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Abstract—Empathetic dialogue generation aims to produce
the responses that reflect an understanding of dialogue content
in a multi-turn dialogue system through emotional expression.
Traditional methods focus on enhancing the emotional response
prediction or improving the dialogue generation either through
the reinforcement learning or based on the topic models. This
study employs a graph neural network to learn the characteristics
and behaviors over empathetic dialogue interactions. Such a
network is further integrated with recent advancements in topic
model scheme to enhance the dialogue topic representation. This
model is additionally fused with the external knowledge to impose
relevance in the generated response. Experimental results demon-
strate that the proposed method surpasses some related methods
in automatic and human evaluations, showing improvement in
terms of empathy, relevance, fluency, text perplexity, generation
diversity and emotion classification accuracy.

I. INTRODUCTION

Open-domain dialogue systems [1] have undergone remark-
able advancements, transitioning from early rule-based models
[2] to sophisticated neural network architectures [3], [4] that
support a broad range of conversational topics and contexts.
While substantially skilled at generating diverse and coherent
responses, these systems often fail to deliver conversations that
exhibit genuine empathy, a critical component to foster an
emotional and intelligent interaction. Empathy in a dialogue
system can sufficiently enhance user satisfaction and build
trust and close relationships in human-computer interactions.
Empathy becomes even more crucial as users increasingly
seek more personalized and responsive interactions. Empathy
in a dialogue system is not just about understanding the
words a user says but also about grasping the underlying
emotions and responding in a way that acknowledges and
respects those feelings. An example is shown in Figure 1(a)
where an empathetic dialogue involves complex processes
such as emotion detection, sentiment analysis, and context-
aware response generation. Integrating these elements allows
a dialogue system to interact beyond a pure transactional
exchange towards a meaningful and supportive conversation
that can significantly improve user experience.

Recent approaches to empathetic dialogue generation [5], [6]
were ranged from developing the emotion recognition models
[71, [8] to designing the affective computation components
[9], and integrating the multi-modality data [10]. Emotion
recognition would like to identify and interpret the emotional
states conveyed in user inputs, enabling the system to tailor
its responses. Affective computing was implemented to extend
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this model by incorporating physiological and contextual data,
which helped comprehensively understand the emotional states
of a user. This study proposes a new topic model [11]-[13] for
empathetic dialogue response based on a knowledge-infused
topic model (KITM). This model is learned to grasp the con-
versation contexts and the emotional nuances, as well as to pro-
duce the contextually appropriate and emotionally meaningful
responses by integrating dialogue topics [14], [15] and external
knowledge [16] where the topic and knowledge are aligned
with the user emotional states, respectively. This paper further
addresses the challenges in empathetic dialogue generation
with a precise emotion detection. This study presents an ad-
vanced algorithm to balance between linguistic creativity and
conversational constraints for empathetic dialogue generation.
The experiments on EmpatheticDialogues dataset [17] were
evaluated in terms of different metrics.

II. KNOWLEDGE-INFUSED TOPIC MODEL

Figure 2 shows presents an empathetic response genera-
tion based on an encoder-decoder-based transformer where a
knowledge-infused process is implemented to build emotion
flow model for two-speaker dialogue control based on graph
convolution network. This study exploits a conversational topic
model enriched by external knowledge where emotion predic-
tion, dialogue understanding and generation are developed.

A. Inputs/Outputs in Empathetic Dialogue Generation

The task of empathetic dialogue generation [18], [19]
involves producing emotional and contextual responses for
interactive communications where the user information X“
and external knowledge X* are merged. Inputs and responses
of a dialogue system are first defined. This work adopts
the common-sense decoder (COMET) [16] to generate five
responses X* based on the predefined questions for events
related to ‘intent’, ‘need’, ‘effect’, ‘react’ and ‘want’. User
inputs consist of the dialogue utterances X* = [x},...,x%_,]
and the external knowledge responses X* from COMET. In
addition, system responses consist of the generated reply ¥y,
the prediction of emotions and intents for each dialogue turn
y¢ = [¥5,...,¥%], and the overall emotion-intent prediction
for the entire conversation y*. This study introduces six ob-
jectives {L., L., Lq, Ly, Ly, L1}, which are jointly optimized
to build an empathetic dialogue system based on the emotion-
aware inputs {X“, X*} and responses {y,y¢,y*}.
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Fig. 1: (a) Illustration for an example of a two-speaker dialogue. Blue tags show overall dialogue emotion while yellow tags
show personal utterance emotion. (b) An overview of topic reconstruction for a two-speaker dialogue through the operations of
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Fig. 2: An overview of encoder-decoder framework for empa-
thetic dialogue generation via knowledge-infused topic model
where a graph encoder for Z is used.

B. Knowledge-Infused Emotion Representation

1) Conversation and knowledge encoder: A transformer
encoder fy_ () [20] is utilized to extract features or embeddings
from both input utterances X" and external knowledge X
derived from COMET. This encoding process extract the input
composite embeddings, which are represented as a concate-
nation of two encoding matrices fy, (X*) and fq, (X*) in
Z = {fo.(X%), fo.(X¥)} where Z consists of a sequence of
N — 1 vectors (z1,...,z2y—1) for N — 1 turns. This is an
encoding for user conversation and external knowledge from
X% and X*, respectively.

2) Emotion flow contextual model: Next, a bidirectional
long short-term memory (Bi-LSTM) fy,(-) is introduced to
capture the dependencies and contexts from past to future

utterances within a dialogue trajectory consisting of utter-
ances in N turns with their emotions. The source input for
this process is a concatenation of the encoded utterances
and the relevant external knowledge. This process represents
the emotion flow through Bi-LSTM as Z = fy,(Z) where
Z = [z1,...,ZN-1]. This process is crucial for emotion
flow representation, ensuring that historical and forthcoming
contexts in two directions are considered.

3) Utterance emotion classification: Furthermore, the fine-
grained emotion-intent classification task is performed by min-
imizing the cross-entropy loss between the emotion prediction
output y¢ and the one-hot emotion ground-truth y®. The
probability of the predicted emotion §j of the utterances in
individual turn Zz; is computed by using the softmax function
where the linear transformation W, is applied over Bi-LSTM
outputs z;. The probability in turn j is expressed by

p(¥5) = Softmax(W.z;) (1)

which is used to calculate the emotion-intent classification loss
from N turns in a form of cross-entropy error function

N-1

Lo=—> y5logp(¥5). ©)

Jj=1

4) Response emotion prediction: Another objective function
is introduced to optimize the overall response of emotion
prediction with totally N turns. To do so, the cross-entropy
loss between the emotion-intent distribution of the predicted
response ¥, and the ground-truth label of target response
¥y is minimized. The self-attention mechanism aggregates the
encoded representations of the previous utterances and turns,
denoted as h, = Att((z1,...,Zn_1)). The probability of the
predicted response emotion p(¥5;) is then computed by using
the softmax function on linear transformation W, over the
aggregated hidden representation ]rAlp as

p(¥%) = SoftmaX(Wpﬁp). 3)

2025 Asia Pacific Signal and Information Processing Association Annual Summit and Conference (APSIPA ASC) 1260



The classification loss for response emotion L, is defined as

L, ==y logp(yy)- )

5) Dialogue emotion prediction: In a conversation, the
dialogue contains information from each utterance and the
overall emotion-intent y* for the entire dialogue flow. Cross-
entropy loss is minimized to optimize the summarization of
conversational emotion. In the process, the self-attention mech-
anism aggregates the encoded representations of all utterances,
denoted as hy = Att((Z1,...,Z2n-1)). Notably, self-attention
layers are individual for response emotion h, and dialogue
emotion ﬁd. The probability of the predicted emotion-intent
for the dialogue p(¥*) is then computed by using the softmax
function on the linear transformation W over the aggregated
hidden representation h, in a form of

p(§*) = Softmax(Wyhy). (5)
The loss for predicting dialogue emotion £, is measured by

Ly = —y*logp(y*). (6)

This objective function ensures accurate summarization of the
overall emotion-intent for the entire dialogue. The three loss
functions L., £,, and £, are then combined to form the clas-
sification loss L. for knowledge-infused emotion prediction.
6) Multi-role graph encoder: The multi-role graph encoder
fo,(+) updates the representations according to multi-role re-
latlons where each speaker has n; utterances. Representations
{N(Z } ! are defined for z; of turn j w1th nl utterances

of a speaker i. Under each representation z = {z )} AR
associated with a speaker ID ¢ € a,b for two speakers and k
is the index of utterances. This study considers two key rela-
tions including intra-speaker, ensuring topic consistency with
bidirectional edges within a window size, and inter-speaker,
determining topic shifts with bidirectional edges within a
window size. The updated representation is E,(;) = fo, (z,(;)) in
Z. The graph encoder is implemented by a graph convolution
network (GCN) [21], [22].

C. Knowledge-Infused Topic Representation

1) Conversational neural topic model (ConvNTM): Con-
VvNTM fp,(-) generates the bag-of-words (BoW) representa-
tions Xt from topic representation Z [23] and weighted matrix
B. The topic representation Z is a_combination of Z and Z
with a set as 0.5 in Z = (1 — @) - Z + « - Z. The topic-based
loss of a speaker i is yielded as a variational upper bound of
log likelihood of data w € X' with the latent topic variable
dg ), modeled by Gaussmn prior p(-) and variational posterior
q(+) with parameters { p ,acz)} and the weight parameters 3

£ = —E (40,0 o) [ZZlogp(wM&‘)ﬁ))
— (7N
o) p(d)]

where wy; is a hyperparameter and Dxy,(+) is the Kullback-
Leibler (KL) divergence. Following the topic reconstruction

+wit - D (g(dl? |,

process in Figure 1(b), the embedding ig) is extracted as BoW

features using multi-layer perceptron (MLP) fy, (-). The role
topic d( ) is learned via fo., (+) by incorporating the source

latent variable z,g) The dialogue history zg D

as
ng )
z(V) = tanh <Z o, ( Xk ,z?)) . d,(;)> . (8)

k=1

is then computed

The dialogue topic probability d(i) is determmed by using
fgt () with latent variable zg) from N(uc ,o'g)) [J,E) and
log 0'( ) are computed using fo, (-) and fp, (-), respectively.
BoW is reconstructed with weight parameters 3

%\ = Softmax(fy,  ((df”,d(")3)). ©)

In the knowledge-infused topic model the reconstructed Bow
representations X? = §§1 xm} for each speaker are
aggregated, informing responses with spemﬁc topics and con-
textual knowledge. The training loss E in Eq. (7) includes a
cross-entropy loss for reconstructing the BoW representations
and a KL divergence term for regularizing the variational
posterior of latent topic variables d((;z), and the hyperparameter
wy; was fixed as 0.01. The overall loss £; is the sum of the
losses for both speakers, i.e. £; = £§a) + /:,E”

2) Learning external knowledge in empathetic generation:
The process of combining external knowledge results in us-
ing cross-attention mechanism to select relevant information
S = CrossAtt(Z, (X*,X*), (X*; X*)) through query, key
and value. For text generation, the frequency-aware cross-
entropy [24] is used to penalize high-frequency tokens via the
loss function L5 = — zle Zy:l w;€er(c;) log p(yely <, X*)
where w; is the frequency weight for token c; from V
vocabulary words and €;(c;) checks if token c¢; matches the
ground truth. The standard negative log-likelihood loss is
Ly = —ZtT:llogp(yﬂyq,X“). Overall, the model objec-
tive combines different losses including the classification loss
L. = L.+ L.+ Ly and the text generation losses into a unified
function L=o- L.+ 8- Ly +7v-Ly+ 0Ly where o =1,
B=1,v=1.5and 6 =1 were empirically chosen.

III. EXPERIMENTS
A. Experimental Settings

The EmpatheticDialogues dataset [17] was collected to train
a dialogue system to understand and respond empathetically to
human emotions in conversations. This dataset was designed to
evaluate system ability to engage in emotion-aware dialogue,
improving the machine capacity to interpret and react to vari-
ous emotional cues during interactions. Several related models
were included for comparative study. KEMP [25] employed a
graph encoder to handle the emotional dependencies in con-
versations. CEM [26] integrated the situational and emotional
data to boost the dialogue empathy. SEEK [27] leveraged the
interplay between knowledge and emotion for predicting the
responses. CASE [28] aligned the cognitive and emotional
aspects for nuanced dialogue. ECORE [29] employed a multi-
resolution emotion graph and a correlation-enhanced decoder.
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TABLE I: Examples of generated responses in two-speaker
dialogue by using different methods under different emotions.

Context

Speaker: 1 just moved to this neighborhood and
some dumb criminals shot one of my
neighbors and ran into the woods!

Listener: That’s not good. Do you own a gun?

Speaker: 1 do! I want to be able to protect my son.

Speaker Emotion

Angry

CEM [26] I am sure he was a good parent.

KEMP [25] I am glad you are okay.

SEEK [27] That’s a lot of people in the world.

CASE [28] That’s good, I hope he gets old and get him back.

ECORE [29] I am glad you are ok.

KITM I agree with you.

Golden That is always the number one goal.
Speaker: Yeah about 10 years ago I had a horrifying
experience. It was 100% their fault but they hit
the water barrels and survived. They had no injuries
but they almost ran me off the road.

Context Listener: Did you suffer any injuries?

Speaker: No, I was not hit. It turned out they were
drunk. I felt guilty but realized it was his fault.

Speaker Emotion

Guilty

CEM

I haven’t seen that too.

KEMP I am glad you are okay.

SEEK I am glad you did not get it?

CASE Oh no, that is terrible.

ECORE That is terrible. I am glad you got it back.
KITM Oh my gosh, I am so sorry to hear that.
Golden Why did you feel guilty?

People really shouldn’t drive drunk.

Evaluation metrics include both automatic and human as-
sessments using our KITM and other methods. Automatic
metrics are accuracy (Acc.) (%) for emotion-intent tagging,
perplexity [30] (PPL) for text fluency and coherence, distinct-
n (Dist-n) [31] for response diversity, and BLEU [32] for
comparing the generated responses to reference texts. Human
evaluations was to rate the coherence (Coh.), empathy (Emp.),
and fluency (Flu.) on a scale of 1 to 5, providing a qualitative
measure of the quality of dialogue. Four professional annota-
tors were hired to judge the quality of the generated response
in human evaluation.

TABLE II: Results on different automatic and human metrics.

Method PPL | Dist-1 1T Dist-21T Acc. T ‘ Coh. Emp. Flu.
Transfomer  37.68 0.45 2.02 - - - -

CEM 37.03 0.66 2.99 36.44 278 2,65 285
KEMP 36.89 0.61 2.65 37.58 263  2.63 2.7
SEEK 37.09 0.73 3.23 41.85 2.08  2.08 2.1
CASE 36.4 0.65 3.37 37.81 248 255 275
ECORE 33.31 0.72 349 3956 | 3.03 2.83 3.08
KITM 36.06 0.88 3.58 42.04 \ 325 318 348

B. Experimental Results

Table I shows the dialogue responses using different meth-
ods to reply a speaker about a crime issue under different
emotions. Each model provides a unique response where
only KITM agrees with the speaker’s fear, but still lacking
emotional support. Table II reports the results on automatic

and human evaluations. In automatic evaluation, KITM obtains
with the highest scores in distinctiveness and accuracy among
different methods, while ECORE has the lowest perplexity.
In human evaluation over different related methods, KITM
leads in Coh., Emp., and Flu., with ECORE showing good
performance in Coh. and Emp. but weak performance in Flu.

Coh. Emp. Flu.
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Fig. 3: Human A/B test (%) by using KITM relative to other
methods on the metrics of coherence, empathy and fluency.
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Fig. 4: LLM A/B test (%) by using KITM relative to other
methods on the metrics of coherence, empathy and fluency.
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TABLE III: Ablation study on knowledge-infused topic model.

Method PPL | Dist-1 T Dist-2 1T  Acc. (%) T
KITM 36.06 0.88 3.58 42.04
w/o Topic 36.77 0.61 2.44 43.58
w/o Topic Loss 36.44 0.89 3.6 42.89
w/o Graph 36.56 0.61 242 41.48
w/o Graph & Topic  36.86 0.55 2.16 39.94

Figure 3 highlights the KITM’s consistent superiority in the
A/B tests, particularly in Coh. and Flu., often outperforming
the other methods like CEM, SEEK, and CASE. In this com-
parison, KITM and ECORE are found to be closely matched,
with several ties showcasing their competitive relation. Overall,
KITM emerges as a robust method across both automatic and
human evaluation metrics, excelling in generating coherent,
empathetic, and fluent outputs. Figure 4 shows the results
of an A/B test comparing the performance of KITM with
several baseline large language models (LLMs). The evaluation
focuses on three metrics including coherence, empathy, and
fluency. For this comparison, we utilize four distinct LLMs
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including GPT-3.5 Turbo, LLaMA 3 (8B), Gemini, and Claude
3.5. These models serve as the benchmarks for assessing the
performance of KITM across different metrics. The averaged
scores from all four models provide a comprehensive baseline
for comparison across the three evaluation aspects.

Table III presents an ablation study on KITM, showing its
performance across various metrics. It is found that KITM
achieves the competitive PPL, Dist-1 score, Dist-2 score, and
accuracy. The accuracy increases when topics are excluded
from the model, indicating a trade-off between including
topics and maintaining accuracy. This finding suggests that
while topics enhance the diversity in dialogue generation, but
may also introduce complexity that slightly reduces overall
predictive accuracy. In addition, the importance of merging
two-speaker graph encoder is obvious from this comparison.

IV. CONCLUSIONS

In conclusion, this paper has presented a learning approach
to empathetic dialogue generation, producing the contextually
appropriate and the emotionally reasonable responses in a
dialogue system. The knowledge-infused topic model was
developed to enhance the empathetic dialogue by leveraging a
multi-role graph neural network to understand speaker roles
and relationships, integrating a conversational neural topic
model for maintaining the topic consistency and synthesizing
the external knowledge. The emotion prediction of individual
dialogue turns and overall dialogue was implemented. The
effectiveness of this approach was demonstrated through com-
parative study in both automatic and human evaluations on an
empathetic dialogue dataset.
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