Faithful Medical Dialogue Generation using Homo-Heterogeneous
Exemplar-based In-Context Knowledge Grounding

Priyanshu Priya, Hardik Goyal, Asif Ekbal
Department of Computer Science and Engineering
Indian Institute of Technology Patna, India
{priyanshu_2021cs26,hardik_2001cs27,asif}@iitp.ac.in

Abstract

The growing reliance on tele-healthcare has heightened the demand for accessible and professional health
support. Artificial Intelligence (Al)-assisted medical dialogue systems have emerged as key solutions, with Large
Language Models (LLMs) advancing the generation tasks. However, their susceptibility to hallucination leads to
inaccurate and unreliable information, posing major challenges. To address this, we propose a novel approach to
mitigate hallucinations in LLMs by integrating external knowledge and in-context learning mechanisms for faithful
medical dialogue generation (MDG). In particular, we devise an In-context Medical Knowledge-grounded Dialogue
Generator (IMKDG), a novel plug-and-play retrieval-based framework that leverages external medical knowledge,
in-context learning (ICL), and retrieval methods to enable LLMs to generate faithful responses, thereby enhancing
their performance on the MDG task. We utilize large-scale medical knowledge based on the Unified Medical
Language System (UMLS) to retrieve knowledge pertinent to the dialogue context. Further, to enhance the LLMs’
ICL capability for the MDG task, we propose the Homo-Heterogeneous Exemplar Selection (H2ES) method, a
novel in-context exemplar retrieval method based on both dialogue context and medical knowledge. Automatic and
human evaluations on the MedDialog-EN and CDialog datasets across various LLMs demonstrate the efficacy of
the proposed framework in mitigating hallucinations.
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> Patient: Hi doctor,| am getting one-sided headache. | do not get them
often. They are behind my right eye and temple area. This time | am
also fighting with heavy cold and cough. It came on late morning today
and it hurts more when | cough or shake my head or bend over. Prior
to this, | had the same headache about four months ago. At that time it|
came on midafternoon and lasted till next morning. Prior to that, | had
the same headache exactly on the right side and lasted for a day. | am
on CCB and Protonix. | am scared of brain tumor. Please help.
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headache
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Doctor: Hi. Based on what you have told, this is more likely to be due
to BIUSHEIS. Sinuses are small air filled cavities in your skull bone.
They can get infected and when they are infected, you will get

etal., 2023; Wu et al., 2024; Thirunavukarasu et al., gnow?na;t%u:%?rzg%:ﬁéw{ fﬁ%ﬂf:‘nzdzgﬁ?ﬁ:ﬁg{;};}iﬁd
2023). The application of LLMs for e-medical con-

sultation has garnered considerable attention in re-

cent years (Estimates, 2020). However, the ex-
ploration of LLMs in medical dialogue generation
(MDG), which closely simulates real-world medi-
cal interactions, remains relatively limited. Despite
the impressive capabilities of LLMs, they often pro-
duce erroneous or fabricated information, a phe-
nomenon referred to as hallucination (Rawte et al.,
2023). This issue compromises their reliability and
poses a significant challenge for professionals uti-
lizing them in applications, such as medical dia-
logue generation systems. Figure 1 depicts a case
of hallucination during the MDG task.

PMC-LLaMA: Headache is a common symptom and can be due to
many reasons. The headache you are having is suggestive of a

. Migraine is a type of headache which is usually one sided

and is associated with nausea and vomiting. It is usually aggravated
by physical activity. The headache you are having is also associated
with cough and cold which is suggestive of a viral infection. | would
suggest you to take a tablet called Sumatriptan which is a triptan and

is very effective in relieving a migraine.

Figure 1: An instance of dialogue (right) where the
medical agent acquires accurate knowledge (left)
yet generates the hallucinated response. One-
sided headed/headache with heavy cough and
cold is related to sinus infection rather than a mi-
graine, which contradicts the provided knowledge.

Hallucinations may seem harmless in casual niques to assess and address hallucinations in
conversation, but in medical settings, where pre- LLMs is imperative for an enriched and faithful
cision is paramount, they pose significant risks. MDG task. While recent efforts have been made
Misinformation can have dire consequences, af- to mitigate hallucinations in LLMs (Shuster et al.,
fecting patient care and potentially endangering  2021; Li et al., 2023; Liu et al., 2022a), there re-
lives. Therefore, the precision and faithfulness  mains a scarcity of comprehensive studies in this
of information from LLMs are critical as they af-  direction for the faithful MDG task. Incorporating
fect healthcare decisions, diagnoses, and treat- external and authoritative knowledge enhances ac-
ment strategies. Consequently, developing tech-  curacy and faithfulness in LLM outputs (Kang et al.,
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2023; Ji et al., 2023; Priya et al., 2025; Hossain
et al., 2025). However, merely providing the LLM
with pertinent knowledge is insufficient. As de-
picted in Figure 1, the LLM may still generate inac-
curate responses despite having pertinent knowl-
edge. This underscores the need to effectively uti-
lize knowledge to prevent hallucinations in LLMs.
With the remarkable few-shot learning capabilities
of LLMs, recently, the research focus has shifted
towards in-context learning (ICL) (Brown et al.,
2020; Agrawal et al., 2022). ICL enables the gener-
ation of desired responses by integrating task def-
initions, in-context exemplars, and target context.
The effectiveness of ICL hinges on a sophisticated
exemplar-retrieval approach informed by both dia-
logue context and domain knowledge.

Driven by these considerations, we introduce
a novel plug-and-play retrieval-based framework,
named In-context Medical Knowledge-grounded
Dialogue Generator (IMKDG). IMKDG aims to
retrieve pertinent medical knowledge and high-
quality in-context exemplars for a particular dia-
logue context to guide LLMs toward faithful dia-
logue generation. IMKDG embodies 3 key mod-
ules: (i) a Medical Knowledge Enrichment (MKE)
module that identifies medical entities in context
and retrieves relevant knowledge from the medical
knowledge graph based on Unified Medical Lan-
guage System (UMLS) (Bodenreider, 2004) to en-
rich dialogue with accurate medical insights, (ii) a
Homo-Heterogeneous Exemplar Selection (H2ES)
module that retrieves relevant and diverse exem-
plars based on dialogue context and associated
knowledge, and (iii) a Prompt Construction (PC)
module that formulates the final input prompt for
the LLM.

We evaluate IMKDG using seven LLMs:
BioGPT (Luo et al., 2022a), ChatGPT (OpenAl,
2024), MedAlpaca (Han et al., 2023), ChatDoctor
(Yunxiang et al., 2023), PMC-LLaMA (Wu et al,,
2023), MedPaLM 2 (Singhal et al., 2023), and
GPT-4 (Achiam et al., 2023), on two widely
used large-scale medical dialogue datasets,
MedDialog-EN (Zeng et al., 2020) and CDialog
(Varshney et al.,, 2022b). Both automatic and
human evaluations demonstrate that IMKDG
effectively reduces hallucinations, thereby improv-
ing fidelity in the MDG task. Notably, this study’s
primary focus is not on selecting black-box LLMs
and datasets; instead, we aim to explore the
universality of IMKDG for the faithful MDG task.

To summarize, the key contributions are: (i) In-
vestigate the knowledge-grounding and ICL-based
approach for faithful MDG task. To the best of our
knowledge, no prior research (Liu et al., 2022c; Ji
et al., 2023; Kang et al., 2022) has investigated
the potential of both knowledge-grounding and
ICL for faithful MDG task; (ii) Devise IMKDG (In-

51

context Medical Knowledge-grounded Dialogue
Generator), a novel plug-and-play retrieval-based
framework to effectively integrate external medi-
cal knowledge using LLMs’ ICL capability to mit-
igate hallucinations during MDG; (iii) Present a
novel Homo-Heterogeneous Exemplar Selection
(H2ES) method for enriching the quality of selected
exemplars to boost LLMs’ ICL performance; (iv)
Conduct a thorough automatic and human eval-
uations and empirically show that IMKDG sub-
stantially reduces hallucinations in MDG task; (v)
IMKDG applicability can be effortlessly extended
to other LLMs and datasets'.

2. Related Work

There have been efforts to develop medical dia-
logue generation models (Li et al., 2021; Liu et al.,
2022Db; Priya et al., 2023; Mishra et al., 2023a,c,b).
Recent advancements in LLMs have significantly
transformed medical dialogue systems (Shi et al.,
2024). Dou et al. (2023) explored ICL with LLMs
for generating physician responses. Integration of
knowledge graphs (KGs) into LLMs is a growing
trend aimed at improving the factual accuracy of
generated content (Pan et al., 2024). For instance,
Gao et al. (2023) integrated KGs into LLMs for di-
agnosis prediction using a novel graph model that
leverages path-based prompts. Wu et al. (2024)
utilized medical KGs and ICL for the Chinese QA
task, employing the BM25 method (Robertson and
Walker, 1994) to retrieve relevant exemplars.

One of the significant challenges in utilizing
LLMs for medical dialogue generation is the oc-
currence of hallucinations, where models generate
inaccurate or unfaithful information. Researchers
have devoted significant effort to mitigating hallu-
cinations (i.e., improving faithfulness) in dialogue
systems by integrating external knowledge. Xu
et al. (2022) employed a lightweight adapter as a
knowledge expert to boost GPT-2 (Radford et al.,
2019). Wu et al. (2021) introduced an inductive
attention mechanism for self-attention-based gen-
eration models. Ji et al. (2023) incorporated addi-
tional modules, namely knowledge grounding and
response re-ranking modules, to mitigate halluci-
nation. While these works integrate knowledge
to reduce hallucination, these studies employ ad-
ditional knowledge encoding modules, potentially
leading to error propagation and the omission of
critical details in generated responses.

Unlike existing studies, the present work uses
external medical KGs and leverages LLMs’ ICL ca-
pabilities to achieve faithful MDG. We introduce
a novel plug-and-play retrieval-based framework

'Resources are available at https://github.com/
priyanshu-profile/LREC26__ IMKDG
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that integrates relevant knowledge directly into re-
sponses, thereby reducing error propagation. Fur-
ther, we introduce a sophisticated exemplar selec-
tion method to enhance LLMs’ ICL performance for
effectively incorporating knowledge and reducing
factual inaccuracies. This approach represents a
significant advancement in integrating structured
medical knowledge with advanced LLMs for faith-
ful dialogue generation in medical contexts.

3. Methodology
3.1.

In the present work, we formulate the med-
ical knowledge-grounded dialogue generation
task within an in-context learning paradigm.
In this task setting, for a given data sam-
ple consisting of a dialogue context H
{p1,d1,p2,ds, ..., pr—_1,dx_1,pr} as an alternating
sequence of utterances between the patient (p)
and doctor (d) and the associated knowledge K,
the objective is to generate faithful and informa-
tive response dy, = {w, wa, ..., w, } (With n words)
based on H and K. Formally, it is defined as:

Problem Formulation

n

Proy(di|H, K) = H Proa(wilH, K, wes)

=0
Proa(wilH, K, w<i) =
Z Proa(wi|H, K, & wei)Pres(E[H,K)  (2)
E

(1)

where, £ represents the retrieved in-context ex-
emplars given H and K. P;gs(E|H, K) represents
the joint probability distribution of in-context exem-
plars, where I ES denotes the in-context exemplar
selection (IES) method. In this work, we char-
acterize the inter-dependence among exemplars;
hence, we define P;gs(E|H, K) as follows:

t
Pres(E[H,K) = [ [ Pres(&;1H, K, &-1)

j=1

)

By doing this, we ensure the dependencies inher-
ent in the in-context exemplar selection method,
indicating that the current exemplar selection de-
pends on the target context and previously se-
lected exemplar.

3.2. In-context Medical
Knowledge-grounded Dialogue

Generator (IMKDG)

The overall architecture of the In-context Med-
ical Knowledge-grounded Dialogue Generator
(IMKDG,) is shown in Figure 2. IMKDG comprises
three main modules: Medical Knowledge Enrich-
ment, In-context Exemplars Selection, and Prompt
Construction. These modules are detailed as:
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Medical Knowledge Enrichment (MKE). The
MKE module is designed to construct a medical
knowledge graph (MKG) for a given dialogue con-
text to enrich the MDG task with reliable medi-
cal knowledge. We use the Quick-UMLS? tool to
build the MKG by extracting necessary medical
concepts from the UMLS database (Bodenreider,
2004). The Quick-UMLS identifies the biomed-
ical entities and links them with unique identi-
fiers (CUIs) and semantic types from the UMLS
Metathesaurus. We feed the dialog context as in-
put, then extract an approximate match in the set
of strings from UMLS, and finally return the CUI,
a list of semantic types for each concept in the di-
alogue context. We regard each distinct identifier
(CUI) within the UMLS as a node within our MKG.
We then utilize the Semantic Network (SN) mod-
ule in the UMLS to determine the pertinent relation-
ships between these nodes. Each MKG comprises
a set of triplets and each triplet is of form (e, 7, e2),
where e, ande, denote head, and tail entities, re-
spectively and r is the relationship between them.

For instance, given an input “/ have anxiety and
depression but no immunodeficiency disorders or
chronic diseases. First | want to know if my im-
mune system is weakened and how likely am |
to do of Coronavirus?”. A few identified concepts
are “anxiety”, “depression”, “coronavirus”, etc. We
then employ the SN module to ascertain the rela-
tionships among nodes to construct the graph cor-
responding to the medical concept “coronavirus”,
resulting in the generation of the set of triplets
as [coronavirus, isa, infection)], [coronavirus, re-
lated to, immune system], [coronavirus, affects,
respiratory system] and so on.

Homo-Heterogeneous Exemplar Selection
(H2ES). Given that the meticulous selection of
exemplars is imperative for improving the LLMs’
ICL capabilities (Brown et al., 2020; Liu et al.,
2022c), this module is designed to retrieve the con-
textually appropriate in-context exemplars for the
MDG task. In the dialogue generation, contextu-
ally relevant and diverse responses facilitate user
engagement and retention, contributing to the con-
versation’s smooth progression (Liu et al., 2023).
Therefore, it is crucial to ensure that the chosen
exemplars are both relevant and diverse. Drawing
inspiration from recommendation systems that
involve multi-objective recommendation tasks,
which typically entail ensuring both relevance and
diversity in retrieval outcomes (Sa et al., 2022),
we propose a novel Homo-Heterogeneous Exem-
plar Selection (H2ES) method. For a particular
dialogue context, H2ES first retrieves L seman-
tically relevant exemplars, &.; = {&1,&,..,EL}

2https://github.com/Gcorgctown— IR-Lab/QuickUMLS
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Figure 2: An overview of the proposed In-context Medical Knowledge-grounded Dialogue Generator
(IMKDG) framework. It involves three components - (i) Medical Knowledge Enrichment, (ii) In-context
Exemplar Selection using the Homo-Heterogeneous Exemplar Selection method, and (iii) Prompt Con-
struction for designing the final prompt for guiding the LLM for faithful response generation.

and then find a diverse subset of exemplars,
Ediv = {517527 ,gl(L > l)}

To select semantically relevant exemplars, we
employ a query-based exemplar selection ap-
proach, which aims to search similar instances
from a database of instances D based on the in-
put query (¢). We concatenate the dialogue con-
text H and knowledge K of each instance into a
single sequence to form the query ¢, and utilize a
pre-trained RoBERTa (Liu et al., 2019) as the sen-
tence encoder (Enc) to obtain semantic represen-
tations for the query ¢, and each data instance d;
in D. Then, we compute cosine similarity between
semantic representations of ¢ and each (d; € D):
_ Eq 'Edi

Eq[[|[Ea, ||
where, E, and E;, are the semantic representa-
tions of ¢ and d;, respectively. Finally, we select L
instances with the highest similarity scores to ¢ to
obtain relevant exemplars, &,..; = {&1,&s,...,EL}.
Afterward, to select a diverse subset of exemplars,
we filter out the exemplar with the highest similarity
score and add it to the queue. We then determine
the distance (S) between the remaining exemplars
and the last exemplar in the current queue, yield-
ing the diversity score (Divs.ore). The final score,
Fseore 1S @ linear combination of distance score
and similarity score as:

]:sco're - (]- - )\) * Divsco’re + A % Szm(q, gz)
= (1—=X)*S(&, East) + A *x Sim(q, &)
where &, denotes the last element in the queue.

Finally, we place the exemplar with the highest fi-
nal score at the end of the queue. We iterate this

Sim(q, d;) (4)

(%)
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procedure until there are [ exemplars in the queue.
This procedure ensures that the selected exem-
plars are not only relevant to the input dialogue
context and associated knowledge but also distinct
from those already chosen. A formal description of
the H2ES method is given in Algorithm 1.

Prompt Construction (PC). Inspired by the few-
shot learning approach (Brown et al., 2020), pro-
viding LLMs with suitable and intuitive prompts en-
ables them to generate relevant content. Hence, a
PC module is devised to formulate the final prompt
template for the MDG task. The prompt com-
prises task-specific instruction (l), the selected in-
context exemplars ({&1, &, ..., & }), and the target
context (input). Concretely, the task-specific in-
structions that guide the LLM for response gener-
ation grounded in the medical knowledge are con-
catenated with the retrieved | exemplars (placed
in descending order of their final score) and the
target context to form the final prompt to be fed
to LLMs. For prompts for the selected exemplars
(Pg;,j € [1,1]), we use ‘Doctor:’ and ‘Patient’
to connect different turns in the dialogue context,
and ‘We know that’ and ‘Doctor Response:’ to
introduce the knowledge and doctor’s response,
respectively. To design a prompt for the target
context, we follow the same template except that
we keep the ‘Doctor Response:’ empty for the
LLM to generate. To create the final prompt, we
concatenate the prompts for selected exemplars
and the target using “\n” and then feed them
into the LLM to generate the response as follows:
R = LLM(I\n Pg, \n.AnPg\n Pippue). A sam-



ple prompt example is depicted in Figure 3.

Instruction
Generate the Doctor's response for the following patient doctor conversation
based on the given examples:

ICL Exemplars
Dialogue Context
Patient: What extra additional precautions do they need to prevent catching
novel coronavirus?
Doctor: COVID-19 is now the official name for the illness caused by the
newly discovered coronavirus (COronaVirus Infectious Disease - 2019). So
far, it is extremely rare in the US (2/12/20). Until and unless COVID-19
becomes common no special precautions are necessary.
Patient: For students in dorms living with students from many countries?
We know that:
[Infectious Disease, focus_of, Respiratory secretion precautions], [Infectious
Disease, possibly_equivalent_to, Non- human infectious disorder],
[Infectious Disease, focus_of, Handwashing precautions], [Infectious
Disease, associated_with, infectious bronchiolitis], [Infectious Disease,
focus_of, Standard precautions]
Doctor Response: In any dormitory or group living situation people with
respiratory symptoms (colds, flu, etc.) should cover their coughs and wash
their hands frequently.

Target Context
Dialogue Context
Patient: Am | at risk for COVID-19 in the United States?
Doctor: COVID infections will likely pick up over the next few weeks in
the US.
Patient: What should | do in order to avoid infection?
We know that:
[Infection, focus_of, Handwashing precautions], [Infection,
Standard precautions], [Infections, affects, Traveler's Health], [Infection,
focus_of, Contact precautions],[Infection, related_to, Traveler's Health]
Doctor Response:

focus_of,

Figure 3: Sample prompt used to prompt IMKDG.

Algorithm 1 Homo-Heterogeneous Exemplar Se-
lection (H2ES)

Input: query ¢, database of instances D, L,
Output: Homo-Heterogeneous Exemplars - £4i, =
{51,52, ey 51([; > l)}

Enc: Sentence Encoder

Sim: Cosine Similarity

Q: Queue

1. BEGIN

2.£={}

3. E, = Enc(q)

4. for each d; in D do

5. ]Edi = Enc(di)

6.  Simscore = SIM(Ey, Eq,)

7. &.add(d;)

8. &ret + Select L exemplars from & with highest

SiMscore

9. Select exemplar &; with the highest similarity score:
Q.insert(&1), E = E/&

10. while length(Q) < [ do

11, Eiemp + Q[-1]

12. Divscore S(gtemp, g/gtemp)

13.  Simscore < SiM(q,E/Etemyp)

14, Focore + (1 — A) * Divscore + A * Simiscore
15.  w <« arg max Fscore

16.  Quinsert(&y), £ = E/E.

17. end

18. return Q

19. END

4. Experimental Setup

Large Language Models and Datasets. We
evaluate the IMKDG framework using various
open-source LLMs: BioGPT (Luo et al., 2022b),
MedAlpaca-7B (Han et al., 2023), ChatDoctor
(Yunxiang et al., 2023), and PMC-LLaMA-7B (Wu
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et al., 2023), alongside commercial LLMs includ-
ing ChatGPT (gpt-3.5-turbo) (OpenAl, 2024), Med-
PaLM 2 (Singhal et al., 2023), and GPT-4 (gpt-
4-turbo) (Achiam et al., 2023). Our experiments
utilize two publicly available medical dialogue
datasets: MedDialog-EN (Zeng et al., 2020) and
CDialog (Varshney et al., 2022a).

Compared Models. We employ three cate-
gories of baselines: Fine-tuning-based Baseline
Models (FBM), viz. BERT (Devlin et al., 2019), Di-
aloGPT (Zhang et al., 2020), BART (Lewis et al.,
2019), BioBERT (Lee et al.,, 2019) and RHO
(Ji et al., 2023), Prompting-based Baseline Mod-
els (PBM), viz. Plug-and-play Language Model
(PPLM) (Dathathri et al., 2020), and Multi-Stage Di-
alogue Prompting for Knowledge-grounded Gen-
eration (MSDP-KG) (Liu et al., 2022d), and vanilla
LLMs, including all seven LLMs without knowledge
grounding and in-context exemplars to assess the
efficacy of the proposed IMKDG framework.

Implementation Details. For experiments, we
split the datasets into a 7:3 ratio for training and
testing. The training set serves as database D for
exemplar selection and the model is evaluated on
the test set. For FBM, we further spilit the training
set into training and dev sets in an 8:2 ratio. We
use RoBERTa (Liu et al., 2019) as the text encoder
in the H2ES method to generate semantic repre-
sentations of exemplars and compute the Manhat-
tan distance between them. We experiment with
distinct values of A = {0.1,0.2,0.4,0.5} and empir-
ically set A = 0.2. For all experiments, the temper-
ature is set to 0 to eliminate randomness.

Evaluation Metrics. We perform automatic
and human evaluations to gauge the general qual-
ity of generation and the faithfulness of gener-
ated responses. For automatic evaluation of
general generation quality, we employ Perplex-
ity (PPL) (Brown et al., 1992), traditional word-
overlap-based metrics, viz. BLEU4 (B-4) (Pap-
ineni et al., 2002), METEOR (MET.) (Banerjee
and Lavie, 2005), and ROUGE-L (R-L) (Lin, 2004),
and embedding-based metrics, viz. BERTScore
F1 (BS-F1) (Zhang et al., 2019), Embedding Aver-
age (EA), Vector Extrema (VE), and Greedy Match-
ing (GM) (Liu et al., 2016). For assessing faith-
fulness of responses, we employ Entity Coverage
F1 (E-F1) (Ji et al., 2023), FEQA (Durmus et al.,
2020), and QuestEval (QE) (Scialom et al., 2021).
E-F1 measures whether entities in the generated
responses align with those in the provided knowl-
edge and dialogue context. To compute E-F1,
we utilize a ScispaCy Named Entity Recognition
model (Al, 2025) to extract medical named entities
in generated responses and the dialogue context,
and then compute the exact match E-F1 score be-
tween entities in the generated responses and en-
tities in KG and dialogue context. FEQA and QE



are question-answering (QA) metrics that take the
source (e.g., a document) and the corresponding
output to be evaluated (e.g., a summary or golden
answers) as input. We concatenate the dialog con-
text and knowledge into the document, while the
response serves as the golden answer for evaluat-
ing the response’s faithfulness to the original con-
text. The higher the E-F1, FEQA, and QE scores,
the lower the hallucination.

For human evaluation, we employ Fluency (F),
Adequacy (A), Contextual Relevance (CR) as the
general generation evaluation metrics; and Faith-
ful and Hallucinated (Intrinsic (1), Extrinsic (E), or
Both (B)) (Ji et al., 2023) as the faithful generation
evaluation metrics. Besides, we assess whether
the generated responses are helpful and safe, uti-
lizing Helpfulness (H) and Safety (S), respectively.
To assess the quality of generated responses from
a human perspective, we randomly select 60 sam-
ples from the test set and analyze the predicted
responses. To streamline the evaluation process
and minimize costs, we divide the human evalua-
tion into two distinct groups of evaluators.

For the general generation evaluation, we em-
ploy three human evaluators (hereafter, general
evaluators), two with a Ph.D. in Linguistics and one
with a Master’s in Computer Science. These eval-
uators are regular employees working with our re-
search team and have sufficient expertise in simi-
lar projects over the past 4 years. Given that faith-
ful, helpful, and safe response generation evalu-
ation requires medical knowledge and expertise,
and given the associated high evaluation costs, we
engage two medical professionals from our insti-
tute for this aspect of the evaluation. These med-
ical experts (hereinafter, expert evaluators) hold
postgraduate degrees in medicine. All evaluators
are compensated in accordance with the institute’s
guidelines.

Before beginning the evaluation process, we
brief the evaluators about the different metrics and
suitable examples. For each sample, we then
provide the dialogue context, associated knowl-
edge, the ground-truth response, and the model-
generated response. We then instruct the general
evaluators to rate the responses on the scales of
1-5 for F, A, and CR, and 0-2 for H, and 0-1 for S.
Further, for faithful evaluation, we request the ex-
pert evaluators to identify whether the generated
response is faithful or hallucinated. If hallucinated,
we request them to further annotate those sam-
ples, with the type of hallucination (Intrinsic, Ex-
trinsic, or Both).

5. Evaluation Results

Automatic Evaluation. Table 1 and Table 2 re-
port automatic evaluation results on MedDialog-
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EN and CDialog datasets, respectively. The
proposed IMKDG framework, paired with various
LLMs, outperforms the FBM, PBM, and vanilla
LLM baselines on both datasets, achieving su-
perior scores across various evaluation metrics.
Specifically, IMKDG+GPT-4 achieves the best
scores across various evaluation metrics on both
datasets. Notably, there is a significant drop in
the PPL score. IMKDG+GPT-4 attains a PPL of
7.23 on MedDialog-EN and 1.13 on CDialog, in-
dicating drops of 12.01 and 14.91 points, respec-
tively, as compared to the state-of-the-art (SOTA)
method: RHO. Besides, IMKDG+GPT-4 achieves
better scores than RHO in terms of B-4, MET., R-L,
BS-F1, EA, VE, and GM with a significant increase
of 0.033, 0.282, 0.169, 14.67, 0.061, 0.069, and
0.075 points, respectively, on MedDialog-EN. Like-
wise, on the CDialog dataset, the IMKDG+GPT-
4 achieves improvements of 0.040, 0.275, 0.212,
8.88, 0.114, 0.105, and 0.104 points over RHO
on B-4, MET., R-L, BS-F1, EA, VE, and GM, re-
spectively. The lower PPL suggests a preference
for context-relevant responses, while the higher B-
4, MET., and R-L scores indicate alignment with
gold responses. IMKDG+GPT-4 also excels at
embedding-based metrics (BS-F1, EA, VE, and
GM), demonstrating its effectiveness at generat-
ing contextually relevant, high-quality responses.
The superior performance of IMKDG+GPT-4 can
be attributed to the use of relevant and diverse in-
context exemplars that enhance in-context learn-
ing, along with GPT -4’s inherent generation capa-
bilities.

Moreover, the proposed IMKDG+GPT-4
achieves higher scores than RHO in faithful
generation metrics. Notably, it achieves E-F1
scores of 85.00% on MedDialog-EN and 85.45%
on CDialog, representing increases of 19.61 and
12.94 points, respectively. On the FEQA and QE
scores, it also achieves better performance than
RHO. These findings suggest that the proposed
framework effectively incorporates knowledge and
leverages ICL to facilitate faithful medical dialogue
generation. Similar performance improvements
are observed across both datasets with other
LLMs, except for BioGPT (a GPT-based model).
One potential explanation could be the absence
of ICL ability of smaller LMs, such as GPT-2.
Further, since the prompting-based baselines
(PPLM and MSDP-KG) also rely on GPT-based
methods, their comparatively lower performance
may stem from the lack of ICL capability inherent
in smaller LMs. It is also evident that vanilla
LLMs achieve significantly inferior performance
compared to LLMs with the proposed IMKDG
framework. These results further underscore the
relevance of medical knowledge grounding and
of in-context exemplars retrieved using the novel



Models PPL B-4 MET. R-L BS-F1 EA VE GM E-F1 FEQA QE
BERT 36.28 0.081 0.346 0.332 61.29% 0.863 0.319 0.683 48.79% 24.65 34.33
Fine-tuned DialoGPT 68.19 0.013 0.291 0.311 58.67% 0.715 0.254 0.561 42.25% 15.55 28.89
Baseline BART 24.74 0.047 0.369 0.365 67.31% 0.869 0.355 0.665 59.18% 326 42.55
Models BioBERT 2258 0.049 0.375 0.388 68.24% 0.874 0.362 0.671 59.97% 33.14 43.78
RHO 19.24 0.052 0.397 0428 72.11% 0.917 0.378 0.688 65.39% 43.89 48.61
Prompting-based | PPLM 25.78 0.0837 0.323 0.346 65.12% 0.761 0.284 0.524 53.28% 20.92 28.29
Baseline Models | MSDP-KG 23.19 0.042 0.378 0.362 67.84% 0.782 0.306 0.558 56.19% 23.44 30.72
vanilla BioGPT 58.13 0.013 0.012 0.014 42.98% 0.531 0.192 0.382 21.238 11.88 1247

vanilla MedAlpaca 36.44 0.021 0.085 0.068 63.52% 0.654 0.088 0.527 54.21% 18.65 23.61
Vanilla vanilla ChatDoctor 29.18 0.025 0.182 0.098 66.75% 0.675 0.199 0.541 55.30% 17.56 25.46
LLMs vanilla ChatGPT 27.35 0.087 0.195 0.148 72.56% 0.742 0.212 0.583 61.45% 23.97 31.45
vanilla PMC-LLaMA 2153 0.042 0.353 0.453 74.28% 0.827 0.273 0.608 64.38% 24.83 34.18

vanilla MedPaLM 2 13.89 0.065 0.567 0.498 79.18% 0.899 0.392 0.693 74.31% 31.94 39.2
vanilla GPT-4 16.30 0.061 0.527 0425 77.50% 0.875 0.386 0.662 72.60% 27.42 37.94
IMKDG + BioGPT 46.30 0.065 0.035 0.056 80.00% 0.817 0.373 0.663 31.86% 19.45 25.82
IMKDG + MedAlpaca 14.06 0.216 0.188 0.146 83.80% 0.92 0.403 0.737 7259% 32.08 40.29

Proposed IMKDG + ChatDoctor | 13.25 0.046 0.254 0.168 83.64% 0.928 0.385 0.726 75.00% 35.13 43.01
Approach IMKDG + ChatGPT 12.81 0.052 0.343 0.239 84.17% 0.931 0.388 0.728 77.00% 38.64 44.2
PP IMKDG + PMC-LLaMA | 11.8 0.062 0.512 0.54 83.53% 0.941 0.39 0.729 80.27% 43.27 52.61
IMKDG+MedPaLM 2 9.58 0.081 0.657 0.561 85.10% 0.965 0.415 0.746 82.00% 46.97 57.28
IMKDG+GPT-4 7.23 0.085 0.679 0.597 86.78% 0.978 0.447 0.763 85.00% 50.29 59.94

Table 1: Automatic evaluation results on MedDialog-EN. Bolded values represent the best scores.Results
are statistically significant based on Welch’s t-test (Welch, 1947) conducted at a 5% significance level.

Models PPL B-4 MET. R-L BS-F1 EA VE GM E-F1 FEQA QE
BERT 39.52 0.011 0.088 0.115 61.16% 0.854 0.351 0.638 51.23% 18.73 27.68
Fine-tuned DialoGPT 51.25 0.006 0.084 0.108 59.82% 0.827 0.342 0.633 48.05% 16.21 24.56
Baseline BART 26.09 0.016 0.142 0.138 64.58% 0.851 0.359 0.682 54.89% 21.15 29.87
Models BioBERT 24.74 0.052 0.175 0.170 67.32% 0.870 0.412 0.647 59.72% 24.89 3291
RHO 16.04 0.054 0.173 0.266 76.20% 0.843 0.380 0.719 7251% 38.42 47.65
Prompting-based | PPLM 21.06 0.046 0.098 0.192 71.45% 0.737 0.264 0.594 64.10% 12.83 21.76
Baseline Models | MSDP-KG 19.63 0.041 0.077 0.163 67.21% 0.695 0.207 0.538 69.23% 15.33 26.87
vanilla BioGPT 39.40 0.014 0.018 0.008 66.50% 0.514 0.246 0.479 13.45% 5.18 8.29
vanilla MedAlpaca 26.39 0.013 0.081 0.102 68.14% 0.703 0.312 0.651 50.35% 24.14 31.95
Vanilla Van!lla ChatDoctor 2453 0.017 0.124 0.129 68.19% 0.714 0.331 0.627 53.97% 22.67 35.92
LLMs vanilla ChatGPT 1792 0.029 0.129 0.198 70.13% 0.721 0.344 0.733 56.82% 27.22 37.55
vanilla PMC-LLaMA 18.10 0.034 0.126 0.168 68.50% 0.729 0.327 0.65 61.39% 25.36 33.89
vanilla MedPaLM 2 9.09 0.076 0.562 0.491 73.93% 0.842 0.393 0.735 71.92% 39.11 53.85
vanilla GPT-4 10.43 0.083 0.597 0416 72.01% 0.854 0.395 0.667 69.98% 35.12 44.78
IMKDG + BioGPT 28.50 0.026 0.032 0.022 79.94% 0.636 0.358 0.594 25.36% 10.27 18.35
IMKDG + MedAlpaca 11.43 0.021 0.098 0.139 78.69% 0.821 0.456 0.734 64.37% 32.99 40.84
Proposed IMKDG + ChatDoctor | 10.25 0.033 0.142 0.147 79.23% 0.829 0.451 0.739 65.41% 34.08 42.15
Approach IMKDG + ChatGPT 8.71 0.049 0.236 0.219 81.76% 0.845 0.467 0.742 69.58% 37.59 46.67
IMKDG + PMC-LLaMA | 2.38 0.059 0.287 0.329 82.87% 0.891 0.436 0.777 73.59% 39.73 49.01
IMKDG + MedPaLM 2 158 0.091 0.637 0.561 84.51% 0.945 0.519 0.806 82.17% 47.29 58.28
IMKDG + GPT-4 1.13 0.094 0.448 0.478 85.08% 0.957 0.485 0.823 85.45% 51.29 61.94

Table 2: Automatic evaluation results on CDialog. Bolded values represent the best scores. Results are
statistically significant based on Welch'’s t-test (Welch, 1947) conducted at a 5% significance level.

H2ES approach for faithful response generation
in medical dialogues.

Human Evaluation. Table 3 depicts the human
evaluation results of the proposed IMKDG frame-
work with different LLMs on MedDialog-EN and
CDialog datasets. We compare our proposed
approach against RHO, PPLM, and MSDP-KG
only, as human evaluation is expensive. The pro-
posed IMKDG with GPT-4 outperforms the base-
lines on various evaluation metrics. Specifically,
on MedDialog-EN, we observe an increase of
45.60%, 35.17%, and 30.40% in F, A, and CR, re-
spectively, compared to RHO. Likewise, on CDia-
log, we observe improvements of 16.55%, 25.13%,
and 15.19% in F, A, and CR, respectively, com-
pared to RHO. These results signify that the pro-
posed approach consistently generates fluent, ad-
equate, and contextually coherent responses. The
high F scores align with the automatic evalua-

tion results, where IMKDG+GPT-4 shows lower
PPL and higher B-4, MET., and R-L scores. The
high A and CR scores correspond with higher
BS-F1, EA, VE, and GM scores. This could be
because IMKDG learned much context-relevant
knowledge through the knowledge incorporation
and in-context learning process, which can provide
effective guidance for faithful MDG.

IMKDG+GPT-4 outperforms RHO in faithful eval-
uation metrics, demonstrating a notable reduc-
tion in both extrinsic and intrinsic hallucinations.
Specifically, it reduces extrinsic hallucinations by
48.40% on MedDialog-EN and 60.71% on CDi-
alog, and intrinsic hallucinations by 41.40% and
28.78%, respectively. These results suggest that
in-context exemplars grounded in both knowledge
and dialogue context effectively incorporate knowl-
edge to mitigate hallucinations and ensure faithful-
ness in the generated responses. Further, the pro-
posed framework demonstrates efficacy in gener-
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MedDialog-EN CDialog

Models F A CR  Faithful Hallucinated H S F A CR  Faithful Hallucinated H S

(1-5) (1-5) (1-5) (0-2) (0-1) | (1-5) (1-5) (1-5) I B (0-2) (0-1)
RHO 318 327 329 7986 1000 6.86 328 173 1.00 | 411 374 395 80.82 934 483 501 1.84 1.00
PPLM 232 279 269 6458 1409 11.32 10.01 124 100 | 293 273 272 6853 1524 964 659 1.62 1.00
MSDP-KG 286 272 249 67.41 1241 1078 940 137 100 | 391 329 372 69.75 1563 7.81 6.81 1.65 1.00
IMKDG+BioGPT 283 291 274 6283 2059 927 731 168 100 | 3.15 284 298 6321 1827 10.86 7.66 1.39 1.00
IMKDG+MedAlpaca 353 347 332 7359 1336 7.71 534 178 1.00 | 3.41 314 322 79.97 9.10 792 3.01 1.78 1.00
IMKDG + ChatDoctor | 367 359 345 7484 1128 813 575 165 1.00| 365 333 354 7475 1139 8.12 574 172 1.00
IMKDG + ChatGPT 396 382 367 76.25 987 814 574 142 1.00 | 387 367 3.72 76.63 836 860 641 153 1.00
IMKDG+PMC-LLaMA | 402 3.63 3.52 7899 800 6.00 7.01 182 1.00| 432 396 4.15 8284 8.76 443 397 1.90 1.00
IMKDG + MedPaLM 2 | 429 4.18 4.01 82.33 628 481 658 138 1.00 | 456 4.21 4.33 84.90 567 4.01 542 165 1.00
IMKDG + GPT-4 463 442 429 85.15 516 4.02 567 1.75 1.00 | 479 4.68 4.55 88.07 3.67 344 482 128 1.00

Table 3: Results of human evaluation. The bolded values represent the best scores.

metrics are indicated in parentheses.

The scales for the

Models Automatic Evaluation Manual Evaluation
PPL B-4 MET R-L BS-Fi EA VE GM E-F1 FEQA QE F A CR Faithful Hallucinated H S
(1-5) (1-5) (1-5) E | B (0-2) (0-1)
MedDialog-EN

IMKDG 7.23 0.085 0.679 0.597 86.78% 0.978 0.447 0.763 85.00% 50.29 59.94|4.63 4.42 429 85.15 5.16 4.02 5.67 1.75 1.00

IMKDG w/o K 12.71 0.082 0.594 0.511 82.11% 0.923 0.423 0.751 79.60% 42.68 52.89|4.32 4.17 4.02 81.20 7.32 5.16 6.32 1.66 1.00

IMKDG w/o & 10.53 0.088 0.605 0.568 83.19% 0.956 0.431 0.759 81.50% 46.05 54.72|4.44 4.26 4.11 83.65 6.13 5.07 5.15 1.71 1.00

IMKDG w/o (K+£)| 16.3 0.061 0.527 0.425 77.50% 0.875 0.386 0.662 72.60% 38.42 37.94|3.16 3.98 3.84 76.43 8.79 7.21 7.57 1.14 1.00

CDialog

IMKDG 1.13 0.094 0.448 0.478 85.08% 0.957 0.485 0.823 85.45% 51.29 61.94|4.79 4.68 4.55 88.07 3.67 3.44 4.82 1.28 1.00

IMKDG w/o K 8.87 0.081 0.645 0.579 78.19% 0.946 0.468 0.789 81.30% 45.85 56.78|4.47 4.35 4.22 83.67 5.27 454 6.52 1.19 1.00

IMKDG w/o & 7.74 0.087 0.652 0.594 81.12% 0.952 0.475 0.801 82.10% 47.02 58.13|4.59 4.47 4.31 85.12 4.88 4.61 539 1.25 1.00

IMKDG w/o (K+£)|10.43 0.083 0.597 0.416 72.01% 0.854 0.395 0.667 69.98% 35.12 44.78|3.31 3.13 3.09 80.89 7.02 6.02 6.07 1.09 1.00

Table 4: Ablation study for knowledge (K) and in-context exemplars (£) for the IMKDG + GPT-4.

ating helpful and safe responses, as indicated by H
and S scores. Fleiss’ kappa (Fleiss, 1971) is used
to calculate agreement among evaluators. For
general generation evaluation, we observe that all
kappa values are > 0.82, indicating substantial
agreement among the evaluators. Similarly, for
faithful and helpful generation evaluation, we note
all kappa values surpassing 0.76, suggesting sub-
stantial agreement among evaluators. For safe
generation evaluation, kappa is 1, indicating per-
fect agreement among evaluators.

Ablation Analysis. In Table 4, we present an ab-
lation study of IMKDG with GPT-4 to examine the
impact of medical knowledge (K) and in-context
exemplars (£) for faithful MDG. The removal of
in-context exemplars, medical knowledge, or both
results in a noticeable decrease in E-F1, FEQA,
and QE. This indicates that removing in-context
exemplars hampers LLMs’ contextual understand-
ing, potentially resulting in irrelevant or incorrect re-
sponses. Moreover, omitting medical knowledge
results in significant performance drops, notably af-
fecting FEQA scores (-15.13% for MedDialog-EN
and -10.61% for CDialog). Similar trends are ob-
served in E-F1 and QE metrics, highlighting the
model’s tendency to hallucinate without adequate
knowledge. The largest performance drop occurs
when both knowledge and in-context exemplars
are ablated. Human evaluation also shows re-
duced performance under these conditions, un-
derscoring the importance of knowledge and in-
context exemplars for enhancing faithful MDG.

Qualitative and Error Analysis. We conduct a
qualitative and error analysis to further examine
the quality and limitations of the IMKDG frame-
work. Representative examples are presented
in Table 5. Overall, the responses generated
by IMKDG demonstrate strong alignment with the
provided medical knowledge and dialogue con-
text. IMKDG+GPT-4 consistently generates more
accurate, knowledge-grounded responses than
IMKDG+MedPaLM 2, corroborating both auto-
matic and human evaluation results. For instance,
in Table 5, for Sample (1), IMKDG+GPT-4 offers
a detailed diagnosis and explicitly recommends
antibiotics as the primary treatment for pneumo-
nia by effectively leveraging knowledge triplets,
such as [pneumonia, may_be_treated_by, antibi-
otics] and [pneumonia, associated with, preg-
nancy complications pneumonial. In contrast,
IMKDG+MedPaLM 2 provides a more general
overview, omitting critical treatment details. Sim-
ilarly, for sample (2), proposed model correctly
infers that handwashing is a necessary precau-
tion for infectious diseases based on the triplet [in-
fectious disease, focus_of, handwashing precau-
tions].

Despite these strengths, some failure cases
persist [Sample (3)]. We observe both intrin-
sic and extrinsic hallucinations. In one instance,
IMKDG+MedPaLM 2 and IMKDG+GPT-4 incor-
rectly advise the application of hot water instead
of ice, contradicting the relevant knowledge triplet
[arm, procedure_site_of, massage of left arm with
ice or coolant spray]. In another case, the gener-
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(1) Context

Gold Response

Triplets

IMKDG + MedPaLM 2

IMKDG + GPT-4

Patient: what do scabs in nose and mouth of an infant indicate? my lo is 1 year old and 3 days ago came out in some scabs
around her nose and mouth she also has a blister which has peeled on her thump. i worry she may have impetigo passed
from my cousin who currently has it to! anyways i was just wondering if putting savlon cream on would be safe? and if it
would help? thanks in advance!

Doctor: yes, savlon is a good disinfectant and it can be used to prevent the spread of infection from others to one’s own
skin subcutaneous tissues (area of skin under the thin brown skin that we see)

[nose, contains, skin] [impetigo, contains, skin redness] , [nose, contains, dry skin], [impetigo, isa, bacterial infection] ,

[nose, contains, skin rashes] , [impetigo affects, infants] , [nose, contains, prednisone 20 mg],

[impetigo, contains, skin dry] , [nose, contains, breathing pain]
It's understandable to be concerned about your little one’s scabs. Based on your description, the scabs around her
nose and mouth, along with the peeled blister on her thumb, could be a sign of impetigo. This is a common

skin infection in children, often caused by bacteria . It's crucial to consult a doctor for proper diagnosis and treatment.
Savlon cream is an antiseptic, and while it may help with minor cuts and abrasions, it's not a treatment for impetigo. A
doctor can prescribe the appropriate medication, likely an antibiotic cream.

It sounds like your little one may indeed have impetigo , especially considering the close contact with your cousin who

currently has it. Impetigo is a common and contagious skin infection that often presents with red sores, scabs around the

nose and mouth, and sometimes blistering as you described. However, it might be due to common skin rashes . Regarding
the use of Savlon cream, it is best to consult with your pediatrician before applying any antiseptic creams like Savlon on an
infant’s sensitive skin.

(2) Context

Gold Response

Triplets

IMKDG + MedPaLM 2
IMKDG + GPT-4

Patient: What extra additional precautions do they need to prevent catching novel coronavirus?

Doctor: COVID-19 is now the official name for the illness caused by the newly discovered coronavirus (COronaVirus
Infectious Disease - 2019). So far it is extremely rare in the US (2/12/20). Until and unless COVID-19 becomes common
no special precautions are necessary.

Patient: For students in dorms living with students from many countries.

Doctor: In any dormitory or group living situation people with respiratory symptoms (colds, flu, etc.) should follow the
respiratory secretion precautions, cover their coughs and wash hands frequently.

[covid-19, caused_by, novel coronavirus], [infectious disease, focus_of, handwashing precautions] ,

[infectious disease, focus_of, respiratory secretion precautions] ,
[infectious disease, focus_of, standard precautions] , [respiratory secretion precautions, include, covering coughs]

Standard precautions like handwashing and avoiding contact with respiratory secretions are always a good idea.

For students in dorms living with individuals from many countries, it is essential to take additional precautions to prevent
catching COVID-19. This includes rigorously following respiratory secretion precautions , such as wearing masks, espe-
cially in common areas, and practicing good hand hygiene by frequently washing hands with soap and water for at least

20 seconds. Additionally, maintaining standard precautions such as avoiding close contact with sick individuals and regu-
larly disinfecting frequently touched surfaces can further help reduce the risk of transmission.

(3) Context

Gold Response

Triplets

IMKDG + MedPaLM 2

IMKDG + GPT-4

Patient: Last tuesday | had a flu shot and a pneumonia shot. | am 68 and male. | had a very sore arm and felt bad the next
day in which | had blood drawn for a test. The results showed a high white cell blood count as well as high ANC and AMC.
Could these high readings be because of the shots the day before?

Doctor: Hello, The pneumonia shot per se is not responsible for high WBC count, but as you are telling there are soreness
and bad feeling at the injection site over arm, there are all possibilities that you have cellulitis or possible abscess formation
at the injection site; which will recruit neutrophils at the site and cause secondary rise in WBC count.

Patient: Okay Doctor, So what would you recommend ?

Doctor: Primary relief with ice application and secondary management with systemic antibiotics and anti-inflammatory
medicines with your doc. Hope | have answered your query. Let me know if | can assist you further.

[pneumonia, related_to, inflammation], [abscess, use, inflammation], [arm, procedure_site_of, massage of left

arm with ice or coolant spray]

Okay, | recommend we take a closer look at the injection site. I'd like to examine it and possibly take a culture to deter-
mine if it's cellulitis or an abscess. We can then discuss treatment options based on the findings. In the meantime, |
recommend applying a warm compress to the area for 15-20 minutes, 3-4 times a day . If you experience any increased
redness, swelling, or pain, please don't hesitate to contact the office.

| recommend visiting your healthcare provider to examine the injection site. You may need antibiotics if there’s an infection.
Keep the area clean by and apply hot water and monitor for further symptoms like increased redness or swelling.

Table 5: Sample predictions from the IMKDG framework on (1) MedDialog-EN and (2), (3) CDialog.

ated response introduces extraneous content (e.g.,
“sinusitis”) not supported by the input knowledge
or dialogue context. Occasionally, the model fails
to fully integrate the provided knowledge ftriplets,
resulting in generic or clinically less relevant re-
sponses. These observations highlight the need
for more robust grounding and context comprehen-
sion mechanisms to minimize hallucination and im-
prove clinical reliability.

6. Conclusion

In this work, we empirically assess medical and
general LLMs for faithful response generation in
medical dialogues, aiming to mitigate hallucination.
Our approach integrates external medical knowl-
edge and employs ICL to enhance faithfulness
in MDG tasks. We propose IMKDG (In-context
Knowledge-grounded Medical Dialogue Genera-
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tor), a plug-and-play framework that leverages
structured medical knowledge and the ICL strat-
egy. We introduce the Homo-Heterogeneous Ex-
emplar Selection (H2ES) method to ensure rele-
vant and diverse exemplar selection, thereby en-
hancing LLMs’ ICL performance. Automatic and
human evaluations empirically show that IMKDG
substantially reduces hallucinations and ensures
faithful medical dialogue generation, while demon-
strating efficacy and generalizability across dis-
tinct LLMs and datasets. For future work, we
aim to further enhance explainability and trans-
parency by exposing intermediate reasoning steps
for each model decision. Moreover, we plan to in-
corporate multi-agent and collaborative schemes,
in which specialized agents generate, verify, and
cross-check responses to further reduce hallucina-
tions and improve the factual reliability of gener-
ated medical dialogues.



Ethics Statement

The significant implications of developing com-
putational models for medical applications under-
score the imperative need for meticulous consider-
ation of ethical concerns. To ensure ethical com-
pliance, this study has been evaluated and ap-
proved by our Institutional Review Board (IRB).
All datasets used in this research are publicly ac-
cessible and sourced from public websites. For
medical dialogue generation systems, safeguard-
ing patient confidentiality is of utmost importance.
These systems aim to provide support and guid-
ance while upholding patient privacy. We strictly
adhere to data usage policies and copyright regu-
lations, maintaining the ethical integrity of our re-
search. Despite using publicly available medical
dialogue datasets, the evaluators pledged not to
contact or deanonymize any users or to share the
data with others. It is important to note that the
dataset used in our study is intended solely for aca-
demic research. Furthermore, in practical applica-
tions, medical dialogue systems hold the potential
for patient counseling and diagnostic data collec-
tion. In instances where minor errors occur during
the dialogue process, medical professionals inter-
vene to rectify them, ensuring the integrity of pa-
tient information remains intact.

Limitations

In this study, we do not investigate the process
of selecting relevant knowledge, which is also cru-
cial for faithful response generation in dialogues.
How to effectively integrate external knowledge
into LLMs is a promising research area that has
received limited attention. Due to limitations im-
posed by text window size, we are unable to pro-
vide results for additional examples. Due to re-
source constraints, we empirically set A. A hy-
perparameter search for coefficients may further
enhance the performance of H2ES method. Fur-
ther, the sensitivity of LLMs to decoding parame-
ters is a significant concern, as altering these pa-
rameters can result in models that produce cor-
rect examples while hallucinating wrong answers
(Zhou et al., 2023). This issue highlights the need
for more research to make LLMs more robust to
these settings. In the present study, we refrain
from conducting a parameter sensitivity analysis
to determine optimal settings that can further re-
duce hallucination and improve the overall perfor-
mance of the model. Additionally, we refrain from
conducting analysis pertaining to the performance
improvement of the proposed IMKDG framework
with stronger LLMs compared to the smaller ones.
These aspects remain unexplored and offer av-
enues for future investigation.
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