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Emotion Recognition in Conversation

Emotionx-ku: Bert-max based contextual emotion classifier

• Yang, K., Lee, D.,Whang, T., Lee, S., & Lim, H. (2019). Emotionx-ku: Bert-max based contextual emotion classifier. IJCAI 2019
Workshop on the 7th Natural Language Processing for Social Media (Shared Task, EmotionX)

• 2nd place in EmotionX Challenge.

• Gihtub : https://github.com/KisuYang/EmotionX-KU

• Demo: http://nlplab.iptime.org:32290

01.개요

• Emotion Recognition in Conversation은 대화 내 여러 명의 화자가 말한 발화에 대해 각각 감성 분석을 진행하는 task이며,

상품/영화 등에 대한 리뷰와 같이 단일 문장에 대한 감성 분석과 달리 대화 내 발화 감성 분석은 대화 문맥과 장면의

분위기에 따라 같은 문장이더라도 다른 감성이 나타날 수 있습니다.

• 아래 그림은 단일 감성 분석과 대화 내 감성 분석을 비교하여 나타낸 것이며, 그에 대한 한 가지 예로 Okay라는 문장은

단일 문장에서는 Neutral(중립)이지만, 대화 내에서는 문맥에 따라 Anger(화남)이라는 감정으로 분류될 수 있습니다.

• 대화 감성 분석에서 주목해야 할 점은 3개로 구분할 수 있습니다. 1) 같은 문장 또는 단어도 다른 감정을 내포할 수

있습니다. 2) 특정 감정 (슬픔, 화남)들은 일상 대화에 자주 등장하지 않습니다. 3) 대화에서 길이가 길어질 경우 대화

문맥 정보를 효과 적으로 포착하기 어렵습니다.

02.연구내용

• 본 연구에서는 BERT언어 모델을 기반으로 하는 발화 감성 분석 모델 설계를 진행하였으며, 아래 그림은 본 연구에서 제

안한 모델의 전체 구조도 입니다. 모듈은 크게 3개로 구성되어 있으며, 각 모듈은 1) Dialogue Embedding 2) Pre-trained
BERT Layers 3) Dynamic Max-Pooling과 Classification Layer로 구성되어 있습니다.

• 특히 Dynamic Max-Pooling을 사용함으로써 BERT의 출력 값들 사이에서 감정에 영향을 주는 단어들의 중요한 자질

정보들을 추출함과 동시에 대화마다 변하는 문장 길이에서 일관된 자질을 추출할 수 있게 하였습니다.

03.실험및결과

• 실험은 IJCAI 2019Workshop으로 진행되었던 Social NLP에서 제공한 EmotionX데이터 셋을 사용하여 진행하였으며, 미국

유명 TV 시트콤인 Friends 데이터와 Facebook 메신저 대화인 EmotionPush 데이터를 포함하고 있습니다.

• 각 데이터 셋은 Neutral (중립), Joy (기쁨), Sadness (슬픔), Anger (화남)과 같이 총 4개와 그 외 (Out-of-emotion)라는 클래

스를 포함하고 있으며, 평가는 앞의 4개의 클래스에 대해서만 진행하였습니다.

• 두 데이터 모두 감정 클래스 불균형 (Class Imbalance) 문제가 존재하였기에, Weighted Cross Entropy Loss를 통해 모델

학습을 진행하였습니다.
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Figure 1: Model overview

model (MLM) and next sentence prediction (NSP). Then all
layers of the model are fine-tuned while training for the men-
tioned emotion classification task.

The language model converts the tokenized inputs, e.g.,
x = (E1,1, E1,2, ..., E1,l1), into deep contextualized token
representations, e.g., x′ = (T1,1, T1,2, ..., T1,l1). However,
each dialogue has different number of utterances, and each
utterance has different number of tokens. To handle this
problem, we apply a dynamic max pooling technique to cre-
ate uniform-sized utterance representations from the different
number of tokens as in Figure 1. It is also considered that the
max pooling can assist in keeping important information in
each dimension.

3.4 Imbalanced Emotion Classification
The utterance representations from the encoder pass through
the classifier what consists of two linear layers, one activa-
tion function and dropout as in Figure 1. The activation func-
tion, scaled exponetial linear units (SELUs) [Klambauer et
al., 2017], includes normalization processing so that gradient
descents can converge more quickly. Dropout is applied to
prevent overfitting.

The Friends and EmotionPush datasets suffers from a se-
vere class imbalance problem as in Table 2. To deal with it,
we use weighted cross entropy (WCE) as a training loss to
weight the samples of minority classes as below.

LWCE = − 1

N

N∑
i=1

wi · LCEi (1)

wi =

∑N
i=1 xi
xi

(2)

LCEi = −[yilog(pi) + (1− yi)log(1− pi)] (3)

where N is the number of classes. xn is the number of sam-
ples of class n in a training set. yn is a ground-truth label,
and pn is a probability for corresponding class n.

4 Empirical Study
We discuss experiment results of our model in this section.

4.1 Dataset
EmotionX 2019 Challenge is a shared task of Social NLP
20192 that detects emotion in dialogue utterances. Two
datasets3 are released for the challenge, and participants are
asked to detect the emotion among four labels (i.e., Neutral,
Joy, Sadness, and Anger). One is the Friends dataset [Chen et
al., 2018] , which is multi-party conversations collected from
one of the famous TV series, and the other is the Emotion-
Push [Huang and Ku, 2018] that contains messages collected
from social network messengers(e.g., Facebook). Each
dataset contains 4,000 dialogues including 1,000 English-
language original version and 3,000 augmented versions,
which is back-translated by French, German, and Italian, re-
spectively. Each dialogue is composed of several utterances
and they are labeled with 7 emotions (e.g., Neutral, Joy, Sad-
ness, and etc.). Among the emotions, we regard four emo-
tions (i.e., Fear, Surprise, Disgust, and Non-Neutral) as Out-
Of-Domain, since they are not tested on the evaluation phase.

In Table 2, we describe data and label distribution of
Friends and EmotionPush datasets. In terms of label distri-
bution for both datasets, Neutral are the most common class,
followed by Joy, Sadness, and Anger. Both datasets have im-
balanced class distribution, and especially the ratio of Sad-
ness and Anger is very small. For instance, they account for
only 3.4% and 5.2%, respectively in the Friends dataset. In
the case of EmotionPush, Anger label accounts for less than
1% of the training set.

For the evaluation phase, about 3,000 utterances from 240
dialogues are given to predict one of four emotions. The dis-
tribution of two data and classes is similar to the training set
of each data.

2https://sites.google.com/site/socialnlp2019/
3https://sites.google.com/view/emotionx2019/shared-task/

datasets

• 아래 표는 본 연구에서 제안하는 BERT-Max based Contextual Emotion Classifier의 성능 평가를 진행한 것이며, Friends와
EmotionPush 데이터 셋을 하나로 묶어 학습 시킨 후 각 test Set에 대해 평가를 진행한 결과입니다.

Dataset #Dialogues /
#Utterances

#Avg. utterances
per dialogue

#Avg. length
of dialogues

Neutral Joy Sadness Anger Out-Of-Domain

Friends
Training 4,000 / 58,012 14.50 160.92 45.0% 11.8% 3.4% 5.2% 34.6%

Test 240 / 3296 13.73 156.38 31.4% 15.3% 3.7% 4.3% 45.3%

EmotionPush
Training 4,000 / 58,968 14.74 114.96 66.8% 14.2% 3.5% 0.9% 14.6%

Test 240 / 3536 14.73 92.43 60.7% 17.0% 3.1% 0.8% 18.4%

Table 2: Corpus statistics and label distributions of Friends and EmotionPush datasets.

4.2 Experimental Setup
For training our model, the number of epochs and the batch
size are set to 10 and 1, respectively. We shuffle the training
set for every epoch and also apply gradient clipping method.

The learning rate decreases from ηimax to ηimin according
to a cosine annealing schedule [Loshchilov and Hutter, 2016]
as follows:

ηt = ηimin +
1

2
(ηimax − ηimin)(1 + cos(

Tcur
Ti

π)) (4)

where i denotes the index of the run, and Tcur refers to
the number of epochs after the last restart. We set ηimax =
2e5 as an initial learning rate and adopt the Adam optimizer
[Kingma and Ba, 2014] working with the scheduled learning
rate.

We adopt the pre-trained uncased BERT-Base model
as the transferable language model where maximum input
length is 512. The number of combination layers of a multi-
head attention and a feed forward neural network, N in Fig-
ure 1, is 12. The language model is post-trained via a next
sentence prediction (NSP) task and masked language model
(MLM) with released Friends, EmotionPush and Emory4 [Za-
hiri and Choi, 2018] datasets where the number of is 100,000
steps. The dimension of hidden representations is set to 768,
and the internal hidden size of a classification layer is set to
384. The number of classes is five, including four classes and
an out-of-domain class.

4.3 Evaluation Metric
To evaluate the performance of prediction, we mainly use mi-
cro f1 score equivalent to weighted accuracy (WA) if every
data is tagged with only one class like EmotionLines dataset,
obtained by the formula below.

microf1score =
micro− precision ·micro− recall
micro− precision+micro− recall

(5)

where

micro− precision =

∑
c∈C

TPc∑
c∈C

(TPc + FPc)
(6)

micro− recall =

∑
c∈C

TPc∑
c∈C

(TPc + FNc)
(7)

Dataset Model Micro-f1 Neutral Joy Sadness Anger

Friends

Base + Mean 77.5 85.3 72.3 50.0 53.5
Base + Max 77.1 85.0 71.5 49.7 59.9
Post + Mean 78.4 85.3 73.3 58.1 61.4
Post + Max 77.5 85.5 71.8 49.5 57.3

EmotionPush

Base + Mean 83.7 90.4 71.3 59.0 18.9
Base + Max 85.0 90.6 73.8 61.1 29.8
Post + Mean 84.1 90.5 71.3 61.5 20.0
Post + Max 85.6 91.1 73.5 63.4 30.6

Table 3: F1-scores for each emotion of our model trained Friends
and EmotionPush data seperately, tested on individual test sets

Dataset Model Micro-f1 Neutral Joy Sadness Anger

Friends

Base + Mean 74.0 83.9 63.6 49.6 53.8
Base + Max 76.1 85.1 65.1 51.2 57.3
Post + Mean 76.2 85.4 67.5 54.7 55.9
Post + Max 77.5 85.4 70.9 52.0 59.7

EmotionPush

Base + Mean 84.4 90.6 71.5 52.9 33.3
Base + Max 86.0 91.6 73.5 61.9 29.9
Post + Mean 85.8 91.1 71.7 60.1 24.6
Post + Max 86.3 91.5 74.7 61.0 36.2

Table 4: F1-scores for each emotion of our model trained Friends
and EmotionPush data together, tested on individual test sets

4.4 Results and Analysis
Experiments are conducted with the released Friends and
EmotionPush datasets augmented via back-translation as a
training set and their gold datasets for evaluation as a test set.

We assume that the transferable language model which is
post-trained with the specific domain corpus predicts the con-
textual emotion more accurately, and Table 3 and 4 support
our hypothesis.

To convert the different length of tokens into the uniform
sized representations, we design two converters, dynamic av-
eraging and dynamic max pooling. Even though the former
sometimes shows the better performance than the latter as in
Table 3, the overall performance of the latter is better in the
case of training together. Thus, we build our model with post-
trained language model and the dynamic max pooling.

When training each dataset seperately compared to train-
ing them together, the overall scores on EmotionPush in-
crease, but the performance on Friends dataset decreases. We
guess that the parameters of the transferable language model
pre-trained with formal corpus might be somehow destroyed
when fine-tuning chat-based dialogues, EmotionPush.

For submission version, we implements the k-fold cross
validation ensemble method to utilize all the datasets most

4https://github.com/emorynlp/emotion-detection

• 아래 그림은 본 모델에 대한 Demo system (http://nlplab.iptime.org:32290)의 예시를 나타낸 것입니다.
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