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This work proposes an approach for emotion recognition in conversation that
leverages context modeling, knowledge enrichment, and multimodal (text and
audio) learning based on a graph convolutional network (GCN). We first construct
two distinctive graphs for modeling the contextual interaction and knowledge
dynamic. We then introduce an affective lexicon into knowledge graph building to
enrich the emotional polarity of each concept, that is the related knowledge of each
token in an utterance. Then, we achieve a balance between the context and the
affect-enriched knowledge by incorporating them into the new adjacency matrix
construction of the GCN architecture, and teach them jointly with multiple
modalities to effectively structure the semantics-sensitive and knowledge-sensitive
contextual dependence of each conversation. Our model outperforms the state-of-
the-art benchmarks by over 22.6% and 11% relative error reduction in terms of
weighted-F1 on the IEMOCAP and MELD databases, respectively, demonstrating the
superiority of our method in emotion recognition.

Emotion recognition in conversations (ERC) has
attracted increasing attention because it is a
necessary step for a number of applications,

including social media threads (such as YouTube,
Facebook, Twitter), human–computer interaction, and
so on. Different from nonconversation cases, “con-
text” is a vital component of ERC, which represents
the previous dialog content of a target utterance. The
intention and emotion of a target utterance are mostly
affected by the surrounding context, as we can see
from conversations in Figure 1. Therefore, it is impor-
tant but challenging to effectively model the contex-
tual dependence within conversations.

Recent studies mainly utilize recurrent neural net-
works or graph convolutional neural networks, such as
the bc-LSTM,1 DialogueRNN,2 and DialogueGCN,3 to
propagate contextual information. However, they only
process the semantic information of the dialog. For
implicit emotional utterances that do not contain clear
emotional terms, and the words of which are relatively
objective and neutral, such as utteranceP2U2 in Figure 1,
it is difficult to correctly distinguish the emotions when
only considering the contextual semantics. Knowledge
bases provide a rich source of background concepts,
which can enhance understanding of a conversation.
Both context modeling and commonsense knowledge
are essential for a machine to analyze emotion in
conversations.

Figure 1 shows two cases demonstrating the indis-
pensability and superiority of knowledge and context
modeling in ERC task, separately. We can see from
conversation 1 that by incorporating an external
knowledge base, the context of the term ”National
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Guard” in utterance P2U2 is enriched by associated
concepts such as “Military” and “Control angry mob.”
Thus, we can infer that the implicit emotion in utter-
ance P2U2 should be “sad” via its enriched meaning.

In conversation 2, utterance P4U2 conveys the
emotion of sarcasm. It is challenging to detect the
emotion of such an utterance as the semantic mean-
ing itself as well as the external knowledge “powerful,
puissant” of “mighty” are positive, but we can infer the
true emotion should be negative based on the context
reasoning. Therefore, the exploration of the balance
between context modeling and commonsense knowl-
edge is of great importance to the task of ERC. How-
ever, to our best knowledge, it has not been well
explored in the literature.

To further tackle the above problems, we propose a
new conversational semantic- and knowledge-guided
graph convolutional network (ConSK-GCN) with both
text and audio modalities to effectively structure the
context- and knowledge-sensitive dependence in each
conversation. The contributions of this article can be
summarized as follows:

› We propose a ConSK-GCN to leverage common-
sense knowledge, affective lexicon, and context
modeling by incorporating them into the new
adjacency matrix construction of a new GCN
architecture. And the enriched relational edges
in the graph structure help in capturing the true
emotion and intention of the interlocutors in
the dialog.

› We validate our model on two benchmark data-
bases, IEMOCAP and MELD, using text and audio
modalities. The extensive experimental results
demonstrate the effectiveness of our model in

comparison with state-of-the-art methods for the
IEMOCAP andMELDdatabases, respectively.

› We demonstrate the efficiency and superiority of
our method for emotion recognition in cases
with both sufficient and insufficient context
through learning with the IEMOCAP and MELD
databases.

This study significantly expands upon5 by adding a
second dataset MELD, which includes small group
interactions by more than two interlocutors and dem-
onstrates that the techniques improve classification
performance for most of the variables in the MELD
dataset. Furthermore, we continue to explore the
balance between commonsense knowledge and con-
text semantics in ERC, and we show the versatility
of incorporating external knowledge by studying the
two datasets.

RELATEDWORK
Emotion RecognitionWith Multiple
Modalities
People express emotions through multiple modalities,
which include but are not limited to acoustic, textual,
facial presentation. Previous studies like1,2,6–8,10 have
demonstrated the effectiveness of multimodal learn-
ing for emotion recognition, which takes advantage of
the complementary information of various modalities
to enhance the understanding of emotions. In this arti-
cle, we utilize both text and audio modalities for emo-
tion recognition.

Emotion RecognitionWith Context
Previous research works used convolutional neural net-
work (CNN)11 and long short-term memory networks
(LSTMs)10 for nonconversational feature extraction
from diverse modality, while ignoring contexts. For the
task of ERC, RNN-based methods such as bc-LSTM1

and DialogueRNN2 propagated contextual information
to the utterances and process the constituent utteran-
ces of a dialog in sequence. DialogueGCN3 utilized a
relational graph convolutional neural network9 tomodel
the contextual dependence and achieved a new state
of the art, proving the effectiveness of GCN in context
structure. In this article, we further explore on the GCN
architecture to encode the context and knowledge
interaction of sentences.

Emotion RecognitionWith Knowledge
Base
Commonsense knowledge bases help in grounding
text to real entities, factual knowledge, and context-

FIGURE 1. Two example conversations with annotated labels

from the IEMOCAP dataset.4
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specific commonsense concepts, and have attracted
increasing attention in several research areas. For
example,12 augmented end-to-end dialog systems with
commonsense knowledge.13 made use of a knowledge
base by concatenating concept embedding and word
embedding as the input to a transformer architecture,
but ignored context modeling. In this article, we incor-
porate external knowledge into context construction.

PROPOSEDMETHOD
Definition and Notation
Context- and knowledge-aware multimodal emotion
recognition: the goal is to predict the emotion label y
of a conversation sample using the proposed ConSK-
GCN method (fð�Þ). The input to our approach are dis-
tinct modalities (audio ma , text mt), external knowledge
concepts (C ), and emotion polarities extracted from a
lexicon (valence V , arousal A), that is,

y ¼ fðma;mt ;C ;V ;AÞ: (1)

Multimodality
To better mine the information of the raw data and
capture efficient contextual traits, we train separate
networks to extract linguistic and acoustic features at
the utterance level using emotion labels, and the
details are described in the “Data Processing” section.
Then, we concatenate the embeddings of these two
modalities m ¼ ½mt ;ma�, and utilize one bidirectional
long short-term memory network (BLSTM) layer for
sequence encoding to obtain the global contextual
information, denoted as s.

Knowledge Retrieval
In this article, we utilize the ConceptNet common-
sense knowledge base14 and the NRC_VAD emotion
lexicon15 as the knowledge sources.

ConceptNet is a large-scale multilingual context-
aware graph, which is designed to represent the gen-
eral knowledge involved in understanding language.
The nodes in ConceptNet are concepts and the edges
represent relation. For example, as shown in Figure 2,
“scholarship has synonym of bursary with confidence
score of 0.741.” Therefore, we construct a knowledge
graph based on the corresponding concepts extracted
from the semantic dependence of each conversation.

The NRC_VAD lexicon includes a list of more than
20,000 English words with their valence (V ), arousal
(A), and dominance (D) scores. The real-value scores
for VAD are on a scale of 0-1 for each dimension,
respectively, corresponding to the degree from low to
high.

Knowledge-Aware Graph Construction
We build knowledge graph Gk ¼ ðVk;Ek; V;AÞ based on
a conversational knowledge-aware dependence, where
Vk is a node/concept set , and EEk � Vk � Vk is a set of
edge weights/relations that represent the relatedness
among the knowledge concepts. In addition, for each
concept in Vk, we retrieve the corresponding V and A

scores from theNRC_VAD.
Each node in the knowledge graph is embedded

into an effective semantic space, named “ConceptNet
Numberbatch,” that learns from both distributed
semantics and ConceptNet.14 The tokens that are not
included in ConceptNet are initialized by the “fast-
Text”16 method, which is a library for efficient learning
of word representations. Formally, we denote the mth
concept in the ith utterance as ci;m, and the corre-
sponding encoded embedding as ei;m .

To obtain the edge weights, we first adopt l2 norm
to compute the emotion intensity emoi;m for each ci;m,
that is,

emoi;m ¼ Mð ½V ðci;mÞ � 1=2; Aðci;mÞ=2�
�� ��

2
Þ (2)

where jj:jj2 denotes the l2 norm, M is a min–max nor-
malization function, and V ðci;mÞ 2 ð0; 1Þ, Aðci;mÞ 2
ð0; 1Þ. In (2), we scale V ðci;mÞ from �0.5 to 0.5 to
denote the emotion polarity from negative to positive,
and scale Aðci;mÞ from 0 to 0.5 to describe the inten-
sity of each emotion. For a concept not in the
NRC_VAD, we set the value of V ðci;mÞ and Aðci;mÞ to
0.5 as a neutral score. Then, the affect-enriched
knowledge embedding is represented as

ki;m ¼ emoi;mei;m: (3)

Furthermore, considering the past context window
size of p and the future context window size of f , the
edge weights in the knowledge-aware graph are
defined as

aki;j¼
Xni
m¼1

Xnj
1

abs
�
cos
�
k>i;mWk

h
kj;1; . . .;kj;nj

i��
(4)

where ni is the number of concepts in utterance i, and i

ranges from 1 to n in each conversation, nj is the num-
ber of concepts in utterance j, and j ¼ i� p; . . .; iþ f ,
andWk is a learnable parametersmatrix.

Context-Aware Graph Construction
We build a context-aware graph Gc ¼ ðVc;EcÞ based on
the conversational semantic dependence, where Vc

denotes a set of utterance nodes, and EEc � Vc � Vc is a
set of relation/edge weights that represent the context-
sensitive semantic similarity among the utterances.
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The node features in the context-aware graph are
the multimodal representation s. To obtain the edge
weights of the context-aware graph, we first compute
the cosine similarity of two utterances, and then take
the arccos to convert the cosine similarity into an
angular distance, that is,

simi;j ¼ 1� arccosð s>i sj
sik k sj
�� ��Þ=p: (5)

Then, the edge weights in the context-aware graph is
formulated as

aci;j¼softmaxðWc½simi;i�p; . . .; simi;iþf �Þ (6)

where sj denote the multimodal representation of the
ith and jth utterances in the same conversation,
respectively, andWc is a trainable parameter matrix.

ConSK-GCN Training
We build our context- and knowledge-aware graph as
Gck ¼ ðVc; EckÞ. To model both context-sensitive and
knowledge-dependence between utterances in each
conversation, we leverage the addition of knowledge
edge weights aki;j and contextual edge weights aci;j as
the new edge weights ai;j to build the adjacency
matrix Eck of ConSK-GCN, that is,

ai;j ¼ vka
c
i;j þ ð1� vkÞaki;j (7)

where vk is a model parameter balancing the impacts
of knowledge and contextual semantics on computing

the relational dependence in each conversation. Then,
we feed the global contextual multimodal representa-
tions s and edge weights ai;j into a two-layer GCN9 to
capture local contextual information that is both con-
text-aware and knowledge-sensitive

h
ð1Þ
i ¼ s

 X
r2<

X
j2Nr

i

ai;j

qi;r
Wð1Þ

r sj þ ai;iW
ð1Þ
0 si

!

h
ð2Þ
i ¼ s

 X
j2Nr

i

Wð2Þhð1Þ
j þW

ð2Þ
0 h

ð1Þ
i

!
(8)

where Nr
i denotes the neighboring indices of each

node under relation r 2 <, < contains relations both in
the canonical direction (e.g., born_in) and in the
inverse direction (e.g., born_in_inv), qi;r is a problem-
specific normalization constant, W

ð1Þ
r , W

ð1Þ
0 , Wð2Þ,

W
ð2Þ
0 are model parameters, and sð:Þ is an activation

function such as ReLU.

EXPERIMENTS
Databases
We evaluate our ConSK-GCN on two conversational
databases, namely the Interactive Emotional Dyadic
Motion Capture (IEMOCAP) dataset4 and the Multi-
modal EmotionLines Dataset (MELD).17 In our work,
we focus on multimodal emotion recognition with text
and audio modalities.

The IEMOCAP database contains videos of ten
unique speakers acting in two different scenarios:

FIGURE 2. Overall architecture of our proposed ConSK-GCN approach for multimodal emotion recognition.
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scripted and improvised dialog with dyadic interac-
tions. We use 5531 utterances in 151 dialogs with four
emotion categories: 29.6% happiness, 30.9% neutral,
19.9% anger, and 19.6% sadness. In this article, we use
the first eight speakers from sessions 1–4 as the train-
ing set and use session five as the test set to perform
speaker-independent emotion recognition.

The MELD is developed by crawling the dialog from
each episode in the popular sitcom Friends, where
each dialog contains utterances from multiple speak-
ers. There are around 13,708 utterances from 1433 dia-
logs with seven emotion categories: 46.95% neutral,
16.84% joy, 11.72% anger, 11.93% surprise, 7.31% sad-
ness, 2.63% disgust, and 2.61% fear.

The average conversation length and average
utterance length are 49.2 and 15.8, respectively, in the
IEMOCAP database with two participants, and 9.6 and
8.0 in the MELD with many conversations having more
than 5 participants,17 which means the majority of par-
ticipants utter only a small number of utterances per
conversation. Therefore, compared with IEMOCAP,
the utterances in the MELD are shorter, and their con-
text-dependence is weaker. We would like to explore
the efficiency of our method in both cases with suffi-
cient and insufficient context.

Data Processing
Textual Features
We employ different approaches to extract utterance-
level linguistic features from IEMOCAP and MELD data-
sets based on the particular traits of these two datasets.

IEMOCAP: To compare with the state-of-the-art
approaches, we employ a convolutional neural net-
work (CNN)11 to extract the textual embeddings of the
transcripts. We use the publicly available word2vec to
initialize the word vectors. And the number of convo-
lutional filters is set to 3, 4, and 5 with 100 feature
maps in each. These are then concatenated and fed
into two fully-connected layers with 500 and 100 hid-
den nodes, followed by a ReLU activation function.

MELD: Considering the weaker context-depen-
dence in the MELD, we apply BERT-Base, which has a
multilayer bidirectional transformer encoder model
architecture, to initialize the textual representations
of the MELD. We take the representations of both
training and test samples from the penultimate dense
layer as the context independent utterance level fea-
ture vectors by fine-tuning on a trained BERT-Base.

Acoustic Features
In this article, we follow the audio preprocessing
method introduced by Guo et al.18 We apply a 265 ms

window size with a 25 ms slide window to cut an utter-
ance into several segments. Each speech segment is
transformed to a spectrogram using a short time Four-
ier Transform (STFT), then each input spectrogram has
the following time � frequency: 32 � 129.

For the MELD, we set the time of each segment to
2 s and the slide window to 1 s, then the size of each
spectrogram is 1874 � 129. We determined that a
larger window size has a better performance, which
we attribute to the fact that there is a lot of noise in
sitcom dialog, and if utterances are cut using a small
window size, many fragments will just be noise.

A CNN is utilized to extract deep acoustic features
from the segment-level spectrograms. Then, the seg-
ment-level features are propagated into a BLSTM with
200 dimensions to extract sequential information
within each utterance. Finally, the features are fed
into a single fully-connected layer with 512 dimensions
at the utterance level for emotion classification.

Experimental Settings
For the IEMOCAP dataset, we use a batch size of 32 and
train it for 100 epochs, whereas for the MELD, we
change the number of epochs to 20. In the IEMOCAP
dataset, the window sizes of the past and future con-
texts are all set to 10 because we have verified that win-
dow sizes of 8–12 show better performance. The
learning rate is 0.00005 for multimodality and 0.0001 for
unimodality training. In the MELD, the window sizes of
the past and future contexts are all set to 6. The learning
rate is set to 0.0001 for both unimodality and multimo-
dality training andvk is set to 0.6 for theMELDdatabase
to balance the effect of context and knowledge. In our
conference version,5 wk is set to 0.5 for the IEMOCAP
database, which means equal balance. In this article, to
determine an optimal balance, we further make a
detailed analysis about the effect of wk in the section
“Effect of the BalancingWeight.” Based on the compara-
tive results in Figure 4, we choosewk to 0.3 in this article.

Method Comparison
For comprehensive evaluation, we compare ourmethod
with state-of-the-art (SOTA) approaches as well as abla-
tion studies.

CNN11: A widely used architecture for both text
and audio feature extraction with effective perfor-
mance. We employ it to extract utterance-level textual
and acoustic features; it does not contain contextual
information.

BERT-Base19: A bidirectional encoder with 12-layer
transformer blocks, which obtains advanced results
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for sentence-level sentiment analysis. This approach
does not aim to deal with context.

LSTMs10: A framework for unimodality and multi-
modality emotion recognition based on audio and
text, without exploring context information.

bc-LSTM1: A bidirectioinal LSTM network takes the
sequence of utterances in a video as input and extracts
contextual unimodal andmultimodal features bymodel-
ing the dependencies among the input utterances.

DialogueRNN2: Three GRUs to model the dynamics
of the speaker states, the context from the preceding
utterances and the emotion of the preceding utteran-
ces. This method achieved SOTA results in multimodal
emotion recognition in conversations.

DialogueGCN3: Leverages self and interspeaker
dependence of the interlocutors to model the conver-
sational context for textual emotion recognition. This
method only considers context modeling.

ConS-GCN: Considers the semantics-sensitive depen-
dence between utterances in the adjacency matrix con-
struction of the GCN based on the context-aware graph
withwk set to 1 in (7).

ConK-GCN: Considers the knowledge-sensitive
dependence between utterances in the adjacency
matrix construction of the GCN based on the knowl-
edge-aware graph with wk set to 0 in (7).

ConSK-GCN: Considers both semantics- and
knowledge-sensitive contextual dependence between
utterances in the adjacency matrix construction of
the GCN with wk set to 0.3 for the IEMOCAP database
and 0.6 for the MELD in (7).

Experimental Results on the IEMOCAP
Database
ComparisonWith SOTAMethods
Table 1 shows the performance of comparative experi-
ments with SOTA methods. From this table, we
observe that methods that consider the context are
much more effective than methods without context,

demonstrating the significance of context modeling.
Encouragingly, the comparison shows that our pro-
posed “ConSK-GCN” performs better than all of the
baseline approaches, with a relative error reduction of
over 22.6% in terms of both weighted-accuracy and
weighted-F1. The results indicate the effectiveness of
our model that incorporates external knowledge and
contextual semantics for emotion detection in
conversations.

Ablation Studies
In order to further demonstrate the contribution of
knowledge and contextual semantics to emotion recog-
nition, we design ablation studies as shown in Table 2.

We first discuss the efficiency of the proposed
“ConSK-GCN” with single text modality. Compared to
“ConS-GCN” and “ConK-GCN,” “ConSK-GCN” has an
improvement of at least “1.7%,” “4.3%,” and “0.4%” rela-
tive error reduction in terms of the weighted-F1 for
detecting neutrality, anger, and happiness. Specifically,
the improvement in happiness detection is not

FIGURE 4. Effect of the balancing weight (vk) for emotion rec-

ognition with various modalities in the IEMOCAP and MELD

databases.

FIGURE 3. Visualization of several representative examples in the IEMOCAP dataset corpus. Blue denotes the typical token in

each utterance.

96 IEEE MultiMedia July-September 2022

GRAPH CONVOLUTIONAL NETWORK

Authorized licensed use limited to: Kyoto University. Downloaded on December 25,2023 at 09:05:35 UTC from IEEE Xplore.  Restrictions apply. 



significant. According to the emotion theory introduced
by Osgood,20 the Valence-Arousal space depicts the
affective meanings of linguistic concepts. We believe
that happiness is an emotion with explicit linguistic fea-
tures with positive valence and positive arousal, which
is also contagious to the context, therefore, the effi-
ciency of external knowledge and context modeling is
similar. By contrast, sadness is relatively implicit in lin-
guistic characteristics with negative valence and nega-
tive arousal. Therefore, we can see that the
improvement for sadness is more significant (“ConSK-
GCN” has an increase of 14.6% relative error reduction
in terms of weighted-F1 compared with “ConK-GCN”
which is 18.7% compared to “ConS-GCN”). These illus-
trate the effectiveness of incorporating knowledge with
semantics for contextual feature extraction in conversa-
tion, particularly for implicit emotional utterances.

Compared with single text modal, the detection
performance in neutrality, anger, and happiness
improved by 20.6%, 25.2%, and 21.3% relative error
reduction in terms of weighted-F1, respectively, using
the proposed “ConSK-GCN” with both text and audio
modalities, which demonstrates the importance of
integrating complementary acoustic and linguistic
features into emotion recognition. However, there is

an exception in sadness detection that we assume
because, similar to text features, the acoustic charac-
teristics of sadness are also implicit, which decrease
the overall performance.

Experimental Results on the MELD
Table 3 further quantifies the efficiency of our model
on the MELD. For the text modality, “DialogueGCN”
performs best among all of the baselines with a
58.10% weighted-F1. And our proposed “ConSK-GCN”
shows the best performance with a 13.7% relative error
reduction compared to “DialogueGCN.” For the text
and audio modalities, the improvement over the SOTA
“DialogueRNN” is an 11% relative error reduction, both
of which results highlight the importance of integrat-
ing semantic-sensitive and knowledge-sensitive con-
textual information into emotion recognition.

Furthermore, compared to the IEMOCAP data-
set, the context-dependence is weaker in the MELD,
as discussed in the “Databases” section. For text
modality, compared with the ablation studies, the
proposed “ConSK-GCN” has an improvement of over
4.9%, 5.1%, 5.7%, 4.5%, and 1.8% relative error reduc-
tion in terms of the weighted-F1 for neutrality, anger,
joy, surprise, and sadness detection, respectively,

TABLE 2. Ablation studies of the proposed method.

TABLE 1. Comparative experiments with SOTA methods. acc.= accuracy; average (w)= weighted average.

Bold font denotes the best performances.
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the improvement of which is more significant than
for the IEMOCAP dataset. This illustrates the superi-
ority and potentiality of our model to emotion
detection with insufficient context. In addition, the
data ratio of “Disgust” only accounts for 2.63% in
the MELD, while the percent of “Fear” is around
2.61%. It is difficult to accurately distinguish genuine
emotions for such a small amount of data, which,
depending on specific emotional characteristics, is
left as future work.

However, the effectiveness of multimodal fusion
for the MELD is more limited than for the IEMOCAP
database. We think this is because many conversa-
tions on the Friends TV series include more than 5 par-
ticipants so there are multiple audio sources, not only
the speaker’s voice, when detecting the acoustic sig-
nal of the target speaker. Therefore, the denoising pro-
cess should be adopted to extract clean acoustic
features, which is left for future work.

EFFECT OF THE BALANCING
WEIGHT

In order to determine an optimal balance between
knowledge and contextual semantics in our ConSK-
GCN learning, we verify the influence of wk based on
single (Text) and multimodal (Text+Audio) on the
IEMOCAP and MELD databases. We can conclude
from Figure 4 that leveraging knowledge-aware and
semantic-aware contextual construction together con-
tributes significantly to emotion recognition in conver-
sations, as the F1-score when leveraging knowledge
and semantics together (wk ranges from 0.1 to 0.9)
increased more than only one or the other (wk equal to
0 or 1). However, the effect of various values of wk (0.1
to 0.9) on emotion detection is not conspicuous, as

they give similar results when the difference does not
exceed 1%. Therefore, we choose a relatively optimal
value of wk to be 0.3 and 0.6 for the IEMOCAP and
MELD databases, respectively, to balance the effect of
knowledge and contextual semantics.

CASE STUDY
To verify the effectiveness of external knowledge and
context modeling for emotion recognition, we visual-
ize several typical samples, as shown in Figure 3.

Case 1 demonstrates the efficiency of both context
modeling and commonsense knowledge alone for emo-
tion detection in a conversation. Cases 2 and 3 illustrate
the superiority of commonsense knowledge. In detail,
compared to “ConS-GCN,” which only considers the
contextual semantics, our proposed “ConK-GCN” and
“ConSK-GCN” that take advantage of external knowl-
edge, can effectively capture implicit emotional charac-
teristics. Case 4 shows that sometimes the emotional
polarity of knowledge concepts are rather misleading in
neutral expressions but incorporating them with con-
text can alleviate this phenomenon.

CONCLUSION
In this work, we proposed a new conversational seman-
tic- and knowledge-guided graph convolutional network
(ConSK-GCN) for multimodal emotion recognition. In
our approach, we teach context-aware and knowledge-
aware graphs jointly using a GCN based on multimodal
representations to help in capturing the true emotion
and intention of the interlocutors in a conversation.
Comparative experiments on the IEMOCAP and MELD
databases show that our approach significantly outper-
forms the SOTA, illustrating the complementary effect
of context modeling and commonsense knowledge of

TABLE 3. Comparative experiments of different methods for unimodality (text) and multimodality (text+audio) emotion

recognition. F1-Score (%) is used as the evaluation metric. acc.=accuracy, w= weighted average.
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the conversational emotion recognition. In addition, we
plan to further explore the emotion cue of interlocutors
and multimodal fusion strategies for more accurate
emotion recognition in conversation.
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