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Abstract

Large language models (LLMs) demonstrate
remarkable text comprehension and genera-
tion capabilities but often lack the ability to uti-
lize up-to-date or domain-specific knowledge
not included in their training data. To address
this gap, we introduce KEDiT, an efficient
method for fine-tuning LLMs for knowledge-
grounded dialogue generation. KEDiT oper-
ates in two main phases. First, it employs an
information bottleneck to compress retrieved
knowledge into learnable parameters, retaining
essential information while minimizing com-
putational overhead. Second, a lightweight
knowledge-aware adapter integrates these
compressed knowledge vectors into the LLM
during fine-tuning, updating less than 2% of
the model parameters. The experimental re-
sults on the Wizard of Wikipedia and a newly
constructed PubMed-Dialog dataset demon-
strate that KEDIT excels in generating con-
textually relevant and informative responses,
outperforming competitive baselines in auto-
matic, LLM-based, and human evaluations.
This approach effectively combines the
strengths of pretrained LLMs with the adapt-
ability needed for incorporating dynamic
knowledge, presenting a scalable solution for
fields such as medicine.!

1 Introduction

The field of natural language processing has un-
dergone a significant transformation recently with
the advent of large language models (LLMs)
(Brownetal., 2020; OpenAl, 2022, 2023; Touvron
et al., 2023; Chowdhery et al., 2023). These mod-
els, characterized by their vast number of param-
eters, have demonstrated remarkable abilities in
understanding and generating human-like text,
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powered by extensive pretraining on diverse
and extensive datasets. However, LLMs struggle
with tasks that require up-to-date knowledge or
domain-specific expertise that was not included in
their training datasets (Kandpal et al., 2023; Zhang
et al., 2023b). This limitation has led to the explo-
ration of methods to augment LL.Ms with external
knowledge, thereby improving their performance
in knowledge-intensive tasks.

One promising approach to address this chal-
lenge is retrieval-augmented generation (RAG),
a technique that integrates retrieval mechanisms
into the generative process of LLMs (Lewis et al.,
2020b; Guu et al., 2020; Borgeaud et al., 2022;
Siriwardhanaetal., 2023; Ram et al., 2023; Izacard
et al., 2023). This method allows LLMs to access
and utilize external, relevant information dynami-
cally, as they generate responses. Current methods
in the RAG system typically employ off-the-shelf
LLMs combined with general-purpose retrievers,
leveraging the inherent in-context learning capa-
bilities of these language models (Ram et al., 2023;
Yu et al., 2023; Sarthi et al., 2024). However, this
approach encounters limitations when the LLMs
are not specifically trained to incorporate retrieved
content, particularly in utilizing domain-specific
knowledge. These challenges are exacerbated in
fields where accurate, specialized information is
crucial. In contrast, other researchers have adopted
an end-to-end training approach, integrating both
LLMs and retrieval mechanisms (Lin et al., 2024;
Asai et al., 2024). This method undoubtedly im-
proves the overall performance of the system by
aligning the learning objectives of the model with
the retrieval tasks directly. Nonetheless, these ex-
tensive training processes are resource-intensive
and costly, posing significant challenges for de-
ploying these models in environments that demand
up-to-date knowledge integration. Given these
challenges, we shift our focus to the generative

1007

Transactions of the Association for Computational Linguistics, vol. 13, pp. 1007-1031, 2025. https://doi.org/10.1162/tacl.a.17
Action Editor: Xiaojun Wan. Submission batch: 12/2024; Revision batch: 3/2025; Published 8/2025.
(© 2025 Association for Computational Linguistics. Distributed under a CC-BY 4.0 license.


mailto:zhangbo1998@mail.dlut.edu.cn
mailto:ldlbest@mail.dlut.edu.cn
mailto:91mr_ding@mail.dlut.edu.cn
mailto:huima@hfut.edu.cn
mailto:wangjian@dlut.edu.cn
mailto:xubo@dlut.edu.cn
mailto:hflin@dlut.edu.cn
https://github.com/zhangbo-nlp/KEDiT
https://github.com/zhangbo-nlp/KEDiT
https://doi.org/10.1162/tacl.a.17

aspect to enhance knowledge-grounded dialogue
generation directly.

Unlike previous approaches to knowledge-
grounded dialogue generation (Meng et al., 2021;
Zhang et al., 2022; Xu et al., 2023), which often
involve a knowledge selection step, we do not
consider this step because of its computational
expense when it is applied to LLMs, such as
with LSR (Shi et al., 2024). Instead, we propose
an efficient method for fine-tuning LLMs for
knowledge-grounded dialogue generation, named
KEDIT. This method directly utilizes the retrieved
knowledge without the selection process and con-
sists of two main stages. First, we employ an
information bottleneck method (Li et al., 2023;
Zhang et al., 2025) to compress the retrieved
knowledge into a set of learnable vectors by max-
imizing the mutual information between the orig-
inal knowledge and these compressed vectors.
This approach ensures that essential information
is retained and reduces the computational com-
plexity of processing extensive knowledge inputs.
To further improve this representation, we intro-
duce an alignment loss, refining the compressed
vectors to align them with the internal represen-
tations of the LLM. Second, we integrate the
compressed knowledge representation into the di-
alogue generation process through a lightweight
knowledge-aware adapter (KA-Adapter), which
improves the model by inserting small, trainable
modules into its architecture. These modules, in-
tegrated into both the attention layer and feed-
forward layer, selectively fine-tune the model
while keeping the majority of its parameters fro-
zen. The adapter employs a gating mechanism as
a control channel, regulating how the compressed
vectors influence the internal states of the LLM.
This design ensures that external knowledge is
effectively incorporated without disrupting the
pretrained representations. Requiring fine-tuning
of less than 2% of the model parameters, the
KA-Adapter balances computational efficiency
and high performance in knowledge-grounded
dialogue tasks.

To validate the effectiveness of KEDiT, we
conduct comprehensive experiments in both open-
domain and specialized domain settings. For the
open-domain evaluation, we utilize the Wizard of
Wikipedia dataset (Dinan et al., 2019) to test the
ability of models to generate responses grounded
in a wide range of knowledge topics. Addition-
ally, to assess performance in specialized do-

mains and with up-to-date information, we create
a domain-specific dialogue dataset using GPT-4o,
based on the latest research from PubMed.? The
experimental results demonstrate that KEDiT
achieves substantial improvements over compet-
itive baselines in automatic, LLM-based, and
human evaluations. KEDiT shows superior per-
formance in generating contextually relevant and
informative responses and excels in handling
domain-specific knowledge. To further validate
the practicality of the proposed method, we eval-
uate KEDIT across various domains and tasks,
highlighting its adaptability and robustness in di-
Verse scenarios.

In summary, we present KEDiT, an efficient
method for improving knowledge-grounded dia-
logue generation in large language models. By in-
tegrating knowledge-aware components, KEDiT
offers a scalable solution to the challenge of incor-
porating extensive and evolving knowledge bases
into dialogue systems without extensive costs.
Furthermore, we introduce a new domain-specific
dialogue dataset, PubMed-Dialog, which provides
a benchmark for assessing the ability of the model
to address specialized, up-to-date biomedical
information in dialogue generation.

2 Related Work

2.1 Knowledge-Grounded Dialogue

Knowledge-grounded dialogue systems generate
responses that are both contextually appropriate
and enriched with relevant information drawn
from external knowledge sources. Traditional
methods involve pretrained language models such
as BART (Lewisetal.,2020a) and T5 (Raffel et al.,
2020), which are fine-tuned on dialogue datasets
with explicit knowledge selection and integration
(Dinan et al., 2019; Kim et al., 2020; Meng et al.,
2021; Shen et al., 2022). These methods typically
use a two-step process: selecting relevant knowl-
edge and generating responses on the basis of this
information. For example, certain models, such as
SPI (Xu et al., 2023), select the single most rele-
vant knowledge sentence for generation, whereas
other models, such as TransIKG (Zhang et al.,
2022), integrate multiple knowledge sentences
using mechanisms like attention. However, these
methods assume that the gold standard knowledge
is contained within the available knowledge base,

https://pubmed.ncbi.nlm.nih.gov/.
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which limits their generalizability. In contrast, Liu
et al. (2021) proposed a weakly supervised learn-
ing framework, and Bai et al. (2023) introduced
knowledgeable prefix tuning to inject all relevant
knowledge directly into the model, bypassing the
need for knowledge selection. However, these
innovative methods cannot be applied to LLMs
directly because of their specific architectures.

The advent of RAG introduced a new dimen-
sion to knowledge-grounded dialogue by combin-
ing retrieval mechanisms with LLMs, enabling
them to dynamically access external information
(Lewis et al., 2020b; Guu et al., 2020; Borgeaud
et al., 2022; Siriwardhana et al., 2023; Ram et al.,
2023; Izacard et al., 2023). For example, Ram et al.
(2023) show that retrieval-augmented language
modeling significantly improves performance by
conditioning on relevant documents without mod-
ifying the language model. These methods in-
crease the flexibility and applicability of LLMs
in knowledge-intensive tasks, but they still strug-
gle to utilize new knowledge in specialized do-
mains efficiently, because they are not specifically
trained to incorporate retrieved content. Recent ap-
proaches, such as Lin et al. (2024), have explored
end-to-end training of LLMs with integrated re-
trieval mechanisms to address these limitations.
However, these methods are resource-intensive
and challenging to deploy in environments re-
quiring frequent updates.

Our method, KEDiT, addresses these chal-
lenges by compressing retrieved knowledge into
learnable parameters and integrating them through
a lightweight adapter. This approach reduces
computational overhead and maintains high per-
formance and adaptability in both open-domain
and specialized domain settings.

2.2 Parameter-Efficient Fine-Tuning

Parameter-efficient fine-tuning techniques adapt
LLMs to new tasks with minimal parameter up-
dates, reducing computational costs. These meth-
ods can be broadly categorized into two types:
adapter-based and prompt-based methods.
Adapter-based methods, such as those intro-
duced by Houlsby et al. (2019) and extended by
others (Karimi Mahabadi et al., 2021; Hu et al.,
2022; Zhang et al., 2023a, 2024), insert additional
trainable parameters into the model architecture
while keeping most of the original model weights
frozen. Among these, low-rank adaptation (LoRA)

(Hu et al., 2022) has emerged as a prominent tech-
nique that employs a pair of smaller matrices to
update the model weights through low-rank de-
composition. Prompt-based methods offer another
approach to parameter-efficient fine-tuning. These
methods, including prompt tuning (Lester et al.,
2021), prefix tuning (Li and Liang, 2021), and
P-tuning (Liu et al., 2024, 2022), prime a frozen
pretrained model for a downstream task by includ-
ing a trainable collection of tokens either in the
input embeddings or at every intermediate layer of
the model. Additionally, He et al. (2022) combined
prefix tuning and LoRA to propose the MAM
Adapter, which further refines parameter-efficient
fine-tuning by applying modifications to specific
hidden states in the model. However, these meth-
ods face challenges in knowledge-intensive tasks
where specialized information is crucial, often
failing to fully capture and utilize the complexity
of this knowledge.

Recent parameter-efficient approaches for
knowledge-grounded tasks include KnowExpert
(Xu et al., 2022), which utilizes specialized adapt-
ers encoding fixed topic-specific information,
and KnowPrefix-Tuning (Bai et al., 2023), which
employs knowledge prefixes to prompt latent in-
formation. However, both methods are limited by
their reliance on knowledge encoded during pre-
training or fixed during training.

Our proposed KEDIiT is specifically designed
for knowledge-grounded tasks, focusing on re-
ducing computational overhead while effectively
leveraging external dynamic knowledge. Further-
more, we innovatively adapt the prompt-based
method into an adapter-based approach with a
gating mechanism, ensuring seamless integration
of compressed knowledge vectors into the LLM
for improved dialogue generation.

3 Method
3.1 Task Statement and Model Overview

Given a dialogue context C and a set of retrieved
knowledge pieces K = {ki, ko, ..., k,}, the task
is to generate a response R that is both contex-
tually appropriate and enriched with the provided
knowledge. Formally, we aim to maximize the
conditional probability p(R|C, K'). However, us-
ing K directly can be computationally expensive
for LLMs. To address this issue, we propose
KEDIT, as shown in Figure 1a, which comprises
two main components: a knowledge bottleneck
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Figure 1: (a) Overall architecture of KEDiT, showing the flow from the input knowledge and dialogue context
to the generated response. (b) Detailed structure of the knowledge bottleneck module, showing how BERT and
the Q-Former compress knowledge into a compact representation through multi-head attention and feed-forward
layers. (c) Integration of compressed knowledge into the large language model using KA-Adapter, detailing
KA-Attn and KA-FFN. For simplicity, we omit adding & norm layers to the diagrams. Yellow indicates tuning in
the knowledge compression step, pink indicates tuning in the dialogue generation step, and gray represents frozen

modules.

module and a frozen LLM enhanced with KA-
Adapter. The knowledge bottleneck module dis-
tills essential information from K into a compact
representation Z, formalized by p,(Z|K), where
Z is a set of learnable vectors. The LLM then in-
corporates Z into the dialogue generation process
via the KA-Adapter, represented by pg(R|C, Z).
Thus, our revised objective becomes:

P(R|C, K) = py(R|C, Z)ps(Z|K). (1)

In summary, our approach follows a two-step
strategy: knowledge compression to distill K into
Z and knowledge integration to efficiently utilize
7 within the dialogue generation process. The
training and inference procedures are described in
the following sections, with an overview provided
in Appendix A.

3.2 Knowledge Compression via an
Information Bottleneck

Integrating external knowledge into LLMs pres-
ents significant challenges due to the vast length
of retrieved information, which often contains ir-
relevant details and increases computational costs.
To address this issue, we propose a knowledge
compression mechanism based on the informa-
tion bottleneck principle. This method distills
essential information into a fixed-size, learnable

representation, balancing relevance and efficiency
for seamless integration with LLMs. Our approach
trains a knowledge bottleneck module, combining
BERT (Devlin et al., 2019) and the Q-Former (Li
etal.,2023), that is optimized using an information
bottleneck objective on a large-scale knowledge
dataset Dy,.

Knowledge Encoding We utilize a pretrained
BERT to encode the knowledge K into feature
representations f!(K), specifically using the last
hidden states. These features are then processed
by the Q-Former, which compresses them into a
compact representation Z. As shown in Figure 1b,
the Q-Former consists of L blocks, each includ-
ing a self-attention layer, followed by a cross-
attention layer that incorporates f'(K), and a
feed-forward network. Each block is formally
defined as:

Zo = f{(Zo_y, fHK)) e R™ D (2)

for ¢ = 1,..., L, with the initial input Z, = P¥,
where P* € R™*% represents m learnable vectors
referred to as knowledge queries. These vectors
are randomly initialized and interact with f*(K),
which enables them to absorb the semantic and
contextual information from K. The concept of
knowledge queries is inspired by prompt tuning
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(Lester et al., 2021). They serve as trainable vec-
tors designed to capture essential information from
K and integrate it efficiently into the LLM.

After processing through all L blocks, we
obtain the final representation 7 = W_,Z €
R™*% where W, is a learnable projection ma-
trix that maps the representation to the dimension
required by the LLM.

Mutual Information Optimization To ensure
that the compressed Z retains the most essential
information from K and can be fully utilized by
the LLM, we maximize their mutual information
I(K; Z) via the LLM. A common approach for
achieving this is to maximize a variational lower
bound (Barber and Agakov, 2003) on the mutual
information, which is expressed as:

I(K;Z) 2 By z)log q(K|Z) + H(K). (3)

However, in our setup, Z is a set of learn-
able vectors rather than latent variables sampled
from a specific distribution. Therefore, we adapt
this approach by introducing an auxiliary model
qy(K|Z) to reconstruct K from Z. This model is
parameterized by the LLM, thereby ensuring that
Z can be effectively utilized by the LLM in the
dialogue generation process. Consequently, our
optimization objective simplifies to:

Lyecon = _Ep(K)p¢(Z\K) IOg aQy (K’Z); “4)
where py(Z|K) is modeled by the knowledge
bottleneck. This formulation is similar to the vari-
ational lower bound approach, where p(K, Z) is
factorized as p(K) X py(Z|K) and the entropy
term H (K'), which is constant with respect to the
model parameters, can be omitted during opti-
mization. Although this adaptation diverges from
traditional variational approaches, we find that it
works well in practice.

Alignment Loss While mutual information
optimization ensures that Z retains essential in-
formation from K, it does not guarantee that Z
is readily interpretable by the LLM. To further
refine the compressed knowledge vectors Z and
align them closely with the LLM’s internal repre-
sentations, we introduce an alignment loss. This
loss is designed to ensure that the compressed
knowledge vectors are easily interpretable and
utilizable by the LLM. Specifically, alignment

loss ensures that the structure of the compressed
vectors Z produced by the knowledge bottleneck
is compatible with the vectors Z reconstructed by
the LLM from the original knowledge, where Z
corresponds to the final hidden states of the LLM.
We define this loss as the mean squared error be-
tween the vectors Z ~ pg(Z|K) and the vectors
7 ~ q(Z|K):

m

1 A
Latign = — > (Zi = Z;)*. (5)

i=1

Training Objective The overall objective for
knowledge compression combines mutual infor-
mation optimization and alignment loss:

Lk‘c = Erecon + B : Ealigna (6)

where [ is a hyperparameter that balances the
contribution of the alignment loss. During this
training phase, the parameters of the LLM and
BERT are kept frozen, whereas only the param-
eters of the Q-Former are trained.

By minimizing this objective, we ensure that
the compressed knowledge vectors Z capture
essential information from K effectively while
being well-aligned with the internal representa-
tions of the LLM. This compressed representation
is then used in the dialogue generation process, as
described in the subsequent sections.

3.3 Knowledge Integration into
Dialogue Generation

After the compressed knowledge representation 2
is obtained, the next step is to integrate this knowl-
edge into the LLM to improve dialogue generation
while maintaining computational efficiency. Di-
rectly fine-tuning the LLM to incorporate external
knowledge is both resource-intensive and risks
disrupting the pretrained representations of the
model. To address this issue, we design the
KA-Adapter, a lightweight module that integrates
external knowledge by inserting small, trainable
components into the LLM layers. This approach
preserves the pretrained capabilities of the model
and enables efficient fine-tuning on a knowledge-
grounded dialogue dataset D;. As depicted in
Figure 1c, this adapter consists of two main com-
ponents: the knowledge-aware attention mech-
anism (KA-Attn) and the knowledge-aware
feed-forward network (KA-FFN).
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Knowledge-Aware Attention Mechanism KA-
Attn improves the standard self-attention mech-
anism of LLMs by incorporating Z. Inspired by
an alternative view of prefix tuning (He et al.,
2022), we transform prompt-based prefix tun-
ing into an adapter-based method, adapting the
attention mechanism as follows:

h; + h; +a; - U(le) - Ahy,
Ah; = Softmax(W,x(W;P*)TYW,P?  (7)

where P? = PP 4 Z, PP ¢ Rm* represents m
learnable prefix vectors, x is the input feature,
and o denotes the sigmoid activation. W4, Wy,
and W, are the query, key, and value matrices,
respectively, of the original attention mechanism.
The function a; - 0(W1Z) acts as a gating mech-
anism, allowing the model to dynamically adjust
its focus on the adaptive change on the basis of
the mean value of the compressed vectors Z.

Knowledge-Aware Feed-Forward Network
Similarly, the KA-FFN is designed to integrate
the compressed knowledge vectors into the
standard FFN layer of LLMs. This mechanism
draws inspiration from LoRA and a scaled parallel
adapter (He et al., 2022) and is adapted to better
integrate external knowledge as follows:

hy < hy +az - 0(W2Z) - Ahy,
Ahy = W, - SILU(W gounhy),  (8)

where W 5, and W, are matrices that trans-
form h; into a lower and then back to a higher
dimension, effectively performing a bottleneck
operation. The term s - 0(W2Z) functions sim-
ilarly to the gating mechanism in KA-Attn, mod-
ulating the impact of Ahy on the FFN’s output.

Generating Response To generate the response
R, the LLM predicts each token R; sequen-
tially, conditioned on the dialogue context C,
the compressed representation Z, and the previ-
ously generated tokens R.;. At each step, the
input embeddings of C' and R are concatenated
with Z and then passed into the LLM’s stacked
N layers with the KA-Adapter. The final hidden
state h g, of the current token is then projected into
the vocabulary space to compute the next-token
probabilities:

po(Ri|R<t, C, Z) = Softmax(W,hpg,), (9)

where W, is the output projection matrix.

Training Objective The training objective
for this stage focuses on ensuring that the
LLM generates contextually appropriate and
knowledge-enriched responses. We achieve this
by minimizing the negative log-likelihood of the
target response tokens:

Loen =—» logpg(Ri|R<t,C, Z),  (10)
t

where (C, K, R) € Dgand Z ~ py(Z|K). In this
step, only the parameters of the KA-Adapter and
the projection matrix W, are tuned, whereas the
parameters of the LLM and the remainder of the
knowledge bottleneck remain frozen.

4 Experiments

4.1 Datasets

To evaluate the effectiveness of KEDiT, we em-
ploy three datasets. The Wikipedia dataset serves
as the knowledge corpus (Dy) for knowledge
compression training. The Wizard of Wikipedia
and PubMed-Dialog datasets are used for training
and evaluating dialogue generation (Dy).

Wikipedia For the knowledge compression
phase, we use the English version of the Wikipedia
dataset.> This dataset is built from Wikipedia
dumps and includes cleaned articles. We further
process this dataset by splitting articles into para-
graphs, selecting up to 500 words of content per
article, and discarding articles with fewer than
50 words. This process results in a high-quality
dataset of 6 million text chunks, which is suitable
for training our knowledge bottleneck model.

Wizard of Wikipedia This dataset (Dinanetal.,
2019) is used to evaluate the model perfor-
mance in open-domain dialogue generation. The
dataset contains 22.3k dialogues with 100.8k
turns, where the agent provides informative re-
sponses grounded in Wikipedia knowledge. The
dataset is divided into training, validation, and test
sets, with the validation and test sets further split
into seen and unseen categories. The seen cate-
gory includes topics present in the training set,
whereas the unseen category consists of dialogues
with topics not encountered during training. In
our experiments, instead of using the predefined
knowledge sentences provided in the dataset, we

3https://huggingface.co/datasets/wikimedia
/wikipedia.
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retrieve three relevant knowledge pieces from the
provided knowledge topic articles on the basis of
the dialogue context using TF-IDF, as described
in Dinan et al. (2019). Notably, only 80% of
the dialogue turns contain the predefined gold
knowledge sentence among the retrieved topics.
Although this may slightly impact performance, it
better simulates real-world scenarios.

PubMed-Dialog To evaluate the model perfor-
mance in specialized domains, we construct the
PubMed-Dialog dataset using GPT-40. Specifi-
cally, we use a data filtering methodology simi-
lar to that used in PubMedQA (Jin et al., 2019)
to select relevant latest research articles from the
PubMed database. Next, we design a prompt to in-
struct GPT-4o to generate multi-turn dialogues on
the basis of the knowledge from the corresponding
abstracts of these articles. This prompt is crafted
to simulate natural conversations about biomed-
ical topics, ensuring that the dialogues cover a
range of aspects related to the topics discussed
in the abstract. This provides a comprehensive
benchmark for assessing the ability of the model
to address specialized, up-to-date knowledge in
dialogue generation. Notably, we directly use
the abstract as knowledge of the corresponding
dialogue context. To ensure the quality and faith-
fulness of the generated dialogues and minimize
hallucinations, where content may deviate from
the source information or contain inaccuracies,
we implement a multi-iterative validation process.
This process involves three rounds of evaluation
and regeneration, iteratively refining the dialogues
until they meet the required standards of con-
sistency and factual correctness. Following this
process, we obtain a dataset of 10.9k dialogues,
with each dialogue containing an average of 4.36
turns. The dataset is divided into training, vali-
dation, and test sets, with 80% for training, 10%
for validation, and 10% for testing. Details on the
prompt design and the multi-iterative validation
process are provided in Appendix B.

4.2 Experimental Setup

Baseline Models To evaluate the performance
of KEDIT, we compare it against several baseline
models grouped into three categories. First, the
standard language models, including BART-Large
(Lewis et al., 2020a) and Llama-3-8B (Touvron
et al., 2023) using LoRA (LLama,,,), generate
dialogue responses without external knowledge,

which serve as basic benchmarks. Second, tra-
ditional knowledge-grounded models, such as
TransIKG (Zhang et al., 2022) and SPI (Xu et al.,
2023), improve dialogue generation by selecting
and incorporating predefined knowledge sen-
tences from fixed sources in the original dataset.
Third, the retrieved knowledge-augmented mod-
els, such as KAT-TSLF (Liu et al., 2021),
Llama-3-8B using KnowPrefix-Tuning (Bai et al.,
2023) (LLAMAgy:), and Llama-3-8B using re-
trieved knowledge for zero-shot generation
(LLAMA.q4), utilize knowledge pieces retrieved
on the basis of the dialogue history using the same
TF-IDF method as in our experiments. We apply
the same data processing methods within each cat-
egory. All baselines are fine-tuned on the target
dialogue dataset for fair comparison.

Implementation Details In our implementation
of KEDIT, we utilize Llama-3-8B as the frozen
LLM. Both the BERT encoder and the Q-Former
are initialized with weights from BERT,,
(Devlin et al., 2019). During the knowledge
compression phase, the knowledge bottleneck is
trained on Dy, using the AdamW optimizer with a
batch size of 64 over 1 epoch. The training con-
figuration includes a learning rate of 2e-4, 10,000
warmup steps, a weight decay of 0.05, and 5 is 0.5.
The parameter m is 16 to balance the trade-off
between the expressiveness of the compressed
knowledge representation and computational ef-
ficiency. The impact of different values of m is
discussed in Section 4.5.4. The models ¢, (Z|K)
and gy (K |Z) are generated using instructions de-
tailed in Appendix D. In the dialogue generation
phase, the KA-Adapter is fine-tuned on D, using
the AdamW optimizer with a learning rate of 1e-4
and cosine decay. Training is conducted over 3
epochs with a batch size of 32, and «; and
are 2 and 4, respectively. The generation model
po(R|C, Z) uses instruction templates specified in
Appendix D to concatenate C and Z. We concate-
nate all knowledge snippets collectively and input
them into BERT for encoding.

4.3 Evaluation Methods

Automatic Evaluation To quantify the per-
formance of KEDiT, we utilize the following
metrics: (1) BLEU, which measures the pre-
cision of n-grams in the generated responses
compared with reference responses, with the fi-
nal score being the average of BLEU-1, BLEU-2,
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BLEU-3, and BLEU-4; (2) ROUGE, which evalu-
ates the recall of n-grams, focusing on ROUGE-1,
ROUGE-2, and ROUGE-L, with the final score
being the average of these three metrics; and (3)
F1 score, specifically the unigram F1 score, which
is the harmonic mean of precision and recall for
unigrams.

LLM-Based Evaluation Inspired by the evalu-
ation framework in Zheng et al. (2023), we use
GPT-40 as an advanced judge to assess the quality
of the responses of our model. We employ two key
methods: pairwise comparison, where GPT-40 is
presented with a user query and two responses
(one response from a baseline and one response
from KEDiT) and selects the better response on
the basis of relevance, informativeness, accuracy,
and coherence; and multi-response grading, where
GPT-40 is presented with responses from sev-
eral baselines and KEDiT simultaneously and
assigns scores from 1 to 5 for relevance, infor-
mativeness, and fluency for each response. This
method has demonstrated high agreement with
human evaluations, exceeding 80% alignment,
comparable to human-human agreement levels
(Zheng et al., 2023). For a detailed evaluation,
we randomly sample 500 examples each from
the test seen and test unseen sets of the Wizard
of Wikipedia dataset, and 1000 examples from
the PubMed-Dialog test set. Specific prompts for
these evaluations are provided in Appendix C.

Human Evaluation To complement the LLM-
based evaluation and validate its reliability, we
conduct a human evaluation as an additional as-
sessment of the model performance. Specifically,
we randomly sample 20% of the data from the
LLM-based evaluation sets: 100 examples each
from the test seen and test unseen sets of the
Wizard of Wikipedia dataset, and 200 exam-
ples from the PubMed-Dialog test set, totaling
400 samples. We recruited 12 graduate students
with expertise in natural language processing and
bioinformatics to serve as evaluators. These eval-
uators are divided into four groups of three, with
each group independently evaluating 100 sam-
ples. Evaluators assess responses on the basis of
relevance, informativeness, and fluency using a
1-to-5 Likert scale, following the same criteria
as the LLM-based evaluation. To ensure consis-
tency and reduce subjective variance, evaluators
receive detailed guidelines and participate in a

calibration session before scoring. The evaluation
is conducted under a double-blind setup to elim-
inate bias. Additionally, we compute interrater
agreement using Cohen’s Kappa (Cohen, 1960) to
analyze the consistency between evaluators and
their alignment with the LLM-based judge.

4.4 Main Results

4.4.1 Automatic Evaluation Results

The automatic evaluation results of KEDiT, com-
pared with those of various baseline models on
the Wizard of Wikipedia and PubMed-Dialog
datasets, are summarized in Table 1. KEDiT con-
sistently outperforms all baseline models across
most evaluation metrics in both datasets. In
the test seen set, KEDIiT achieves the high-
est scores, indicating superior performance in
generating contextually relevant and informative
responses. For the test unseen set, KEDiT demon-
strates robust generalization capabilities, although
it slightly lags behind SPI in F1 and BLEU. This
is primarily because SPI uses predefined gold
knowledge and a training method similar to LSR,
which is effective but computationally expensive.
However, KEDIT is designed to be applicable to
a broader range of scenarios and does not rely
on predefined gold knowledge. This flexibility al-
lows KEDiT to perform well even in environments
where predefined knowledge is not available.

In the PubMed-Dialog dataset, KEDiT signifi-
cantly outperforms all the baselines, highlighting
its exceptional ability to generate accurate and
informative responses in specialized domains.
Traditional knowledge-grounded models are not
suitable for these scenarios because they depend
on predefined knowledge, which is not available in
the PubMed-Dialog dataset. The existing retrieved
knowledge-augmented methods do not perform
well on this dataset, likely because they are not
optimized to effectively utilize the retrieved spe-
cialized knowledge. The knowledge bottleneck
mechanism compresses and integrates knowledge
more effectively, ensuring that KEDiT can utilize
the knowledge during dialogue generation.

KEDIT also demonstrates efficiency, requiring
fine-tuning of only 140M parameters, less than 2%
of the LLM’s 8B parameters. These results under-
score the effectiveness of KEDiT in compressing
and integrating knowledge, leading to substantial
improvements while maintaining efficiency.
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MODEL WoW SEeeN WoW UNSEEN PuBMED-DIALOG TuNED

F1 BLEU ROUGE F1 BLEU ROUGE F1 BLEU ROUGE Params
BART 4rge 20.54 12.10 14.73 18.38 10.53 12.78 32.30 21.17 23.53 406M
LLAMA (g 20.45 12.37 14.95 20.26 12.14 14.71 35.77 23.87 26.38 168M
TraNSIKG 21.31 12.77 16.61 19.40 11.71 15.08 - - - 194M
SPI-UNIFORM 21.82 13.05 16.43 21.14 12.80 15.89 - - - 141M
KAT-TSLF 20.50 12.45 15.13 19.60 11.97 14.30 36.16 23.52 27.05 198M
LLAMA, o4 17.07 8.69 11.61 17.41 8.84 11.94 34.40 20.80 26.05 oM
LLAMAp¢ 19.28 10.80 13.99 18.28 9.93 13.07 29.43 18.66 23.98 214M
KEDIT 22.45* 13.87F 17.24* 21.05 12.63 15.94 38.63* 25.84* 28.91* 140M
—KC 21.05 12.60 15.81 20.08 11.76 15.00 37.04 24.01 27.43 140M
— Latign inkc 2201 13.16 16.92 20.64 12.03 15.81 37.93 25.28 28.40 140M
— KA-ADAPTER 18.41 9.71 12.35 17.72 9.57 12.17 3342 20.86 25.12 3M
— KA-ATTN 22.06 13.38 16.86 20.79 12.16 15.52 38.10 25.65 28.46 138M
— KA-FFN 20.37 11.77 14.47 19.13 10.77 13.97 35.52 22.93 26.20 SM

Table 1: Automatic evaluation results on Wizard of Wikipedia (WoW) and PubMed-Dialog test
sets. The best results are shown in bold, and the second-best results are underlined. The table also
includes ablation experiments showing the performance effect of removing key components of KEDiT.
Significant improvements over the best baseline are marked by * (one-sample t-test, p < 0.05).

Loss

29 Loss
— 36.7%
ins | 54.2%
. 62.6% 6.2% Win's °
Win+ Tie 9.1%
Tie
(a) Wizard of Wikipedia (b) PubMed-Dialog

Figure 2: Pairwise comparison results of KEDiT
against baseline models, showing win, tie, and loss
rates. The comparisons are against SPI on the Wizard
of Wikipedia test sets and Llama;,,., on the PubMed-
Dialog test set. Significant improvements are marked
with * (binomial test, p < 0.01).

4.4.2 LLM-Based Evaluation Results

In the pairwise comparisons, we evaluate KEDiT
against the best-performing baseline models in
automatic evaluation metrics, namely, SPI for the
Wizard of Wikipedia dataset and Llama,,., for
the PubMed-Dialog dataset. As shown in Figure 2,
KEDiT significantly outperforms SPI on the Wiz-
ard of Wikipedia dataset, achieving a higher win
rate and demonstrating a superior ability to gener-
ate relevant and informative responses. Similarly,
on the PubMed-Dialog dataset, KEDiT achieves
a notable win rate over Llamay,,,, underscoring
its effectiveness in incorporating domain-specific
knowledge into the dialogue generation process.
In the multi-response grading evaluation, we
compare KEDIiT with the best-performing mod-
els from three baseline categories on the basis

of automatic evaluation. As detailed in the upper
part of Table 2, compared with these baselines,
KEDIiT consistently achieves higher scores for
relevance, informativeness, and fluency. Interest-
ingly, although SPI scores highly on automatic
metrics, it performs worse than does Llamay,,.,
in LLM-based evaluations. This discrepancy is
likely due to Llama’s robust language generation
capabilities, which produce more coherent and
contextually appropriate responses. SPI’s reliance
on predefined knowledge may limit its adaptabil-
ity, resulting in less natural dialogue flow. KEDiT,
based on the Llama model, combines the strengths
of both informativeness and fluency, achieving su-
perior results in both automatic and LLM-based
evaluations.

4.4.3 Human Evaluation Results

The human evaluation results are summarized in
the lower part of Table 2. Consistent with the
LLM-based evaluation, KEDiT consistently out-
performs the baseline models across all the metrics
in both datasets. Notably, the improvements in
relevance and informativeness scores are statis-
tically significant in both datasets, highlighting
KEDiT’s superior ability to generate responses
that are not only contextually appropriate but also
rich in information. The lack of significant im-
provement in fluency is because both the strong
baseline and KEDIiT already perform exception-
ally well. Additionally, we observe that compared
with the LLM-based evaluation, human scores
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WizARD OF WIKIPEDIA

PuBMED-DiALOG

METHOD MobEL
RELEVANCE INFORMATIVENESS FLUENCY RELEVANCE INFORMATIVENESS FLUENCY
LLAMAorq 3.87 2.61 4.46 4.46 3.42 4.86
LLM-BAaSED  SPI-UNIFORM 3.29 2.49 4.25 - - —
Evarvation KAT-TSLF 3.16 2.31 4.18 3.88 3.34 4.45
KEDIT 3.92 2.72* 4.59* 4.85* 3.82* 4.89
LLAMAorq 391 3.11 4.52 4.50 3.83 4.80
Human SPI-UNIFORM 3.76 3.04 4.28 - - -
Evarvation KAT-TSLF 3.50 3.00 4.21 4.02 3.58 4.57
KEDIT 4.09* 3.36* 4.60 4.72* 4.03* 4.82

Table 2: Multi-response grading evaluation results on Wizard of Wikipedia and PubMed-Dialog test
sets. Significant improvements over the best baseline are marked by * (independent t-test, p < 0.05).
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Figure 3: Heatmaps of Cohen’s Kappa coefficient matrix showing the agreement between evaluators (abbreviated
as Eval-1, Eval-2, and Eval-3) and GPT-40. Higher coefficients indicate greater agreement.

tend to be slightly more tempered, with less pro-
nounced score differences between models for the
same sample.

To quantify the agreement between human eval-
vators and the LLM-based judge, we compute
Cohen’s Kappa coefficients, which are visualized
in Figure 3. The interrater agreement between hu-
man evaluators, with Kappa coefficients between

human evaluators generally above 0.5 in most
cases, indicates moderate to substantial agree-
ment. Similarly, the agreement between human
evaluators and GPT-40 also spans from fair to
moderate, with Kappa coefficients generally above
0.24 and reaching 0.55 in some cases. However,
lower Kappa scores are observed primarily in the
Wizard of Wikipedia dataset, likely due to the
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[Knowledge]

[Diaolog Context]

are needed to confirm these findings.

BACKGROUND Immunotherapy combined with molecular targeted therapy is increasingly popular in patients
with advanced hepatocellular carcinoma (HCC)...

CONCLUSIONS AA could reduce liver injury by preventing hepatocyte SLC7A11/GPX4 ferroptosis and
improve the immunotherapy effect of anti-PD1 by boosting CD11b+CD44+PD-L1+cell population in HCC.

User: How does immunotherapy work for treating hepatocellular carcinoma (HCC)?

Assistant: Immunotherapy helps activate the body's immune system to target and attack cancer cells in HCC.
Commonly used are immune checkpoint inhibitors that target PD-1/PD-L1 proteins to enhance immune response.

User: What are the common side effects of immunotherapy in HCC patients?

Assistant: Immunotherapy can cause immune-related adverse events (irAEs) such as liver toxicity, fatigue, skin
reactions, and gastrointestinal issues. Managing these side effects remains a crucial aspect of treatment.

User: Can anything be done to minimize the liver injury caused by immunotherapy?

Assistant: Research suggests that adding ascorbic acid (vitamin C) to the treatment regimen may reduce liver
injury by preventing certain cellular processes that lead to hepatocyte damage.

User: Is this approach effective in improving the overall outcomes of immunotherapy for HCC?

Preliminary findings suggest that ascorbic acid not only reduces liver injury but also may enhance the overall
efficacy of immunotherapy by boosting certain immune cell populations. Further clinical evaluation is needed.

Yes, it has shown promising results by enhancing the therapeutic effectiveness of immunotherapy, which can

The combination of immunotherapy and ascorbic acid has shown promising results in preclinical studies,
indicating potential benefits in improving treatment outcomes for HCC patients. However, further clinical trials

KATTSLE - Gith HCC.
Llamay,,q :
lead to better patient outcomes.
KEDIiT

~N

Figure 4: Case study from the PubMed-Dialog test set comparing KEDiT with several baselines. The dialogue
shows user questions and assistant responses on immunotherapy for hepatocellular carcinoma (HCC).

shorter responses in this dataset, because GPT-40
tends to assign lower informativeness scores to
brief responses. This level of agreement indicates
that GPT-40’s evaluations are reasonably consis-
tent with human judgments, which supports the
reliability of GPT-40 as a judge.

4.5 Analysis
4.5.1 Ablation Study

To assess the impact of each component in KEDiT,
we perform an ablation study by removing indi-
vidual modules and assessing performance on
the Wizard of Wikipedia and PubMed-Dialog
datasets. The lower part of Table 1 shows that
removing any module results in decreased per-
formance across automatic evaluation metrics,
highlighting the importance of each component.
Specifically, removing the knowledge-aware
adapter results in the most significant decrease.
This is likely because, without it, the knowledge
queries alone cannot effectively integrate com-

pressed knowledge into dialogue generation. The
KA-Adapter provides specialized mechanisms to
incorporate this knowledge, ensuring its effective
utilization. Removing KA-Attn or KA-FFN also
results in decreased performance, which further
confirms the critical role of these submodules
in facilitating knowledge integration. Removing
the knowledge compression module (kc) also
causes a substantial decrease, which highlights
its importance in efficiently distilling essential in-
formation from retrieved knowledge. Excluding
alignment loss (Lgign,) results in a smaller but
noticeable degradation, which indicates the ne-
cessity of aligning compressed knowledge with
the internal representations of the LLM.

4.5.2 Case Study

Figure 4 shows a dialogue from the PubMed-
Dialog test set where the user queries about
immunotherapy for hepatocellular carcinoma
(HCC). When the user asks about the effec-
tiveness of combining ascorbic acid (AA) with
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MobEL WoW Seen  WoW Unseen PMD m  WoW SEEN  WoW UNSeEeN PuBMED-DiaLoG
LLAMA; g 20.45 20.26 35.77 2 21.32 20.58 37.06
MISTRAL} g 20.09 19.73 35.52 4 21.85 20.48 37.64
QWEN;orq 20.51 20.11 35.92 8 22.01 20.97 38.37
LLAMAL ogit 2245 21.05 38.63 ;g g;‘g ;i‘l)g ;g'gg
MISTRAL 0t 21.94 20.76 37.69 . . .
QWENgedit 22.15 20.94 38.31

Table 3: F1 scores comparing LoRA-based fine-
tuning and KEDiT-enhanced models across dif-
ferent LLMs.

immunotherapy for improving overall outcomes,
KEDiT responds that this combination has shown
promising results in preclinical studies, indicating
potential benefits but emphasizing the need for
further clinical trials. This response balances op-
timism with caution, providing a comprehensive
and realistic assessment. In contrast, KAT-TSLF
states that ascorbic acid significantly reduces liver
injury and improves overall survival, which lacks a
nuanced perspective on the need for further valida-
tion. Llamay,,., mentions the approach’s promise
in enhancing therapeutic effectiveness but does not
address the necessity for additional clinical trials,
making its response less thorough. Compared with
the response generated by GPT-40, which high-
lights the potential benefits and calls for further
evaluation, KEDiT similarly emphasizes the need
for additional clinical trials, offering a balanced
and detailed response.

4.5.3 Cross-Model Generalization Analysis

To evaluate the generalizability and robustness of
KEDIT across different large language models,
we integrate our framework with two additional
state-of-the-art open-source LLMs: Qwen2.5
(Yang et al., 2025) and Mistral-v0.3 (Jiang et al.,
2023), each with 7B parameters. To ensure a fair
and consistent evaluation, we conduct experiments
using the same training and inference pipelines
as those used for Llama-3-8B. Additionally, we
fine-tune each LLM using LoRA to establish base-
line performances. As shown in Table 3, KEDiT
consistently outperforms LoRA-based fine-tuning
across Llama-3, Qwen2.5, and Mistral-v0.3 on
both the Wizard of Wikipedia and PubMed-Dialog
test sets. It is worth noting that the results for
Qwenyg,q;: and Mistraly4;; are slightly lower com-
pared to Llamag.q4;;, primarily because Llamag,q;¢
was specifically fine-tuned with hyperparameter
optimization, while the same parameters were

Table 4: F1 scores for different numbers of knowl-
edge queries on the Wizard of Wikipedia and
PubMed-Dialog test sets.

directly applied to Qwengeq;; and Mistralgeg;s.
Nevertheless, the advantage of KEDiT over LORA
remains significant. Compared to LoRA, KEDiT’s
knowledge compression and adapter-based inte-
gration enable more efficient and targeted uti-
lization of external knowledge, leading to higher
F1 scores in both open-domain and specialized-
domain tasks. These results highlight the scalabil-
ity and adaptability of KEDIiT, showing that its
lightweight yet powerful mechanism for knowl-
edge integration can generalize well across dif-
ferent LLM families.

4.5.4 Impact of Knowledge Queries

We conduct experiments to assess the effect of
varying the number of knowledge queries (m)
on KEDiT’s performance, with values of m set
at 2, 4, 8, 16, and 32. Our results, summarized
in Table 4, reveal a positive correlation between
increasing m and model performance. However,
while higher m values generally improve per-
formance, the gains beyond setting m to 16 are
minimal. This diminishing return may be due to
the model reaching a saturation point where ad-
ditional queries contribute little new information.
Moreover, setting m to 16 allows the model to
be efficiently trained on a consumer-grade GPU
with 24 GB of memory, whereas setting m to 32
exceeds this capacity, making training impractical
on such hardware.

4.5.5 Impact of Retrieval Performance

To evaluate the impact of retrieval performance
on KEDiT, we conduct experiments by varying
the percentage of dialogue turns containing the
predefined gold knowledge sentence in the Wiz-
ard of Wikipedia dataset. Since KEDiT itself does
not include a retrieval component, this indirect ap-
proach helps assess how the accuracy of retrieved
knowledge affects dialogue generation. We con-
duct tests with percentages of 60%, 70%, 80%,
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Figure 5: Performance of KEDIT with different percentages of gold knowledge retrieval.

Fact CHeck.  EnTITY LINKING  SLOT FILLING OpreN DomaiNn QA
MoDEL FEVER AY2 zsRE NQ HorporQA TriviAQA ELIS
Accuracy Exact MATCH ROUGE-L
BART 79.80 82.66 5.29 13.18 14.46 18.40 20.04
LLAMAjorq 87.22 90.16 28.11 40.36 27.69 43.65 20.63
LLAMAq g 90.53 57.29 66.00 54.53 43.60 86.97 18.17
KEDIT 88.83 91.70 32.85 44.50 28.38 62.11 22.19

Table 5: Performance on knowledge intensive tasks (dev sets).

90%, and 100% and evaluate the performance
of KEDiT under these conditions. As shown in
Figure 5, the performance of KEDiT generally
improves as the percentage of turns with gold
knowledge increases. However, the overall differ-
ences are not very large, indicating that KEDiT
maintains a robust level of performance even
with less-than-perfect knowledge retrieval. No-
tably, the performance gains are more pronounced
in the seen set than in the unseen set. This find-
ing clearly suggests that the model benefits more
from accurate knowledge retrieval when dealing
with familiar topics. In contrast, the unseen set
involves new topics, which limits the degree of
improvement even with high retrieval accuracy.
While the performance of KEDiT in unfamiliar
domains is somewhat constrained, its lightweight
nature allows for quick adaptation to new domains
with minimal retraining.

4.5.6 Evaluation on the KILT Benchmark

To assess the adaptability and robustness of
KEDIiT across diverse domains and tasks, we
conduct additional experiments using the KILT
benchmark (Petroni et al., 2021). This benchmark

is a widely recognized framework for evaluat-
ing models on a variety of knowledge-intensive
language tasks, encompassing tasks such as
fact-checking, entity linking, and open-domain
question answering. We evaluate KEDiT on
the following tasks included in KILT: FEVER
(Thorne et al., 2018), AIDA CoNLL-YAGO
(AY2; Hoffart et al., 2011), Zero Shot RE (Levy
etal.,2017), Natural Questions (NQ; Kwiatkowski
et al.,, 2019), HotpotQA (Yang et al., 2018),
TriviaQA (Joshi et al.,, 2017), and ELI5 (Fan
et al., 2019). Metrics include Accuracy, Exact
Match (EM), and ROUGE-L, following KILT’s
standard evaluation procedures. We leverage the
off-the-shelf Contriever-MS MARCO (Izacard
et al., 2022) to retrieve three relevant documents
for each input.

Table 5 summarizes the results across all eval-
uated tasks. In evaluating Llama,,4, we observe
significant discrepancies between its predictions
and ground-truth labels on most tasks except
ELI5. When directly computing evaluation met-
rics, these discrepancies result in extremely low
scores, often approaching zero. To address this
issue and make the comparison more meaning-
ful, we adopt a relaxed evaluation approach: If
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the ground-truth label appears in the predictions
of Llama,..4, the prediction is considered correct.
This adjustment has significantly inflated metric
values for Llama,,,. Despite these adjustments
for Llama,q,, KEDIiT consistently outperforms
baselines, demonstrating superior adaptability
and robustness across knowledge-intensive tasks.
The ELIS task stands out in the evaluation as it
features long-form answers, which align well with
KEDiT’s strengths. This suggests that KEDiT’s
design makes it particularly well-suited for tasks
requiring detailed and extended responses, a char-
acteristic often observed in dialogue scenarios.

5 Discussion

5.1 Potential Biases in PubMed-Dialog

While the PubMed-Dialog dataset is constructed
to enhance knowledge-grounded dialogue in the
biomedical domain, it may inherit biases from its
data sources. First, PubMed primarily consists of
peer-reviewed research articles, which may intro-
duce selection bias by over-representing academic
perspectives while underrepresenting clinical or
patient viewpoints. Second, since the dialogues
are synthesized using GPT-40, there is potential
for stylistic and terminological biases that could
affect model generalization to non-expert users.
Moreover, models from the GPT family (or those
pretrained on GPT-generated data) may exhibit
inflated performance due to inherent similarities
in language patterns and knowledge representa-
tion. This could lead to an unfair advantage for
such models compared to others not exposed to
GPT-generated content during training. Finally,
the dataset captures knowledge at a fixed point
in time, meaning that newer medical discover-
ies may not be adequately reflected. While these
biases are inevitable to some extent, we employ
iterative validation processes to minimize their
impact. Additionally, we plan to explore alterna-
tive evaluation strategies in future work, such as
cross-utilizing different LLMs for both genera-
tion and evaluation, to further mitigate potential
overfitting to GPT-generated text.

5.2 Limitations of Automatic Metrics in
Dialogue Evaluation

While BLEU and ROUGE remain widely used
for the automatic evaluation of text generation
models, they have notable limitations in dia-
logue evaluation. These metrics primarily focus on

n-gram overlaps with reference responses, mak-
ing them insufficient for assessing contextual
coherence, factual correctness, and diversity of
generated responses. Prior studies (Liuetal., 2016;
Novikova et al., 2017) have demonstrated that
such surface-based metrics correlate poorly with
human judgments in dialogue settings. Given these
shortcomings, we complement our evaluation
with LLM-based scoring and human assessments
to better capture the conversational quality and
informativeness of the generated responses.

6 Conclusion

This paper presents KEDiT, a novel approach for
improving knowledge-grounded dialogue gener-
ation in LL.Ms. KEDIT effectively addresses the
limitations of LLMs in utilizing up-to-date and
domain-specific knowledge by compressing ex-
ternal knowledge into learnable parameters and
integrating them using a lightweight adapter.
To support this evaluation, we create the
PubMed-Dialog dataset, which provides a bench-
mark for assessing the ability of the model to
address specialized biomedical knowledge. Our
extensive experiments on the Wizard of Wikipedia
and PubMed-Dialog datasets demonstrate that,
compared with existing methods, KEDiT signif-
icantly improves the contextual relevance and
informativeness of generated responses. Further
analysis highlights KEDiT’s robust performance
even with varying retrieval accuracy, maintain-
ing high levels of contextual relevance and
informativeness. Although KEDiT shows slightly
reduced performance on unseen domains, its
design allows for efficient retraining and deploy-
ment in environments requiring frequent updates
to knowledge. Future work will focus on en-
abling dynamic knowledge updates, enhancing
generalization to unseen domains, and integrating
multimodal knowledge for greater adaptability
and practicality.
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A KEDIiT Training and Inference

Algorithms 1 and 2 provide a step-by-step breakdown of our training and inference processes.

Algorithm 1 KEDiT Training

1: Input: Knowledge dataset Dy, Knowledge-grounded dialogue dataset D,, Pre-trained BERT, Pre-trained
LLM
Phase 1: Knowledge Compression Training

2: Initialize knowledge bottleneck with Q-Former and frozen BERT > Denoted as ¢
3: Freeze parameters of the pre-trained LLM > Denoted as 1/
4: for each K € Dy do
5: Encode K using the knowledge bottleneck to obtain Z based on Eq. (2) > py(Z|K)
6: Reconstruct K from Z using the LLM to obtain K > qy(K|Z)
7 Reconstruct Z from K using the LLM to obtain Z > qy(Z|K)
8: Compute Lrecon and Lyjign as defined in Eq. (4) and Eq. (5)
9: Update ¢ by minimizing Ly, as defined in Eq. (6)

10: end for

Phase 2: Knowledge Integration Training
11: Integrate KA-Adapter with the frozen LLM > Denoted as 6

12: Freeze ¢ except for W,
13: for each (C, K, R) € D, do

14: Encode K using the tuned knowledge bottleneck to obtain Z > pe(Z|K)
15: Concatenate C and Z to form the input

16: Compute the likelihood of the response R based on Eq. (7), Eq. (8) and Eq. (9) >pe(R|C, Z)
17: Update ¢ and W, by minimizing L, as defined in Eq. (10)

18: end for

19: Output: Trained knowledge bottleneck ¢ and LLM integrated with KA-Adapter 0

Algorithm 2 KEDiT Inference
1: Input: Dialogue context C, Retrieved knowledge K, Trained knowledge bottleneck ¢, Trained LLM with
KA-Adapter ¢
Encode K using the knowledge bottleneck module to obtain Z > py(Z|K)
Initialize response Ry + 0, ¢ < 1
while not end-of-sequence do
Concatenate C', Z and R, to form the input
Compute the probability of the next token R; based on Eq. (7), Eq. (8) and Eq. (9) > po(R:|C, Z, R<t)
Sample or select R; based on py(R:|R<¢,C, Z)
Append R; to the response: R <— R ® R,
Updatet <t +1
end while
: Output: Generated response R

D AN A R i

—_—
— O

B Prompt Design and Iterative Validation Process for the PubMed-Dialog Dataset

Iterative Validation Process In this work, we employ an iterative validation process to ensure the
quality and faithfulness of the PubMed-Dialog dataset. This process involves the following steps:

1. First Round (Initial Evaluation): Each dialogue is evaluated on three key criteria: Source
Consistency, Internal Consistency, and Factual Accuracy. Scores ranging from 1 to 5 are assigned
for each criterion, where 1 indicates poor quality and 5 represents high quality.

e Source Consistency: Does the dialogue accurately and faithfully represent the information
from the abstract?

o Internal Consistency: Is the dialogue coherent and logically consistent within itself?
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e Factual Accuracy: Does the dialogue contain accurate medical information that is consistent
with established knowledge?

2. Regeneration: Dialogues that score below a threshold (i.e., scores < 5) are flagged for regeneration.
These flagged dialogues are revised using GPT-40, with a focus on eliminating hallucinations and
ensuring a closer alignment with the source content, while adhering to the evaluation criteria.

3. Re-evaluation and Iterative Refinement: The regenerated dialogues are evaluated again using
the same criteria. If they still do not meet the required standards, they are flagged for further
regeneration and re-evaluated until they meet the desired quality threshold.

Table 6 summarizes the results of the three rounds of evaluation and regeneration for the
PubMed-Dialog dataset. The iterative process has significantly improved dialogue quality across
all criteria, particularly addressing initial deficiencies in Source Consistency. While Internal Consis-
tency required minimal corrections and Factual Accuracy improved substantially, minor alignment
issues with biomedical knowledge persist, reflecting the complexity of the domain. Although the dataset
does not achieve absolute perfection, it provides a robust benchmark for knowledge-grounded dialogue
generation in specialized domains.

SOURCE INTERNAL FactuaL ToraL PERCENTAGE OF

Rounp CONSISTENCY CONSISTENCY AcCUrRACY DiaLOGUES HigH-QuaLITY
(<£3/4/5) (<£3/4/5) (£3/4/5) EVALUATED DIALOGUES

Round 1 57/1,961/8,912 1/40/10,889 19/686/ 10,225 10,930 8,884 (81.28%)

Round 2 1/712/1,333 0/3/2,043 0/148/1,898 2,046 1,314 (64.22%)

Round 3 0/399/333 0/3/729 0/70/662 732 321 (43.85%)

Table 6: Results of the iterative evaluation and regeneration process, showing the number of dialogues
scoring < 3, 4, and 5 in each of the three evaluation criteria across all three validation rounds.

Prompt Design Figure 6 shows the system prompt used to generate the PubMed-Dialog dataset.

[System]
You are an Al assistant specialized in medical topics.

You (Assistant) have access to a detailed text-based medical document, such as a research paper or clinical guideline,
which is not visible to the person (User). The document contains specific medical knowledge, terms, and data
relevant to a wide range of medical inquiries.

Your task is to generate a conversation between the person (User) asking about a medical topic and you (Assistant)
responding based on the knowledge from the document. The conversation should proceed as though both the User
and Assistant are discussing the topic openly, without directly referring to the document itself.

Below are requirements for generating the questions and answers in the conversation:

- Avoid directly quoting or referring to specific facts, terms, abbreviations, dates, numbers, or names from the
document, as these may reveal the conversation is based on the textual information, rather than a general discussion.

- Do not use phrases like "mentioned in the document”, "according to the text" or "the study". Instead, present the
information as general knowledge.

- Ensure questions are diverse and cover a range of aspects related to the medical topic being discussed.
- The conversation should include at least 2-3 turns of questions and answers about the medical topic.

- Ensure that there is at most one longer answer, and that other answers should be shorter and more direct to maintain
the natural flow of the conversation (less than 30 word).

- Answer responsibly, avoiding overconfidence, and do not provide medical advice or diagnostic information.
Encourage the user to consult a healthcare professional for personalized advice.

Figure 6: Example of the system prompt for generating PubMed-Dialog datasets.
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C Prompt Templates for LLM-Based Evaluation

Figures 7 and 8 show the prompts used for pairwise comparison and multi-response grading, respectively.

( [System]

Please act as an impartial judge and evaluate the quality of the responses provided by two Al assistants to the
user question displayed below. You should choose the assistant that follows the user’s instructions and answers
the user’s question better. Your evaluation should consider factors such as the relevance, informativeness,
accuracy, and coherence of their responses. Begin your evaluation by comparing the two responses and provide
a short explanation. Avoid any position biases and ensure that the order in which the responses were presented
do es not influence your decision. Do not allow the length of the responses to influence your evaluation. Do not
favor certain names of the assistants. Be as objective as possible. After providing your explanation, output your
final verdict by strictly following this format: "[[A]]" if assistant A is better, "[[B]]" if assistant B is better, and
"[[C]]" for a tie.

[Example input]

[Dialogue History]

{history}

[The Start of Assistant A’s Answer]
{answerl }

[The End of Assistant A’s Answer]

[The Start of Assistant B’s Answer]|
{answer2}

L [The End of Assistant B’s Answer]

Figure 7: Example of the prompt used for pairwise comparison.

[System]

Please act as an impartial judge and evaluate the quality of the response provided by several Al assistants to the
user question displayed below. Your evaluation should consider three factors: **relevance**,
**informativeness**, and **fluency** of the response. Begin your evaluation by providing a short explanation
for each response, highlighting the strengths and weaknesses in relation to the three factors. Be as objective as
possible. After providing your explanation, please rate each response on a scale of 1 to 5 for each factor by
strictly following this format: "[[{model} {factor} {rating}]]", for example: "Rating: [[A relevance 5]]",
"Rating: [[B_informativeness_3]]", and so on.

[Example input]
[Dialogue History]
{history}

[The Start of Assistant A’s Answer]
{answerl }

[The End of Assistant A’s Answer]

[The Start of Assistant B’s Answer]
{answer2}

[The End of Assistant B’s Answer]

[The Start of Assistant C’s Answer]
{answer3}

L [The End of Assistant C’s Answer]

Figure 8: Example of the prompt used for multi-response grading.
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D Instruction Templates for KEDiT Training and Inference

Table 7 presents the instruction templates used for KEDiT training and inference, and Table 8 provides
corresponding example prompts.

Task Instruction Template

qu(Z|K) <|start_header_id|> system<|end_header_id|>\n\n
{system_prompt} {knowledge}< | eot _id | >
<|start_header_id|> user<|end_header_id|>\n\n
{k2z_prompt}<|eot_id|>
<|start_header_id|> assistant< | end_header_id|>\n\n
<Z1>..<Z,,><|eot_id|>

qu(K|2) <|start_header_id|> system<|end_header_id|>\n\n
{system_prompt}<Z;>..<Z,,>< | eot_id|>
<|start_header_id|> user<|end_header_id|>\n\n
{z2k_prompt}<|eot_id|>
<|start_-header_id|> assistant< |end_-header_id|>\n\n
{knowledge}<|eot_id|>

po(R|C, Z) <|start_header_id|> system< |end_header_id|>\n\n
{system_prompt}<Z;>..<Z,,>< | eot_id|>
<|start_header_id|> user<|end_header_id|>\n\n
{utterance; }< | eot_id|>
<|start_header_id|> assistant< |end_header_id|>\n\n
{utterance, } < | eot _id | >

<|start_header_id|> user<|end_header_id|>\n\n
{utterance;_; }<|eot_id|>

<|start_header_id|> assistant< | end_header_id|>\n\n
{utterance; }< | eot_id|>

Table 7: Instruction template used for KEDIT training and inference. <Z1>...<Z,,,> are special markers
denoting compressed knowledge vectors Z. {knowledge} represents raw retrieved knowledge input
from Dy, and {utterance} represents dialogue utterances between the user and assistant from D.

Prompt Type Prompt Examples

{system_prompt}  You are a knowledge-based assistant. Use the following knowledge context to
answer questions or engage in conversation.\nKnowledge:

{k2z_prompt } Identify and list the key information present in the detailed text.
Extract the core pieces of key information that summarize the knowledge provided.
What are the main themes or key pieces of information depicted in the text? List them.
Summarize the text into essential pieces of key information.
Distill the primary pieces of information from the text into concise descriptors.
From the detailed knowledge described, what are the central pieces of key information?
Determine the main pieces of key information that capture the essence of the text provided.
What key pieces of information would you use to index the information described here?

{z2k_prompt} Describe the knowledge context.
Provide a detailed description of the knowledge context.
Can you explain what the knowledge context consisted of?
Thoroughly outline the details of the knowledge context used.
Provide a comprehensive overview of the knowledge used in the context.
Elaborate on the content of the knowledge context used.
What information did the knowledge context contain? Please describe in detail.
Provide an in-depth explanation of the content covered in the knowledge context.

Table 8: Examples of prompts corresponding to the instruction templates in Table 7.
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E Additional Experiments

E.1 Impact of Knowledge Encoder

We evaluate the impact of the knowledge encoder by replacing BERT with DeBERTaV3 (He et al.,
2023) in the knowledge bottleneck module. Table 9 presents the results, showing that DeBERTa yields
slight improvements on some metrics. However, these gains are minimal, indicating that the encoder
choice has limited influence on overall performance.

WoW SEEN WoW UNSEEN PusMED-DiALoG
F1 BLEU ROUGE F1 BLEU ROUGE F1 BLEU ROUGE

KEDiTy,; 2245 1387 1724 2105 12.63 1594 38.63 2584 2891
KEDIT perta 2248 1399 1727 2097 1285 1591 38.66 2597  28.89

MobDEL

Table 9: Performance comparison of KEDiT with BERT (KEDiTe,;) and DeBERTa (KEDiT gcpertq)
as knowledge encoders on WoW and PubMed-Dialog test sets.
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