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Abstract
Emotion prediction in conversation is important for humans to
conduct a fluent conversation, which is an underexplored re-
search topic in the affective computing area. In previous stud-
ies, predicting the coming emotion only considered the con-
text information from one single speaker. However, there are
two sides of the speaker and listener in interlocutors, and their
emotions are influenced by one another during the conversa-
tion. For this reason, we propose a dimensional emotion pre-
diction model based on interactive information in conversation
from both interlocutors. We investigate the effects of interactive
information in four conversation situations on emotion predic-
tion, in which emotional tendencies of interlocutors are con-
sistent or inconsistent in both valence and arousal. The results
showed that the proposed method performance better by consid-
ering the interactive context information than the ones consid-
ering one single side alone. The prediction result is affected by
the conversation situations. In the situation interlocutors have
consistent emotional tendency in valence and inconsistent ten-
dency in arousal, the prediction performance of valence is the
best. In the situation that interlocutors’ emotional tendency is
inconsistent in both valence and arousal, the prediction perfor-
mance of arousal is the best.
Index Terms: affective computing, emotion prediction, Con-
cordance Correlation Coefficient

1. Introduction
Human conversation is for exchanging ideas and communicat-
ing feelings. For the influent conversation, it is important for
interlocutors to understand their emotions and predict the ten-
dency of emotion’s variation. Humans can express and under-
stand the emotions of each other, while it is difficult for chatbots
to understand the emotional changes and tendencies of the in-
terlocutor in the conversation to continue the conversation more
fluently. Therefore, predicting emotion variation is important
for conducting a fluent human-machine conversation.

Emotion prediction in conversation is the task of predicting
the coming emotional state of the speaker from previous con-
text information. This task is still underexplored in the area of
affective computing [1]. Among the studies on emotion pre-
diction, Noroozi et al. [2] manually concatenated four speech
turns as time series context information to predict coming emo-
tional state categories with annotating of boredom, fear, joy, and
sadness. Shahriar et al. [1] built a model to predict coming
emotions with historical information from a single speaker, and
predict the emotion categories: anger, happiness, neutral, and
sadness. However, emotion in conversation is not an isolated
state. It is an evolutionary state affected by the interaction of
both interlocutors in the real dynamic interaction scenario [3].
For this reason, it is better to consider interactive context in-
formation on predicting emotion changes instead of using one

single speaker’s information alone. In addition, the influence of
the interactive context information on emotion prediction may
also be related to different conversation situations such as com-
forting, convincing, and so on. However, these problems are not
explored and discussed in previous studies.

To address these problems, we propose a dimensional emo-
tion prediction model to investigate the effects of the interac-
tive context information on emotion prediction and the effects
in different conversation situations. To investigate the effect
of interactive context information, we compare prediction per-
formances using context information of both interlocutors and
one single speaker alone. To investigate the effects of differ-
ent conversation situations on emotion prediction, we define
the conversation situations and divide conversations into sev-
eral groups. Then we compare the prediction performance in
different groups. The context information deal within this study
includes textual and acoustic information.

The rest of this paper is organized as follows. The proposed
method is introduced in section 2. Section 3 gives an overview
of the corpus and experimental setup. Section 4 describes the
result and discussion. Finally, section 5 gives a conclusion of
this paper.

2. Proposed Method
2.1. Emotion Prediction in Conversation

Figure 1: Definition of context sequence in conversation

Figure 1 shows the definition of context sequence in a con-
version. There are two speakers in the given conversation, UA

reprensents the utterances of speaker A, UB represents the ut-
terances of speaker B, t is the number of the turns in the con-
versation.

When taking one speaker alone into account, for instance,
speaker A, the context information for speaker A can be denoted
as (UA

tn−k
, ..., UA

tn−2
, UA

tn−1
). When taking both interlocutors

into account, the interactive context information would become
as (UA

tn−k
, UB

tn−k
, ..., UA

tn−2
, UB

tn−2
, UA

tn−1
, UB

tn−1
).

In this study, we use continuous values of Valence-Arousal
dimension to describe the emotional state, thus the emotion la-
bel can be represented as Ltn = LV alence, LArousal, where
Ltn denotes the label of n-th turn. There are two common meth-
ods to annotate labels based on values in Valence-Arousal. One
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Figure 2: The structure of emotion prediction model based on interactive context

is using continuous values as labels which is usually for the re-
gression analysis task [4]. The other one is converting values
into discrete labels based on range of values which is usually
for multi-classification task [5]. In this study, we follow the
previous study [5] to convert continuous values into discrete la-
bels based on value ranges in valence dimension and arousal
dimension to annotate utterances.

2.2. Model Description

We propose a hierarchical model to predict the coming emo-
tion using the interactive context in conversation. As shown in
Figure 2, it contains three parts: encoder for the utterance-level
feature, encoder for context-level information, and context at-
tention layer. The encoder for utterance-level feature is used
to concatenate acoustic feature and textual feature as utterance-
level feature. The encoder for context-level information is set
to a hierarchical structure, which is shown good performance on
capturing interactive contextual information [6]. The context at-
tention layer is used to output the emotion prediction and can be
used to analyze the contribution of context information. Since
each encoder deals with time series tasks and Gate Recurrent
Unit (GRU) is suitable for capturing the temporal properties of
the data, we use GRU for each encoder in our model.

The GRU network is an enhanced version of Recurrent
Neural Network (RNN) that has the advantage of handling the
vanishing gradient problem [7]. Each GRU cell consists of an
update gate (z) and a reset gate (r) to control the flow of in-
formation. Let x be the input to the GRU network, W and U
denote weight parameters and b denote the bias of GRU net-
work. At time step t, the hidden state (ht) can be computed as
following equations:

zt = σ(Wzxt + Uzht−1 + bz) (1)

rt = σ(Wrxt + Urht−1 + br) (2)

ht = (1−zt)�ht−1+zt�tanh(Whxt+Ut(ht−1�rt)+bh)
(3)

In this structure, the spectrogram feature S from each utter-
ance is encoded by the GRUS into a vector representation on
utterance level. Then, we concatenate spectrogram feature S,
heuristic feature H [8], and textual feature T into one vector as
utterance-level feature. To capture the interactive information
of both interlocutors, the utterance-level feature is conveyed to
the global emotion GRU layer of the encoder for context infor-
mation. Then, based on the speakers that the utterance belongs
to, the hidden state at each time step of the global emotion GRU
layer is separately conveyed to the individual emotional layer
GRUA or GRUB . The individual layer can capture the context
information of the speakers. Finally, the emotion representa-
tion GRU layer and context attention layer are used to predict
the coming emotional state. The attention weights from context
attention layer can be used to analyze each utterance’s contribu-
tions from interactive context information in the prediction.

For the preceding k turns as interactive context information,
in the emotional expression GRU, we firstly calculate each hid-
den layer information of GRU to obtain X (ht−k, ..., ht), then
calculate the last hidden layer information of GRU, q(ht). Fi-
nally, we calculate the attention weight αi of each utterance
from interactive context information with dot product attention
calculation. Then the result of the attention weight can be com-
puted as:

αi = softmax(XT
i ∗ q) (4)

att(q,X) =

k∑
i=1

αiXi (5)

Therefore, the attention weight from interactive context in-
formation (α1, ..., αk) can represent the contributions of each
utterance from interactive context information in the prediction.
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2.3. Feature Extraction

In this study, we use the acoustic features and textual features to
describe the interactive context information. Acoustic features
consist of two parts: spectrogram feature and heuristic feature.
We use the Mel filterbanks [9][10] to extract the spectrogram
feature. To apply the spectrogram feature into our model, we
divide spectrogram to a number of segments with a window of
5ms long and 3ms shift. Then, as mentioned above, we use
the GRUS shown in Figure 2 to encode segment-level features
from spectrogram into utterance-level feature. For the heuristic
feature, we use openSMILE [11] to obtain the heuristic features
with the eGeMAPS feature set [12] for input utterance. For
textual feature, we use BERT to obtain the representation for
input text utterance, where pre-trained model BERT is showed
good performance on representing semantic meanings in vector
space [13].

3. Experiments
3.1. Corpus

Interactive Emotional dyadic Motion Capture (IEMOCAP)
database is a widely used corpus in affective computing. It con-
tains approximately 12 hours of audio-visual recordings [14].
The transcripts are also provided in the corpus. Each conver-
sation in IEMOCAP has been segmented into utterances with
continuous label in Valence-Arousal dimension and category la-
bel in 9 categories. There are two kinds of conversations in the
corpus, improvise form and script form. To reduce the poten-
tially confounding effect of semantic information disturbance,
we only use the improvise form conversations.

To ensure the experiment process to be speaker-
independent, we use 5-fold cross-validation for the experiment
following the work of [15].

Based on the proposed method, we follow the previous
study [16] to convert continuous values in valence dimension
and arousal dimension into three classes based on the value
ranges. Value from 1 to 2 is defined as label ‘low class’, value
from 2 to 4 is defined as label ‘neutral class’, value from 4 to 5
is defined as label ‘high class’.

3.2. Experiment Procedure

We conducted two experiments in this study. Experiment 1 is
to investigate the effects of interactive context information on
emotion prediction. Experiment 2 is to investigate the effects of
interactive context information in different conversation situa-
tions.

In Experiment 1, we compare the performance in two ex-
perimental approaches with different context information. One
considers context information from a single speaker, the other
considers interactive context information from both interlocu-
tors.

In Experiment 2, we define conversation situations by the
Concordance Correlation Coefficient (CCC) score of both inter-
locutors’ emotional tendencies. If CCC> 0 in both valence and
arousal dimensions, it means that both interlocutors have simi-
lar emotional tendencies during the conversation in both valence
and arousal dimensions. The conversation situation is labelled
as POS-POS. If CCC < 0 in both valence and arousal dimen-
sions, it means that both interlocutors have different emotional
tendencies in valence and arousal dimensions. The conversation
situation is labelled as NEG-NEG. If CCC< 0 in one of valence
or arousal dimension and CCC > 0 in the other dimension, the

conversation situation is labelled as POS-NEG and NEG-POS,
respectively. Consequently, we define conversations into four
situation groups as following:

Group 1 POS-POS CCCV alence > 0 and CCCArousal > 0

Group 2 POS-NEG CCCV alence > 0 and CCCArousal < 0

Group 3 NEG-POS CCCV alence < 0 and CCCArousal > 0

Group 4 NEG-NEGCCCV alence < 0 andCCCArousal < 0

We divide the corpus into the four groups, Table 1 shows
the statistics of the conversation situation groups.

Table 1: The statistics of each conversation situation groups

Group1 Group2 Group3 Group4

Conversations 42 26 8 4

In this study, we merged consecutive utterances in a turn
into one utterance unit. Accordingly, the conversation can be
represented in the form of a sequence of utterance units alter-
nating by speakers as shown in Fig. 1. Since a merged utter-
ance for one turn may contain multiple annotated utterances, the
emotional label of merged utterance is computed as the average
value of its constituent utterances. In the experiment, we use in-
teractive context information of eight turns to predict the com-
ing emotional state, in which four turns are from one speaker,
respectively.

3.3. Experimental Setup

For the feature extraction, we use 40 Mel-filter banks to ob-
tain the log Mel features and use openSMILE toolbox to obtain
88 dimensions heuristic features. The BERT pre-trained model
used to extract textual feature is from bert-as-service [17], the
output dimensions is 378. For the model, each GRU is set to
one layer with 256 units and dropout rate 0.9. In the training
process, the optimizer is set to Adam optimizer with learning
rate of 0.00001.

4. Result and Evaluation
We use the Unweighted Average Recall (UAR) [18] as evalua-
tion metric in our study.

Table 2 shows the results of the performance using the con-
text information from one single speaker and from both inter-
locutors, respectively. One can see that using context informa-
tion of two interlocutors achieved better performance than that
using information from single speaker alone. The improvement
is 7% for prediction of valence and 2% for prediction of arousal.
Error reduction rate is 16.5% for the prediction of valence and
4.5% for prediction of arousal. It implies that it is better to
consider both interlocutor’s interactive context information for
emotional prediction than only considering context information
from single speaker alone.

Table 2: Comparison of single speaker and two interlocutors

Valence Arousal

Single speaker 60.61% 43.60%
Two interlocutors 67.12% 46.13%
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Figure 3: Visualization of contributions of different turns of context information

Table 3: Comparison of each conversation situations using two
interlocutor’s interactive context information

Prediction of Valence Prediction of Arousal

Pos-Pos 67.31% 40.69%
Pos-Neg 68.32% 46.58%
Neg-Pos 65.22% 41.48%
Neg-Neg 64.04% 54.88%

Table 3 shows the results of the performance in different
conversation situations. One can see that the performance in
different situations is different. In the situation that interlocutors
have consistent tendency in valence while inconsistent tendency
in arousal, the prediction performance of valence is the best. In
the situation that emotional tendency of both interlocutors is
inconsistent in both valence and arousal, the prediction perfor-
mance of arousal is the best. In the database, we found that both
interlocutors are dispute or appease in NEG-NEG conversation
situations. In dispute with another speaker, both interlocutors
are stuck on expressing their emotions, which is a special in-
teraction in conversation. Such a kind of interactive informa-
tion may make the prediction of arousal easier. Therefore, in
NEG-NEG conversation situations, the performance of predict-
ing arousal is better than the performance in other conversation
situations.

To investigate the contributions of different components
of interactive context information, we visualize the attention
weights in different situations. Figure 3 shows the visualiza-
tion results. For prediction of valence, the utterance closest to
the nearest time step has the highest weight among all conversa-
tion situations, which means the interactive information closer
to the last time step is more important. For the arousal predic-
tion, in the POS-POS and NEG-NEG conversation situations,
the utterance weights are almost the same among time steps,
which indicates that the interactive information of both inter-
locutors is important. In conversation situations of POS-NEG
and NEG-POS, the attention weights of the speaker’s utterances
in the preceding side are higher. It means the other side of the

speaker’s interactive information is more important.

5. Conclusions
In this paper, we proposed a dimensional emotion prediction
model using interactive context information from both inter-
locutors in different conversation situations. The results show
that the performance is better considering the interactive context
information than only considering context information from a
single side, and the performance is also related to the different
conversation situations. In the situations, in which interlocu-
tors have consistent emotional tendency in valence and incon-
sistent tendency in arousal, the prediction performance of va-
lence was the best. In the situation that interlocutors’ emotional
tendency is inconsistent in both valence and arousal, the pre-
diction performance of arousal was the best. It suggested that
we should take interactive context information from both inter-
locutors in emotion prediction into account, and also consider
different conversation situations such as comforting, convinc-
ing, where the emotion changes in some specific way.
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