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Abstract
Empathetic response generation endeavors to empower dialogue systems to perceive speakers’ emotions and
generate empathetic responses accordingly. Psychological research demonstrates that emotion, as an essential
factor in empathy, encompasses trait emotions, which are static and context-independent, and state emotions,
which are dynamic and context-dependent. However, previous studies treat them in isolation, leading to insufficient
emotional perception of the context, and subsequently, less effective empathetic expression. To address this problem,
we propose Combining Trait and State emotions for Empathetic Response Model (CTSM). Specifically, to sufficiently
perceive emotions in dialogue, we first construct and encode trait and state emotion embeddings, and then we further
enhance emotional perception capability through an emotion guidance module that guides emotion representation. In
addition, we propose a cross-contrastive learning decoder to enhance the model’s empathetic expression capability
by aligning trait and state emotions between generated responses and contexts. Both automatic and manual
evaluation results demonstrate that CTSM outperforms state-of-the-art baselines and can generate more empathetic
responses. Our code is available at https://github.com/wangyufeng-empty/CTSM
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1. Introduction

Empathy is crucial in human conversation (Abu-
Elrob, 2022) and human-like dialogue systems
(Beredo and Ong, 2022; Zhao et al., 2023a). Cen-
tral to this work is the empathetic response gen-
eration task (Rashkin et al., 2019), which aims
to produce empathetic responses by profoundly
comprehending speakers’ emotions (Zhao et al.,
2023a). Emotion, as an essential factor facilitat-
ing empathy (Lebowitz and Dovidio, 2015; Zaki,
2020; Krol and Bartz, 2022), bridges communi-
cators and fosters understanding (Decety and
Holvoet, 2021). Psychological studies (Rosenberg,
1998) differentiate between trait (static and context-
independent (Goetz et al., 2015)) and state (dy-
namic and context-dependent (Goetz et al., 2015;
Zheng et al., 2023)) emotions. Specifically, we
regard static as the inherent emotional conno-
tation of textual words, whereas dynamic corre-
sponds to the emotion’s variability and adaptabil-
ity to contexts. Figure 1 illustrates the distinction
between trait and state emotions. The bar chart
highlights that the trait emotion of excited consis-
tently embodies the fundamental emotional dimen-
sions of Valence, Arousal, and Dominance (Mo-
hammad, 2018) in context A and B. Trait emotions
can be accurately quantified and remain context-
independent, and overlooking them may miss in-
herent emotional connotations of words, weaken-
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ing emotion understanding. Conversely, the heat
map presents the diverse emotional expressions
of excited across various contexts. In context A, it
conveys positive feelings like happiness and antic-
ipation, while in context B, excited tends towards
negative emotions like terrified and anxiety. Ignor-
ing state emotions could confuse semantics and
emotional interpretation.

Existing approaches focus separately on per-
ceiving only one type of emotion. Research target-
ing trait emotions often utilizes pre-trained classi-
fiers (Rashkin et al., 2019) and external knowledge
(Li et al., 2022; Sabour et al., 2022; Zhou et al.,
2023; Zhao et al., 2023b). Conversely, approaches
centered on state emotions employ multi-listener
frameworks (Lin et al., 2019), emotion mimicry
techniques (Majumder et al., 2020), and embed-
ding adjustments (Agrawal et al., 2018; Mao et al.,
2019; Wang and Meng, 2018). However, treating
trait and state emotions in isolation comprised the
completeness and intricacy of emotional expres-
sion in dialogue. Neglecting the emotional reaction
(Elliott et al., 2018) stemming from the interaction
between trait and state emotions can engender
inaccurate emotion comprehension and catego-
rization, generating inappropriate empathetic re-
sponses. Therefore, modeling both emotion types
is imperative for empathetic response generation,
but remains underexplored.

To this end, we propose a Combining Trait and
State Emotions for Empathetic Response Model

https://github.com/wangyufeng-empty/CTSM


4215

Context A
Christmas is coming and I'm so excited to get my dream gift.

Context B
I was too excited to shake my legs before bungee jumping.

Trait Emotion Representation of excited
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Two sample contexts containing excited

Figure 1: An example of trait and state emo-
tions. (a) The bar chart illustrates the context-
independent trait emotions of excited. (b) Two sam-
ple contexts contain the term excited. (c) The heat
map displays the varying state emotions of excited
across two different contexts, with warmer colors
indicating stronger emotion inclination and cooler
colors denoting lesser emotional intensity.

(CTSM) to fully incorporate trait and state emotions,
enabling more comprehensive perception and ex-
pression of contextual emotions. First, in address-
ing the distinction between static trait emotions and
dynamic state emotions, we present two special-
ized embedding patterns to capture their unique
characteristics at the token level. Building on this
foundation, we introduce emotion encoders as the
essential component to extract and refine the nu-
anced feature representations inherent in these
embeddings. Subsequently, to enhance emotion
perception capability, we propose an emotion guid-
ance module with teacher and student components.
The teacher guides the student through emotion
labels to enhance the student’s understanding of
complex emotions. Additionally, we design a cross-
contrastive learning decoder to enhance CTSM’s
empathetic expression capability that aligns the
features of generated responses and contexts in
terms of trait and state emotions.

Experiments with benchmark models on the
EMPATHETICDIALOGUES (ED) dataset (Rashkin
et al., 2019) demonstrate that CTSM outperforms
benchmark models, particularly excelling in emo-

tion accuracy and diversity metrics. Further studies
verify that CTSM can accurately perceive both trait
and state emotions.

Our contributions are summarized as follows:

• To the best of our knowledge, our work is the first
to simultaneously model both trait and state emo-
tions for each token within the dialogue text. This
addresses the limitations in emotion perception
methodologies of prior works.

• We augment the interplay between trait and state
emotions utilizing an emotion guidance module,
which improves the perception of intricate emo-
tions through full emotion feature guidance. Fur-
thermore, we employ a cross-contrastive learn-
ing decoder to enhance empathetic expression
during empathetic response generation.

• The experimental results demonstrate that CTSM
effectively combines trait and state emotions
within dialogues, exhibiting enhanced empathetic
capabilities.

2. Related Work

Empathetic response generation involves perceiv-
ing emotions conveyed by speakers in a dialogue
to produce sympathetic responses (Rashkin et al.,
2019). Early approaches directly simulated emo-
tions using rules and statistics (Colby et al., 1972;
Keshtkar and Inkpen, 2011; Adamopoulou and
Moussiades, 2020), but faced challenges in scal-
ability, flexibility, and cost. Recent methods, lever-
aging the power of deep neural networks (Mikolov
et al., 2013; Pennington et al., 2014; Ma et al.,
2020) and word embeddings (Jianqiang et al.,
2018; Baali and Ghneim, 2019; Hamdi et al., 2019),
have made significant strides in perceiving emo-
tions in conversational text. Building on these ad-
vancements, state-of-the-art approaches can be
broadly categorized into two groups: those target-
ing the perception of trait emotions and those fo-
cusing on state emotions within dialogue contexts.

The first category of methods emphasizes the
perception of trait emotions to enhance emotional
accuracy. Specifically, Rashkin et al. (2019) lever-
aged a pre-trained emotion classifier to capture
trait emotions in context, and Li et al. (2020)
adopted interactive discriminators to extract multi-
resolution trait emotions. Further considering spe-
cific words like negation combined with word inten-
sity (Zhong et al., 2019) and words causing emo-
tional causality (Kim et al., 2021) can strengthen
the model’s perception of subtle trait emotions.
However, the lack of external knowledge makes
it challenging for models to perceive implicit emo-
tions. Li et al. (2022) addressed this limitation by
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utilizing external knowledge to construct an emo-
tion context graph, enhancing the expression of im-
plicit trait emotions in the semantic space. Sabour
et al. (2022) built COMET through external reason-
ing knowledge, reinforcing the perception of trait
emotions. Building on this, Zhou et al. (2023) and
Zhao et al. (2023b) integrate external knowledge
through graph structure to enhance the model’s
empathetic capabilities. However, these models fo-
cus on perceiving static, context-independent trait
emotions while neglecting dynamic state emotions,
leading to a misalignment between contextual se-
mantics and the emotions conveyed in the text.

The second type of method focuses on per-
ceiving state emotions to enrich emotion under-
standing, such as modeling mixed emotions using
multiple listeners (Lin et al., 2019) or mimicking
user emotions considering emotion polarity and
randomness (Majumder et al., 2020). However,
directly modeling global context can cause seman-
tically similar words to convey opposing emotions
(Agrawal et al., 2018). Thus, some methods ad-
dress this by constructing contextual word embed-
dings that capture emotional influences on individ-
ual words (Agrawal et al., 2018; Mao et al., 2019;
Wang and Meng, 2018; Yang et al., 2023), enabling
richer state emotion perception. However, these
approaches overlook the inherent static trait emo-
tions within the dialogue, leading to inaccurate dis-
cernment of contextual emotions and generating
inappropriate empathetic responses.

3. Method

3.1. Overview

Figure 2 illustrates the overall architecture of
CTSM. To effectively perceive and utilize the trait
and state emotions in dialogues, we abstract the
model into four primary components: 1) Inference-
Enriched Context Encoder encodes the con-
text and integrates inference knowledge; 2) Emo-
tion Encoding Module constructs and encodes
two emotion embeddings, enabling the model to
perceive both trait and state emotions from con-
text fully; 3) Emotion Guidance Module facil-
itates CTSM’s learning of emotion representa-
tions by utilizing the inference-enriched context
to enhance its emotion perception capabilities; 4)
Cross-Contrastive Learning Decoder employs
cross-contrastive learning after decoding process
during training, allowing CTSM to generate more
empathetic and appropriate responses.

3.2. Task Formulation

Given a dialogue history D = [u1, u2, . . . , un] with
a context-level emotion label ε, as well as a set

of emotion words e, our goal is to generate em-
pathetic responses R = [r1, r2, · · · , rm] whose se-
mantics and emotions align with the context while
conveying empathy. e is the union of all emo-
tion labels and ε ∈ e. D is made up of n sen-
tences, and R contains m words. The i-th sen-
tence ui =

[
xi
1, x

i
2, · · · , xi

li

]
consists of li words.

For batches, sequences shorter than the maximum
length L are padded to L with [PAD] tokens.

3.3. Inference-Enriched Context Encoder

Following prior works (Li et al., 2022; Sabour et al.,
2022), we flatten the dialogue context, and prepend
a [CLS] token to obtain the context sequence
C = [CLS] ⊕ u1 ⊕ u2 ⊕ · · · ⊕ un, where ⊕ rep-
resents concatenation. The context embedding
EC ∈ RL×d is the sum of the word embeddings,
positional embeddings, and dialogue state embed-
dings. An encoder is used to extract the contextual
hidden representation from EC :

HC = EncoderC (EC) , (1)

where HC ∈ RL×d and d is the dimension of the
context encoding.

Referring to the approach of Sabour et al. (2022)
for the fusion of context and inferential knowl-
edge, we establish the inference-enriched con-
text teacher Htchr

C and similarly the student Hstu
C .

These two contexts will be used in the emo-
tion guidance module (in Sec. 3.5) and cross-
contrastive learning decoder (in Sec. 3.6).

3.4. Emotion Encoding Module

In this subsection, we illustrate how to perceive
trait and state emotions by considering their unique
characteristics. We also present how we integrate
and encode them with external knowledge and the
importance of words.

3.4.1. Trait Emotions Encoding

To ensure that the trait emotion embedding Vt effec-
tively captures the context-independent emotion,
importance of words, and contextual semantics.
Vt integrates static emotion knowledge from the
VAD emotion lexicon (Mohammad, 2018) VV AD,
Inverse Document Frequency (IDF) (Sparck Jones,
1988) VIDF and condensed contextual semantics
H̃C . Formally,

Vt = VV AD ⊕ VIDF ⊕ H̃C , (2)

H̃C = WCHC , (3)

where VV AD ∈ RL×3, VIDF ∈ RL×1, H̃C ∈ RL×dcs

and dcs is the dimension after semantic compres-
sion. The VAD lexicon delineates emotions into
three dimensions: Valence (negativity or positivity),
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Figure 2: An overview architecture of CTSM. It consists of four parts: 1) Inference-Enriched Context
Encoder; 2) Emotion Encoding Module; 3) Emotion Guidance Module; 4) Cross-Contrastive Learning
Decoder.

Arousal (calmness or excitement), and Dominance
(weak or strong control), with each value ranging
from [0,1]. The words excluded in VAD are set
with neutral default values [0.00, 0.50, 0.00]. Then,
Vt ∈ RL×dt is encoded to encapsulate the trait
emotions representation within the context:

Ht = Encodert (Vt) , (4)

where Encodert (·) is the trait emotion encoder
and Ht ∈ RL×dt .

3.4.2. State Emotion Encoding

Regarding the state emotion embedding Vs, we
initially define the dynamic state inclination Vcos,
whose entries with higher values indicate a
stronger emotional inclination. Specifically, Vcos

is the cosine similarity between the linear embed-
dings of emotion words Ẽe and context ẼC .

Ẽe = W1 ×Embedding(e) + b1, (5)

ẼC = W2EC + b2, (6)

Vcos = cos
(
ẼC , Ẽ

⊤
e

)
, (7)

where Ẽe ∈ R32×d, ẼC ∈ RL×d and Vcos ∈ RL×32.
The 32 dimensions in Ẽe correspond to the 32
emotion categories in the ED dataset, used for
prediction classification. Notably, these emotion
labels are not fed into the emotion encoder. cos(·)
is the cosine similarity function. W1,W2, b1, b2 are
all trainable parameters. Next, Vs consolidates the
state inclination, IDF vector, and semantics H̃C to
understand the token’s state emotions comprehen-
sively.

Vs = Vcos ⊕ VIDF ⊕ H̃C , (8)

where Vs ∈ RL×ds , ds is the dimensionality of the
state emotion embedding. Finally, we encode Vs

to capture the state emotion representation:

Hs = Encoders (Vs) , (9)

where Encoders (·) is the state emotion encoder
and Hs ∈ RL×ds .

3.5. Emotion Guidance Module

In light of the intricacies of textual emotions in dia-
logues, a hard label may not encompass the blend
of trait and state emotions. Drawing from research
(Xu et al., 2020; Jafari et al., 2021; Nguyen et al.,
2022), we design an emotion guidance module
that enhances the model’s capacity to perceive
and comprehend intricate emotions. Specifically,
we employ a teacher component to extract soft
labels encapsulating the dark knowledge (Hinton
et al., 2015), which comprises hidden knowledge
crossing both trait and state emotions. The student
model assimilates the dark knowledge by train-
ing with soft labels, leading to enhanced general-
ization and performance (Hahn and Choi, 2019).
Armed with augmented capabilities, the student is
employed in both the emotion prediction (in Sec.
3.5.2) and decoding phases (in Sec. 3.6).

3.5.1. Teacher Emotion Guidance

After getting the embedding of trait and state emo-
tions as well as the teacher inference-enriched con-
text, we concatenate them to Vtchr. Subsequently,
the teacher’s semantic-emotion context Ctchr is de-
rived by weighting Vtchr with the emotion intensities
I (Li et al., 2022).

Vtchr = Htchr
C ⊕ Vt ⊕ Vs, (10)

Ctchr = SUMd=1 (σ (I)× Vtchr) , (11)
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where Vtchr ∈ RL×ds , Ctchr ∈ RL × ds , Htchr
C ∈

RL×d. SUMd=1 (·) represents a summation over
the first dimension to aggregate contextual seman-
tics representations. σ (·) is the softmax function.
The emotion distribution P tchr

e predicted by the
teacher, which captures the characteristics of both
trait and state emotions, is given by:

S = σ (W s
3 (Tanh (W c

3Ctchr + b3))) , (12)

S′ = Tanh (W4 (CtchrS) + b4) , (13)

P tchr
e = σ (WoutS

′ + bout) , (14)

where S ∈ RL×d, S′ ∈ RL×ds , P tchr
e ∈ R32. W s

3 ,
W c

3 , W4, b3, b4, bout, and Wout are all trainable pa-
rameters. The teacher’s parameters are optimized
by the Cross-Entropy Loss between teacher emo-
tion prediction P tchr

e and the ground truth label e∗.

Ltchr = − log
(
P tchr
e (e∗)

)
. (15)

3.5.2. Student Emotion Guidance

The student shares a similar model structure with
the teacher. However, the student concatenates
the student inference-enriched context Hstu

C with
emotion representations Ht and Hs, rather than Vt

and Vs. Specifically:

Vstu = Hstu
C ⊕Ht ⊕Hs, (16)

Cstu = SUMd=1 (σ (I)× Vstu) , (17)

where Vstu ∈ RL×ds . Cstu ∈ RL×ds is the stu-
dent semantic-emotion context. Analogous to how
P tchr
e is computed by Eqs. (12) - (14), we obtain

the student’s emotion prediction P stu
e ∈ R32 and

employ it for predicting dialogue emotion, formally
represented by the equation: ê = argmax (P stu

e ).
To learn hidden knowledge from the teacher, the
student is trained with soft labels:

Lstu = − log
(
P stu
e

(
P tchr
e

))
. (18)

Ultimately, the objective of the teacher and student
components concerning the emotion perception is:

Le = Ltchr + Lstu. (19)

3.6. Cross-Contrastive Learning Decoder

Contrastive learning (Chen et al., 2020; Sun et al.,
2023) minimizes distances between positive sam-
ples while maximizing distances between nega-
tive samples. Inspired by its application in fea-
ture alignment (Zhou et al., 2022), we incorporate
cross-contrastive learning into the decoding pro-
cess. Specifically, we align dialogue emotions be-
tween responses and contexts by minimizing the
distance among generated responses, target re-
sponses, contextual semantics, as well as trait and

state emotions. Consequently, this enhances the
student’s contextual semantic representation and
teacher-guided performance, further improving the
model’s ability for empathetic expression.

3.6.1. Response Generation

As mentioned in Sec. 3.3, the student inference-
enriched context Hstu

C is used to make prediction
for word distribution Pw:

Pw = P (Rj | ER<j , C,Ht, Hs)

= PoGen
(
Decoder

(
EY , H

stu
C

))
,

(20)

where ER<j is the embedding of the gener-
ated responses up to time step j − 1. EY =
Embedding(Y ) is the embedding of the target
response Y , and PoGen (·) signifies the pointer
generator network module (See et al., 2017).

Ultimately, the generation loss of the model is
defined by a standard negative log-likelihood:

Lg = −
T∑

j=1

logP (Rj | ER<j , C,Ht, Hs) , (21)

3.6.2. Cross-Contrastive Learning

We adopt Contrastive Learning to align dialogue
emotion representations between responses and
contexts for the same context within a batch. Be-
sides aligning representations of contextual seman-
tics Hstu

C and generated responses Pw, we are
also interested in the hidden representation of tar-
get response HY = EncoderY (EY ), and the com-
bined representation of trait and state emotions
Hts = Ht ⊕ Hs. Then, by crossly pairing these
representations with each other, the set of positive
sample pairs denoted as H+, consists of the five
sample pairs for each context. To be specific:

H+ = {(HY , Hts), (H
stu
C , Pw), (H

stu
C , HY ),

(Hts, Pw), (HY , Pw)},
(22)

Notably, considering the tight correlations between
emotions and semantics, our model not only aligns
them within the current context but also captures
the emotion correlations across various contexts
in the batch. To avoid potential misalignment of
emotions with semantics from other contexts, we
exclude the pair (Hstu

C , Hts). Conversely, the rep-
resentations of the different contexts are regarded
as negative pairs, and the set of negative sample
pairs H− contains all such negative pairs.

The training objective for any given positive sam-
ple pair is to minimize the distance between their
representations while maximizing the distance for
negative pairs, expressed as:

Lcl(hp, hq) = − log
esim(hp,hq)/τ∑

(hp,hk)
esim(hp,hk)/τ

, (23)
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where (hp, hq) ∈ H+, (hp, hk) ∈ H−. sim(·) com-
putes similarity using the dot product. τ is a tem-
perature parameter adjusting the scale of similarity
scores. The loss Lccl is then computed as the
average loss across the five positive sample pairs:

Lccl =
1

5

∑
(hp,hq)

Lcl(hp, hq). (24)

Integrating the diversity loss Ldiv suggested by
Sabour et al. (2022), the total loss of our model is
the weighted sum of the four mentioned losses:

L = γ1Le + γ2Lg + γ3Lccl + γ4Ldiv, (25)

where γ1, γ2, γ3, and γ4 are hyperparameters that
can be manually set.

4. Experimental Settings

4.1. Baselines for Comparison

We compare the proposed model with six state-of-
the-art (SOTA) benchmark models:

• Transformer (Vaswani et al., 2017): is a vanilla
Transformer-based model with encoder-decoder
architecture for generation.

• MoEL (Lin et al., 2019): is a Transformer-based
empathetic response generation model using
separate emotion decoders and a global con-
textual decoder to combine emotions softly.

• MIME (Majumder et al., 2020): is a Transformer-
based model that considers emotion clustering
based on polarity and emotion mimicry to gener-
ate empathetic responses.

• EmpDG (Li et al., 2020): combines dialog-
level and token-level emotions through a
multi-resolution adversarial model with multi-
granularity emotion modeling and user feedback.

• KEMP (Li et al., 2022): uses ConceptNet (Speer
et al., 2017) to construct an emotion context
graph, capturing implicit emotions to enrich repre-
sentations for appropriate response generation.

• CEM (Sabour et al., 2022): incorporates affection
and cognition, and uses reasoning knowledge
about the user’s situation to enhance its ability to
perceive and express emotions.

• CASE (Zhou et al., 2023): introduces common-
sense reasoning and emotional concepts, align-
ing with the user’s cognition and emotions at both
coarse-grained and fine-grained levels to gener-
ate empathetic responses rich in information.

4.2. Implementation Details

We conduct experiments on EMPATHETICDIALOG-
UES dataset, using the 8:1:1 train/validation/test
split as in (Rashkin et al., 2019). CTSM uses 300-
dimensional pre-trained GloVe vectors (Pennington

et al., 2014) for embedding. The dynamic state
inclination is 32-dimensional, VAD vectors are 3-
dimensional, and the compressed semantic dimen-
sions dcs are 10-dimensional. We set the cross-
contrastive learning temperature τ to 0.07 and loss
weights γ1 to γ4 as 1, 1, 1, and 1.5, respectively.
When trained on a Tesla T4 GPU with a batch size
of 16, our model utilizes the Adam optimizer (Kinga
et al., 2015) combined with the NoamOpt (Vaswani
et al., 2017) learning rate schedule. The model
converges after roughly 17,250 iterations.

4.3. Evaluation Metrics

4.3.1. Automatic Evaluations

We adopt four automated metrics for evaluation:
Emotion Accuracy (Acc), Perplexity (PPL) (Serban
et al., 2015) and Distinct metrics (Dist-1 and Dist-
2 ) (Li et al., 2016). Lower perplexity indicates a
higher quality of the generated responses. Higher
emotion accuracy indicates more precise contex-
tual emotion perception. Larger distinct shows a
greater diversity of responses.

4.3.2. Human Evaluations

For human evaluation, we employ A/B testing be-
tween model response pairs (Li et al., 2020, 2022;
Sabour et al., 2022) concerning Empathy (Emp.),
Relevance (Rel.), and Fluency (Flu.). Empathy
measures the emotional alignment between re-
sponses and contexts. Relevance assesses the co-
herence of generated responses with contexts. Flu-
ency assesses readability and grammar. Three pro-
fessional annotators compare responses from the
CTSM against those from the baselines. Rather
than using absolute 1-5 scales, which can be prone
to subjective differences (Sabour et al., 2022), an-
notators label CTSM responses as Win, Tie, or
Lose relative to the baseline for the same context.

5. Results and Analysis

5.1. Automatic Evaluation Results

Table 1 shows the performance of CTSM and base-
lines concerning automatic metrics. We find that
models such as MoEL and MIME focus primarily
on recognizing state emotions and exploring the
relationship between context and various emotion
categories. However, they tend to overlook trait
emotions. This oversight decreases emotion de-
tection accuracy (Acc) and compromises response
quality (PPL). On the other hand, models like Em-
pDG, KEMP, CEM and CASE, which only focus
on trait emotions, detect emotions more precisely
but do not substantially improve response diversity
(Dist-1 and Dist-2) or quality (PPL).
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Models Acc(%) ↑ PPL ↓ Dist-1 ↑ Dist-2 ↑

Transformer - 37.73 0.47 2.04
MoEL 32.00 38.04 0.44 2.10
MIME 34.24 37.09 0.47 1.91
EmpDG 34.31 37.29 0.46 2.02
KEMP 39.31 36.89 0.55 2.29
CEM 39.11 36.11 0.66 2.99
CASE 40.20 35.37 0.74 4.01

CTSM 43.41 34.56 2.00 7.34

Table 1: Comparison of CTSM against baseline
models on automatic evaluation metrics. The best
results are bolded.

Overall, CTSM outperforms all other baselines
concerning all the automatic evaluation metrics.
Specifically, CTSM achieves a 7.99% relatively
higher accuracy than CASE. We attribute this to
our model’s exceptional capability to combine trait
and state emotions, perceiving a more compre-
hensive range of emotions. Subsequently, through
the emotion guidance module, the teacher guides
the student to learn features from soft labels that
cover both trait and state emotions. This pro-
cess enhances the emotion encoders’ capacity
and generates deeper emotional representations.
Furthermore, CTSM achieves a relative improve-
ment over CASE in Dist-1, Dist-2, and PPL by
170.27%, 83.04%, and 2.29% respectively. We
attribute the performance improvement to the en-
hanced integration of the student context and in-
ference knowledge through the emotion guidance
module, which enriches response diversity. Fur-
thermore, cross-contrastive learning reduces the
distance among generated responses, target re-
sponses, and contextual representations regarding
both trait and state emotions. This module signifi-
cantly strengthens the representation of contextual
semantics and emotions, enhancing the model’s
response quality and capacity for empathetic ex-
pression.

5.2. Human Evaluation Results

Based on the results shown in Table 1, we se-
lect three competitive models as benchmarks for
human evaluation. As shown in Table 2, CTSM
achieves state-of-the-art performance on the hu-
man evaluation metrics of Empathy, Relevance,
and Fluency compared to others. The high scores
in Empathy underscore CTSM’s proficiency in per-
ceiving both trait and state emotions within con-
textual dialogues and in expressing appropriate
emotions in the generated responses. Additionally,
high scores in Relevance attest to CTSM’s capabil-
ity to comprehend contextual semantics effectively,
generate topically coherent responses, and extract
and convey pertinent information from diverse con-

Comparison Aspects Win Lose κ

CTSM vs. KEMP
Emp. 48.6 8.1 0.64
Rel. 52.6 13.3 0.60
Flu. 35.1 14.1 0.56

CTSM vs. CEM
Emp. 38.5 10.9 0.62
Rel. 47.9 17.0 0.68
Flu. 28.9 15.8 0.44

CTSM vs. CASE
Emp. 36.8 14.6 0.57
Rel. 49.1 16.5 0.53
Flu. 28.1 13.8 0.48

Table 2: CTSM’s human A/B evaluation results(%).
The best results are bolded. κ is the label con-
sistency measured by Fleiss’ kappa (Fleiss and
Cohen, 1973), with 0.41 ≤ κ ≤ 0.60 and 0.61 ≤ κ
≤ 0.80 indicating moderate and substantial agree-
ment respectively.

Models Acc(%) PPL Dist-1 Dist-2

CTSM 43.41 34.56 2.00 7.34

w/o TEE 42.58 34.68 1.18 4.28
w/o SEE 42.63 35.01 1.42 5.06
w/o EGM 39.66 35.08 1.72 6.50
w/o CCL 42.97 34.42 1.73 6.27
w/o EGM & CCL 41.88 36.35 1.57 5.42

Table 3: Ablation studies results of CTSM. The
best results are bolded.

texts. Finally, the outstanding Fluency highlights
CTSM’s superior decoding capabilities to generate
more natural, human-like responses.

5.3. Ablation Studies

We design four variants for ablation studies to ver-
ify the effectiveness of the key components in our
model: 1) w/o TEE: Without the trait emotion em-
bedding and corresponding emotion encoder. 2)
w/o SEE: Without the state emotion embedding
and corresponding emotion encoder. 3) w/o EGM:
Without the emotional guidance module, which
contains teacher and student emotion guidance. 4)
w/o CCL: Without the cross-contrastive learning
component in the decoding and generating pro-
cess, and removing the contrastive loss. 5) w/o
EGM & CCL: Simultaneously eliminating the afore-
mentioned EGM and CCL components.

The results are shown in Table 3. Omitting TEE
from CTSM leads to a notable decline in Acc and
Dist, indicating TEE enhances emotion perception
accuracy and quality of response. On the other
hand, the exclusion of SEE results in lower emotion
accuracy and response quality, highlighting SEE’s
role in improving alignment between contextual se-
mantics and conveyed emotions, thereby enhanc-
ing the model’s comprehensive emotion perception
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and semantic understanding. Moreover, the supe-
rior Acc in the w/o EGM & CCL relative to CASE
suggests that capturing trait and state emotions
alone enhances emotional perception capabilities.

Furthermore, detaching EGM from CTSM sig-
nificantly reduces all metrics, especially Acc and
PPL. It emphasizes that EGM markedly enhances
emotion encoders’ efficiency and the inference-
enriched context’s semantic representation.

Finally, CTSM without CCL achieves worse ac-
curacy and diversity. The results demonstrate that
CCL enhances the model’s ability to fully perceive
comprehensive contextual emotions and produce
diverse responses, ultimately optimizing empa-
thetic expression. However, its PPL value is better
than CTSM. We attribute it to two factors: Firstly,
the negative samples contain noise introduced by
the dataset, which could be amplified during the
feature alignment (Zhou et al., 2022). Secondly,
a small batch size and relatively short dialogue
sentences in the dataset may cause the model to
overfit during training (Wang et al., 2022), generat-
ing overly simplistic responses and subsequently
deteriorating the PPL.

5.4. Deeper Analysis on Trait and State
Emotions

In this subsection, we delve deeper into the emo-
tional polarities of trait and state, emphasizing the
importance of considering them concurrently by
showing the discrepancy between them.

Specifically, the word’s trait emotion polarity Pt

is determined by the Valence in the VAD lexicon.
Specifically, a word exhibits a negative trait polarity
Pt = 0 when 0 ≤ Valence ≤ 0.5, and a positive
polarity Pt = 1 when 0.5 < Valence ≤ 1. Then, we
divide all words into positive and negative groups
based on their Pt. For the state emotion polarity
Ps, we utilize the GloVe word embeddings, which
encapsulate rich contextual semantics. We calcu-
late the centroid of each of the two groups and the
cosine similarity (as in Sec. 3.4.2) between each
word and the two centroids. A word is deemed to
have a negative state polarity Ps = 0 when it ex-
hibits a more substantial similarity to the negative
centroid than to the positive one, and vice versa.

We visualize the trait and state emotion polarities
of 32 emotion words in the VAD three-dimensional
space, as illustrated in Figure 3. Notably, while sur-
prised manifests positive trait emotions, its state
emotions inclination towards the negative in con-
textual semantics (whose Pt ̸= Ps), results in emo-
tion and semantic divergence. Further analysis
of 23,712 words from the ED dataset reveals a
48.75% proportion (11,559 words) exhibiting such
discrepancies. Therefore, combining the word’s
trait and state emotions and analyzing their inter-
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Figure 3: Visualization of trait and state emotion
polarities in the VAD space. When a word’s trait
and state emotional polarities align, they overlap;
otherwise, an offset occurs (highlighted in blue).

Emotion Nostalgic

Context
Last week when Toys"R"Us closed, it re-
ally made me start thinking of the 90s
and my childhood.

KEMP I am sure you will do great again.
CEM I bet you were happy for you.
CASE What kind of memories?

CTSM
That is awesome. I am sure it was a good
thing to have a good time to go back to
the 90s and the best of us.

Golden I have heard a lot of people say some-
thing similar. Did you go there a lot?

Emotion Impressed

Context

My 6 year old tried to play a video game
but could not understand how the con-
troller worked. A few days later she was
playing no problem!

KEMP I am sure you will do great!
CEM That is so sweet of her!
CASE Oh no! Did she have a good time?

CTSM That is awesome! I love video games
too!

Golden
Kids pick those things up quickly. And
it’ll help with her hand-eye coordination,
reading - all sorts of things!

Table 4: Comparison of responses generated by
CTSM and three baselines.

play is necessary to diminish the model’s emotion
and semantic discrepancies.
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5.5. Case Study

In Table 4, two case analyses compare CTSM
against three prominent baselines: KEMP, CEM
and CASE. In the first sample, these baselines fail
to integrate the semantics of words such as closed
and childhood with both trait and state emotions,
resulting in irrelevant and incoherent responses. In
contrast, CTSM effectively merges nostalgic trait
emotions and state emotions with semantics, in-
ferring that the speaker is reminiscing about the
1990s era. In the second sample, the baselines
either convey inaccurate emotions (as with CASE)
or express weak feelings (as seen with KEMP and
CEM). These shortcomings are coupled with a
limited grasp of semantics, resulting in generic re-
sponses. Given words like video game and not
understand carry negative trait emotions, but tried
and no problem express positive state emotions,
CTSM can combine emotions with semantics to
understand the feelings conveyed by impressed.

6. Conclusions and Future Work

In this paper, we propose CTSM that combines
trait and state emotions for comprehensive dia-
logue emotion perception. By encoding trait and
state emotion embeddings, CTSM captures dia-
logue emotions fully. Then, the emotion guidance
module further augments emotion perception capa-
bility. Lastly, the cross-contrastive learning module
enhances the model’s empathetic expression capa-
bility. The automatic and human evaluation results
validate the efficacy of CTSM on the empathetic
response generation task. In the future, we will
emphasize refining the trait emotion embedding
and exploring more methods for state inclination.

7. Limitations

Our work primarily has two limitations as follows:
Firstly, we employ a cross-contrastive learning

module in CTSM. This process constructs multiple
positive sample pairs by cross combining features
for contrastive learning. However, it might overlook
other strongly correlated positive feature pairs.

The second limitation is the inconsistency be-
tween automatic evaluation metrics and human
evaluation scores (Liu et al., 2016). Automated
metrics struggle to assess the degree of empathy
in responses, and solely relying on existing metrics
makes generating empathetic dialogues challeng-
ing.

8. Ethical Considerations

The data we use is sourced from EMPATHETIC-
DIALOGUES (Rashkin et al., 2019), an open-source

dataset that does not contain any personal privacy
information. Our human evaluations are conducted
by three professional annotators, ensuring no in-
volvement of personal privacy, with reasonable
wages paid.
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