0.5. As shown in Figure 2 and
3, performance improves with increasing λ, but
declines whenλ exceeds 1.0, indicating an optimal
balance at λ = 1.0. At this value, the F1 score
reaches 88.5, BLEU is 15.4, and ROUGE-Lsum
is 32.5 on the TruthfulQA dataset, with similar
improvements observed across other datasets. This
value is used in all subsequent experiments.

2) Trainable Parameters and Synthetic Data
Amounts: We adjust the LoRA ranks to increase
the number of trainable parameters and study how
performance varies with the amount of synthetic
QA data, as shown in Figure 4. Training Chat-
GLM for the same number of epochs on the
CA dataset, we find that increasing the LoRA
rank with less synthetic QA data improves per-
formance. However, with higher ranks and more
synthetic data, performance decreases, suggesting
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CA LLaMA Vicuna ChatGLM

BERT (PR/RE/F1) BLEU R-L AWR BERT (PR/RE/F1) BLEU R-L AWR BERT (PR/RE/F1) BLEU R-L AWR
Baseline 46.9 43.4 45.1 0.0 4.0 50.0 48.4 44.4 46.3 0.5 1.5 50.0 69.4 71.5 70.4 18.7 14.8 50.0
DFT-LM 45.2 40.6 42.8 0.1 8.0 55.2 55.7 52.5 54.1 3.0 8.0 66.5 65.4 68.5 66.9 14.7 13.4 43.3
DFT-ABI 47.2 43.0 45.0 0.1 8.5 60.6 56.3 53.2 54.7 3.5 8.4 71.9 69.5 68.8 69.1 16.5 14.1 48.4
SSFT-LM 79.7 74.6 77.1 21.3 14.3 92.8 80.6 75.5 78.0 21.8 14.5 89.7 79.4 75.3 77.3 22.3 14.9 84.4
SSFT-ABI 80.3 74.2 77.1 22.4 14.4 90.4 80.8 75.7 78.2 22.9 14.9 90.9 79.9 75.8 77.8 23.6 15.3 85.9
QAG 74.3 69.8 72.0 18.5 12.5 86.7 76.0 71.2 73.5 19.8 13.2 83.4 77.5 72.1 74.7 24.7 14.3 81.6
KEFT 81.1 75.7 78.3 25.1 15.5 94.2 81.7 76.1 78.8 25.5 17.0 95.3 80.0 76.7 78.3 28.4 15.5 90.8

Table 5: Performance comparison across models and tasks on CA dataset.

Figure 2: Impact of knowledge-enhanced loss on BERTScore.

Figure 3: Impact of knowledge-enhanced loss on BLEU and ROUGE-Lsum scores.

Figure 4: Effect of LoRA rank and QA quantity.

overfitting. Generating too much synthetic data of-
fers limited benefits, as excessive data can reduce
quality, leading to repetitive or incorrect data.

3) Impact of LLM for QA Data Synthesis: We
use Qwen-2.5 (7B) (Team, 2024), a more stronger
model on the CA dataset for QA data synthesis.
KEFT fine-tunes ChatGLM using data generated
by Vicuna, ChatGLM, and Qwen-2.5. As shown
in Table 6, Vicuna fails to produce useful QA data
due to limited Chinese capability. ChatGLM gen-
erated data yields improvements. Qwen-2.5 shows
further improvement, but the gains are smaller
compared to the shift from Vicuna to ChatGLM.
This indicates that basic language capability is

Generator BERT-F1 BLEU R-L AWR
Baseline 70.4 18.7 14.8 50.0
Vicuna 65.5 13.8 12.6 35.1
ChatGLM 78.3 28.4 15.5 90.8
Qwen-2.5 79.7 29.1 17.2 92.1

Table 6: Impact of LLM for QA data synthesis.

key for KEFT, while advanced capabilities have
limited impact on QA data quality.

4.8 Case Studies
We present case studies on the TruthfulQA and
CA datasets (Figures 5 and 6) to directly observe
the effects of KEFT. These cases compare KEFT,
pre-trained models, and ground truth.

Figure 5 shows that KEFT fine-tuned Vicuna
correctly answers a question about monosodium
glutamate safety, while the pre-trained version
is inaccurate. Similarly, KEFT-tuned ChatGLM
correctly identifies California as the top U.S. peach
producer, whereas the pre-trained model does not.
Figure 6 highlights KEFT’s success with Chinese
data, where KEFT accurately extracts company
share ownership from a CA announcement, unlike
the pre-trained model.

1064



Figure 5: QA results on the TruthfulQA dataset.

Figure 6: QA results on the CA dataset (translated to English).

5 Conclusion

In this work, we propose Knowledge-Enhanced
Fine-Tuning (KEFT) to improve LLMs’ per-
formance in domain-specific QA tasks. By
leveraging unlabeled domain-specific corpus,
KEFT generates synthetic QA datasets and uses
a knowledge-enhanced loss function, enhancing
LLMs’ ability to understand and answer questions.
Our results show that KEFT outperforms existing
fine-tuning methods across various LLMs and
datasets in both English and Chinese. Future work
will explore fine-tuning on larger-scale LLMs and
more specialized domain question answering.
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