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Emotion Recognition in Conversation (ERC) is becoming a research trend due to the increase of

publicly available conversational data in platforms such as Reddit, Facebook, Twitter, etc. Besides,

ERC is also crucial for emotion-aware conversation generation tasks that require understanding the

user's emotions. The majority of previous methods focus on exploiting the semantic context in

each utterance. However, emotions are not only hidden in semantic context but also stayed in

other conversational factors such as topics, speakers’ intents, viewpoints, personalities, etc. In this

paper, we propose an Intent-aware Transformer Network to exploit the intents of speakers during

the conversation for emotion recognition. We firstly build a ToD-Roberta model to extract the

intent information of each utterance. Then, a Transformer Network inputs a sequence of extracted

intent features to infer the emotion for each utterance. The model has experimented on the MELD

dataset. The results show that intent information can be helpful to distinguish emotion categories.
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1. Introduction

In the past few years, Emotion Recognition in
Conversation (ERC) gained much attention from the
NLP community [1, 2]. A large amount of online
conversations provides a vast opportunity to develop an
Al system for emotion recognition, which is essential
for specific applications that require user's emotion
understanding, such as conversational agents or chatbot
[3, 4]. Unlike vanilla emotion recognition of utterances,
ERC requires contextual semantic modelling of the
individual utterances in a conversation. This context
can be attributed to the previous utterances and relies
on the temporal sequence of utterances. However, it is
challenging to capture the contextual semantics
described in an utterance. For example, the emotion in
the sentence “Yeah!” can be either happy or sad,
relying on the speaker's intent or understanding.
Previous methods address this problem by utilizing the
dialogue context to improve the utterance representation
[5, 6, 7, 8], where the recurrent and attention neural
network implemented to capture the influences among
utterances in a conversation.

Despite the considerable effort by the methods
mentioned above, ERC 1is still a challenging task
because the meaning of each utterance varies based on
the expectation or experience of the speaker during the
conversation. Moreover, emotions are usually hidden in
various conversational factors such as topics, speakers’
intents, viewpoints, personalities, etc. In this paper, we

propose an Intent-based Transformer Network to
exploit the intents of speakers during the conversation
for emotion recognition. We firstly build a ToD-Roberta
model to extract the intent information of each
utterance. Then, a Transformer Network infers the
emotion from the sequence of extracted intent
information.

2. Related Works
2.1. Dialogue Emotion Detection

The majority of prior research exploited the
importance of dialogue context in dialogue emotion
detection. Majumder et al. [9] by using Gated Recurrent
Unit (GRU) to capture the global context. Jiao et al. [5]
proposed a hierarchical neural network model that
comprises two GRUs for the modelling of the meaning
in each utterances and among utterances respectively.
Zhang et al. [6] utilized a Graph Convolutional Network
(GCN) to explicitly model the emotional dependencies
on context and speakers, Ghosal et al. [10] extended
the prior work [9] by taking into account the
intra-speaker dependency and relative position of the
target and context within a conversation. Some authors
have also suggested exploring memory networks [11] to
allow bidirectional influence between utterances. [12]
enriched utterances with concept representations
captured from the ConceptNet [13]. While the existing
works have concentrated on textual context, Ghosal et
al. [8] proposed COSMIC, which exploited ATOMIC



[14] for the acquisition of commonsense knowledge.

2.2. Intent Classification

Intent recognition is the task of taking an input
utterance and classifying it based on what the speaker
wants to achieve. Intent recognition becomes an
essential component of chatbots and finds use in
customer support, sales conversions, and many other
areas. The intent classifier is expected to map an input
utterance to the correct intent and detect when the
utterance is unrelated to any of the pre-defined intents,
referred to as out-of-scope (OOS) samples. Previous
studies considered this task as a standard text
classification task [15, 16]. To perform OOS sample
detection, these methods add an extra out-of-class
class or wuse threshold rejection techniques on the
probability outputs for each class [15], or reconstruction
errors [17]. Other approaches used transfer learning
techniques. Wu et al. [18] proposed a customized
version on BERT trained on a large NLP dataset and
then fine-tune their model for intent classification task.

3. Proposed Method

In this section, we present our Intent-aware
Transformer Network shown in Fig. 1.
3.1. Problem Setup

Given the transcript of a conversation, the ERC task aims to
detect the emotion of each utterance from several pre-defined

emotions. Formally, given the input sequence of N number of
utterances ;, U+, Uy Which is annotated with a sequence of

emotion  labels Yi» YooYy Where each utterance

u; = [w; s w; 5y w; 7] consists of T words w, ; and spoken by
party p;. The task consecutively inputs an utterance u; and predict
the emotion label y; based on the preceding utterances and their
associated predicted emotion labels.

3.2. Intent Feature Extraction

In this section, we leverage ToD-Bert [18] to perform
intent feature extraction. We change the language
model to Roberta [19] for better performance instead of
BERT [20] as the original model. We then call the
modified version as ToD-Roberta. Afterwards, the
Tod-Roberta is fine-tuned on The out-of-scope intent
dataset (OOS) [15]. The OOS intent dataset is one of
the largest annotated intent datasets, consisting of more
than 20,000 samples. This dataset is split into three
parts for the train, validation, and test sets. The labels
cover 151 intent classes over ten domains for 150
in-scope intent and one out-of-scope intent. We remove
the classification layers of the modified model for latent

vector retrieval.

Fig 1. Our proposed method contains two modules. We
first extract the intent feature 2" by passing each

utterance through the intent extractor. Then we input a
sequence of intent features to Transformer Network and
MLP to infer emotion y;.

3.3. Transformer-based Classifier
In this section, we use a Transformer [21] Network to map an

intent features sequence to an emotion label sequence, which

allows capturing the transitional patterns between emotions and
the contextual semantic. Each intent feature 2" is converted to

the [CLS] representation and infer the emotion label. In this
experiment, we focus on solving the ERC task in an
auto-regressive way by using a masking scheme in the
self-attention layer of the encoder to predict emotions, which
makes sure that only the past utterances are presented to the
encoder. This strategy prevents the leaking of information from
future utterances, which suits a real-world scenario. For the
decoder, the output of the previous decoder block inputs to the
self-attention layer as a query. The training loss is the negative
log-likelihood expressed as below:

2

L= - leogpe(ynlhi"ﬁ‘i"ta Ye)
=

Where 6 denotes the trainable parameters.

4. Experimental Results
4.1. MELD Dataset

Multimodal EmotionLines Dataset (MELD) [22] has
been created by enhancing and extending EmotionLines
dataset [1]. MELD consists of approximately 1400
dialogues with more than 13000 utterances from the
Friends TV series. Multiple speakers participated in the
dialogues. Each utterance in dialogue has been
annotated by one of these seven emotions, such as



Disgust, Anger, Sadness, Joy, Surprise, Neutral and
Fear. MELD also has sentiment (positive, negative and
neutral) annotation for each utterance. In this paper, we
only focus on the seven—emotion classification.

4.2. Implementation

Our method is implemented by using Pytorch [24]
framework. For the intent information extraction, we
first train the TOD-RoBERTA model on OSS Intent
Dataset. Then we remove the last layer for
classification for intent latent vector retrieval. For
emotion recognition, Our Transformer Network is
trained and optimized using Adam optimizer [25] with
learning set to Se-5 to prevent overfitting. In addition,
each utterance is padded by the [PAD] token of
Roberta if its length is less than 128. The model
experiments on a desktop PC with AMD Ryzen 7
2700X equipped with an NVIDIA GTX 2080Ti GPU
Processor.

Table 1. Results comparison on the MELD dataset

Weighted .
Models Micro-F1

Avg-F1
HiGRU [5] 0.5681 05452
Dialogue [10] 0.5837 05617
KET [7] 05818 -
COSMIC [23] 0.6521 -
Our (w/ Intent) 0.6650 0.6464
Our (w/o Intent) 0.6421 0.6215

4.3. Results on MELD Dataset

This section describes our results on the test set of
the MELD dataset. Table 1
performance of the proposed model compared with

summarizes the

previous models, in which our model outperforms
previous methods on both weighted and micro average
F1 metrics. To motivate the importance of intent
information, we run our model on the MELD dataset
with and without the intent information. The results of
ablations experiments are also summarized in Table 1.

5. Conclusion

This paper proposes an Intent-based Transformer
Network to exploit the intents of speakers during the
conversation for emotion recognition. We first build a
ToD-Roberta model trained on the Intent Recognition
dataset to extract the intent information for each
utterance. Then, a Transformer Network uses that
extracted intent information to infer the emotion.
Finally, the model has experimented on the MELD
dataset. The results show that intent information can
be helpful to distinguish emotion. Furthermore, the

exploitation of the dependencies between hidden
conversational variables and emotions can improve the
performance of this ERC task.
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