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Abstract
In this work, we propose a multi-modal emotion recognition
model to improve the speech emotion recognition system per-
formance. We use two parallel Bidirectional LSTM networks
called acoustic encoder (ENC1) and speech embedding encoder
(ENC2). The acoustic encoder is a Bi-LSTM which takes se-
quence of speech features as inputs and speech embedding en-
coder is also a Bi-LSTM which takes sequence of speech em-
beddings as input and the output hidden representation at the
last time step of both the Bi-LSTM are concatenated and passed
into a classification which predicts emotion label for that par-
ticular utterance. The speech embeddings are learned using the
encoder-decoder framework as described in [1] using skipgram
[2] training. These embeddings are shown to outperform word
embeddings(word2vec) in many word similarity benchmarks.
Speech embeddings are shown to capture semantic informa-
tion present in speech and speech embeddings have the capa-
bilities to handle speech variabilities which is not possible by
plain text. We compare our model with the word embedding
based model where we feed Word2Vec to ENC2 and speech
features to ENC1 and we observe that the speech embedding
based model gives better results compared to word embedding
based model. We compare our system to previous multi-modal
emotion recognition models which use text and speech features
and we get absolute 2.59% improvement over the previous sys-
tems[8] on IEMOCAP dataset. We also compare our system
performance with different speech embedding dimensions of
[50,100,200,300] and we observe the speech embedding of 50
dimensions is achieving 68.59% accuracy.
Index Terms: Speech2Vec, Speech emotion recognition,
Multi-modal SER

1. Introduction
Speech emotion recognition is about identifying the emotion of
a speech utterance. Due to the rapid development of deep learn-
ing, today we are able to build high capacity models which can
ingest a huge amount of data and train the models to do better
prediction. Today, due to the availability of large data and GPUs
we can train better models much more quickly. The deep neu-
ral network has shown state of the art results for speech related
problems like speech recognition [3], speaker identification[4],
language indentification [5], etc. Recently a lot of work has
been done in using neural networks for speech emotion recog-
nition model and these models are shown to outperform clas-
sical machine learning models like HMM, SVM, and decision
tree based methods. Hidden Markov models(HMM) and sup-
port vector machines(SVM) are used in the work done by Yi-
Lin Lin et. al [6] for speech emotion classification. Recent
work by K.Han et. al [9] shows how to use deep neural net-
works and extreme learning machines to first classify segment
level and then classify utterance level emotion of speech. Con-

volution neural networks are used in the paper by Dario Bertero
et. al [10] for speech emotion recognition. Work by Abdul Ma-
lik Badshah et. al [11] shows how deep convolutional networks
can be used for speech emotion recognition and also they show
how pretrained Alex-net model can be used as means of transfer
learning for the emotion recognition task. Recently many works
have been done on improving speech emotion recognition us-
ing multi-modal techniques. Researchers have shown that we
can improve the accuracy of an emotion recognition model if
we have text data of an utterance. If we provide text data as
a guiding signal along with speech features to our model, the
model performance can be greatly improved. Since face emo-
tion and speech emotions are correlated with each other, work
by Samuel Albanie et. al [7] tried using cross model transfer
from face domains to speech domain using knowledge distil-
lation. Using face features as one of the guiding signals during
speech emotion prediction is shown to increase the performance
of speech emotion recognition. Recent work by Jaejin Cho et
.al[8] has shown how to combine text and audio signals for clas-
sifying speech utterance into emotion labels by encoding tran-
script using multi-scale CNN and encoding speech using LSTM
networks.

In this work, we study emotion recognition using multi-
modal setup using both audio and text information. The
model consists of 2 encoders called acoustic encoder (ENC1)
and speech embedding encoder (ENC2). The acoustic en-
coder (ENC1) is a Bi-LSTM which takes a sequence of speech
features like MFCC,chroma-gram and,zero-crossing rate,short-
term energy,short-term entropy of energy,spectral centroid and
spread, spectral entropy, spectral flux and spectral roll-off com-
puted for every 100ms and generates hidden representation at
the last time step. The speech embedding encoder (ENC2) is
also a Bi-directional LSTM which takes a sequence of speech
embeddings at word level and generates hidden representation
at the last time step. We fuse the hidden representation from
ENC1 and ENC2 and finally send it to an MLP for classifi-
cation. The ENC2 tries to encode the semantic information
present in the audio signal whereas the ENC1 tries to encode
the emotion-related features from the audio signal. Fusing these
two networks for the final task of emotion classification gives
better results compared to using only one them. The speech
embeddings are trained using the encoder-decoder framework
where the task is to predict the context(left+right) word given
the center word. The center words are converted into a sequence
of MFCC features and are fed into encoder LSTM and decoder
network tries to generate MFCC for the context words and the
model is trained using mean squared error loss. The setup is
similar to the skip-gram model setup in training word embed-
dings.

The organization of the paper is as follows. In section 2 we
explain out proposed idea. In section 3 we explain the dataset
structure and in section 4, we explain our experimental analysis.
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2. Proposed model
In this work, we propose a multi-modal speech emotion recog-
nition model which tries to capture acoustic features in one en-
coder and semantic information of the utterance in another en-
coder. This proposed model is shown in figure Figure 1. The
model will have dual encoder architecture which fuses infor-
mation from both the encoder streams and predicts the emotion
labels for that particular utterance. We feed the acoustic fea-
tures into an Bi-LSTM and generate utterance level presenta-
tion at the last time stamp of the Bi-LSTM and also we generate
the utterance level semantic information by feeding the speech
embeddings of the words into Bi-LSTM. Finally we concate-
nate these features. This concatenated speech feature carries
information from acoustic signal and context information from
speech embeddings. We pass these fused features through the
dense layer and finally, we apply the softmax layer to predict the
emotion class label. We describe our acoustic feature extraction
and speech embeddings extraction in section 2.1 and section 2.2
respectively. We describe our full architectures of the proposed
model in section 2.3.

2.1. Acoustic feature extraction

We use frequency and energy based features for our model. We
compute 34 features which include 13 MFCC, 13 chromagram
and 8 spectral features. The spectral features include zero cross-
ing rate, short-term energy, short-term entropy of energy, spec-
tral centroid and spread, spectral entropy, spectral flux, spectral
roll-off. We compute these features for every 100ms windows
with no overlap. The total number of feature vectors are limited
to 200 which covers 20-sec audio data. These 34 dimensional
feature sequence goes as input to the Bi-LSTM network and we
tap the last timestep hidden representation to fuse it with speech
embedding networks(ENC2) hidden representation.

2.2. Speech Embeddings

Speech embeddings are generated using a skip-gram model
which is trained to predict the context words given the cen-
ter word. The skip-gram model for speech embedding gener-
ation is described in the work by Yu-An Chung et. al [1]. The
Speech2Vec model is shown in Figure 2. The speech2vec model
is built using the encoder and decoder framework where the en-
coder is an RNN and decoder is also an RNN. The encoder in
Speech2Vec takes MFCC features sequence of the center word
and tries to encode these features into high-level representation
using LSTM. The decoder takes the encoder representation and
tries to generate the context words using LSTM. The speech em-
beddings are the hidden representations generated by encoder
LSTM at the last LSTM time step. We use the speech and word
embeddings given by Yu-An Chung et. al [1].

2.3. Acoustic encoder

The acoustic encoder ENC1 is a Bi-directional LSTM model
which takes 34 dimensional acoustic features as input at every
time step. This 34 dimensional features includes 13 MFCC,
13 chromogram and 8 spectral features like zero crossing rate,
short-term energy, short-term entropy of energy, spectral cen-
troid and spread, spectral entropy, spectral flux, spectral roll-
off. The Bi-LSTM processes sequences from both forward and
backward direction and has gating mechanism which controls
what information is to be stored or discarded from memory. The
acoustic encoder at t-th time step takes the acoustic features xA

t

and previous hidden state representation hA
t −1 to compute hid-

Figure 1: Proposed multi-modal emotion recognition model

den state representation hA
t at time t as follows.

hA
t = f(xA

t ,hA
t −1,ΘA) (1)

where f is the Bi-LSTM function with parameters ΘA

,xA
t ∈ R34 is the input feature from the input feature sequence

XA = [xA
1 , xA

2 .....xA
T ] and t ∈[1, 2.....T ], where T is the to-

tal number of time steps. Since, we are using Bi-directional
LSTM, the network has the capacity to process our feature se-
quence both from forward direction and backward direction and
the final hidden representation hA

T is calculated by concatenat-
ing forward and backward hidden representation at the last time
step.

2.4. Speech Embeddings encoder

Speech embedding encoder ENC2 is a Bi-LSTM model which
takes sequence speech embedding vectors and calculates hidden
layer output at every time step. These embeddings are designed
to capture the context information in the utterance. The speech
embeddings play an important role in capturing the semantic
and syntactic information in the utterance. We add an embed-
ding layer before the Bi-LSTM and initialize that embedding
layer by the pretrained speech embeddings. These embeddings
are generated from speech2vec model as described above where
we get a fixed dimensional embedding for every word. The em-
bedding layer is a trainable layer and this layer parameters are
updated along with Bi-LSTM model parameters during back-
propagation. The model takes a sequence of speech embeddings
XS = [xA

1 , xA
2 .....xA

N ] as inputs to the Bi-LSTM model and
generates a fixed dimensional embedding at the last time step.

hS
n = g(xS

n,h
S
n−1,ΘS) (2)

where g is the Bi-LSTM function with parameters ΘS of
speech embeddings model ,xS

t is the input speech embedding
from the speech embedding sequence XS = [xS

1 , x
S
2 .....x

S
N ]

and n ∈[1, 2.....N ], where N is the total number of words in
that sequence. Since we are using Bi-directional LSTM, the net-
work has the capacity to process our feature sequence both from
forward direction and backward direction and the final hidden
representation hS

N is calculated by concatenating forward and
backward hidden representation.
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Figure 2: Speech2Vec model

2.5. Speech Embeddings and acoustic features for emotion
recognition

In this section, we describe our approach of combining acoustic
encoder representation and speech embedding encoder repre-
sentation for predicting emotion label for an utterance. We ex-
tract the last time step hidden representation of the acoustic en-
coder hA

T and last time step hidden representation of the speech
embedding encoder hS

N . We then fuse these two features using
early fusion. This fused features are passed to a dense layer and
finally to softmax for emotion label prediction. This process is
shown in Figure 2. The fused feature is represented as follows.

F = concat[hT
A,hN

S ] (3)

This fused feature will have information from both acous-
tic features and semantic information of the contextual words
from speech embeddings. This fused feature is passed through
a dense layer and finally, softmax is applied to predict the label
class. The loss is computed based on the predicted outputs and
ground truth outputs. This is described as follows.

y∗ = softmax(F TM + b) (4)

Loss = CE(y∗,y) (5)

3. Dataset
We conduct all our experiments on IEMOCAP dataset which is
publicly available for research. The dataset is a 12hrs of multi-
modal dataset consist of audio, video and text information. The
data is collected in order to simulate the natural interaction be-
tween actors. The dataset is collected in 5 sessions from 10 dif-
ferent people. Each session contains utterances of one male and
one female in a conversation. These sentences were manually
segmented and labeled by professionals with multiple valida-
tions. The dataset consists of total 5531 utterances from all 5
sessions. We use 4 sessions for training and the last session of
testing. We use 4 emotions angry(1103), excited(1636), neu-
tral(1708) and sad(1084) and data belonging to happy category
is merged into exited category. For training we take 4290 ut-
terances from first 4 sessions and we take 1241 utterances from
last session for testing.

4. Experimental analysis
4.1. Acoustic feature based emotion recognition

Audio-based emotion recognition model is a single-layered Bi-
directional LSTM trained using acoustic features only. We ex-
tract 34 acoustic features for every 100ms audio with no over-
lap and these features sequences are padded with zeros to make
the sequence length to be equal to 200 and this corresponds to
the 20sec worth of audio data. The speech files are sampled
at 16KHz sampling frequencies. The model is single layer Bi-
LSTM having the cell dimension of 128 and the Bi-LSTM lay-
ers are trained with a dropout of p=0.2. The Bi-LSTM layer
output is fed to a dense layer of dimension 256 and finally, the
softmax layer is applied to predict the emotion label for the
utterance. The softmax layer predicts probability scores for 4
different classes and we choose the class with maximum prob-
ability unit as the prediction. This model is trained using the
cross-entropy objective for up to 20 epochs using Adam opti-
mizer. We use a batch size of 32 along with learning rate 0.001.
We use 4290 sentences for training and the remaining 1241 ut-
terances are used for testing. The loss function is optimized us-
ing Adam optimizer with a learning rate of 0.001. The trained
model works with 55.10% accuracy on the test data as shown in
Table 1(Row - 1).

Table 1: Uni-Modal emotion recognition models

Model Unweighted Accuracy

Acoustic feature only model 55.01%
Speech embedding only model 60.03%
Word embedding only model 60.68%

4.2. Speech embedding based emotion recognition

The speech embedding based emotion model is a single layer
Bi-LSTM with 2 fully connected layers on top. The input to
the model is a sequence of 50-dimensional speech embedding
extracted for every word in the utterance. Each utterance will
have N words and we generate embeddings for every word us-
ing Speech2Vec model as described in section 2.2 and we pad
these sequences with zero vectors to make every text sequence
length to be equal to 128. We create a trainable embedding
layer and it is initialized with pretrained speech embeddings ex-
tracted from Speech2Vec model. Finally, we attach Bi-LSTM
layer with 2 fully connected layers on top of this embedding
layer and train the network to minimize the cross-entropy loss.
The Bi-LSTM layer has 128 dimension cell and they are trained
with a dropout of 0.2. The final hidden state of Bi-LSTM (of di-
mension 256) goes to 2 fully connected layers with hidden layer
size of 256. Dropout of p=0.3 is applied after every fully con-
nected layer and finally, softmax layer predicts the probability
scores for emotion classes. The model is trained to optimize the
categorical cross entropy with Adam optimizer having a learn-
ing rate of 0.001. This standalone network achieves an accuracy
of 60.03% accuracy on the test data as shown in Table 2. We
also compare our speech embedding only model with the word
embedding based model. We use the same setup but instead of
initializing the embedding layers with speech embeddings, we
initialize it with word embeddings. We see that word embed-
ding based model performs slightly better than speech embed-
ding based model as shown in row 3 of Table 1.
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4.3. Combining Speech embeddings and acoustic features
for speech emotion recognition

This model is a multi-modal network takes 2 streams of infor-
mation, one is acoustic information and the other is speech em-
beddings information. Speech embeddings are fed as input to
an encoder ENC2 which takes a sequence of speech embedding
computed for every word in the transcript and generates and
representation which will have semantic and context informa-
tion of the utterance. Acoustic features are computed for every
100ms which are of dimension 34 and are fed to ENC1. The
acoustic encoder ENC1 consist Bi-LSTM with cell dimension
of 128 and a fully connected layer on top having dimension
256 and speech embedding encoder ENC2 will have single Bi-
LSTM with a hidden dimension of 128 and a fully connected
layer on top having dimension 256 as shown in Figure 2. The
input ENC1 is (200,34) where 200 is the number of timesteps
and 34 is acoustic feature dimensions. Similarly, the input to
encoder ENC2 is (128,50), where 50 is the dimension of speech
embeddings. The output of the dense layers from ENC1 and
ENC2 which are of dimension 256 are concatenated to get a
fused feature which will have both acoustic information and
context information. This fused feature is passed through a fully
connected layer of dimension 256 followed by a softmax to pre-
dict the class score. This whole network is jointly optimized us-
ing categorical cross entropy objective function. The Bi-LSTM
layers are regularized using recurrent dropout of 0.2 and dense
layers are regularized using dropout of 0.3. The objective func-
tion is minimized using Adam optimizer with a learning rate of
0.001. The model achieves an accuracy of 68.49% on the test
data for speech embedding of size 50. We compare our results
with previously published models in Table 2.

Table 2: Performance (%) of single systems and their fusion on
IEMOCAP dataset

System Unweighted Accuracy

Bi-LSTM 55.03%
E-Vector 57.25%
MCNN + LSTM 64.33%
E-vector + MCNN + LSTM 65.90%
Our system 68.49%

Table 2 compares the results from a single system and fu-
sion of multiple systems. The acoustic feature based LSTM
can give only 55.03% unweighted accuracy as shown in row
1 of Table 2. The E-Vector[12] system which combines
both lexical features and acoustic features gives us 57.25%
(row 2) accuracy as reported in [8]. A multi-modal emotion
recognition system which combines both speech and transcript
called MCNN(multiscale CNN)[8] gives unweighted accuracy
of 64.3% as in row 3 of Table 3. Our speech embedding based
multi-modal emotion recognition model gives the best results
among all the above models achieving 68.49% unweighted ac-
curacy as shown in row 5 of Table 2.

We conduct experiments for different dimensionalities of
word embeddings to compare the performance with speech em-
beddings. We use pretrained word embeddings of dimensions
50,100,200 and 300. We run our multi-modal emotion recogni-
tion system using word embeddings instead of speech embed-
dings. We tabulate our results in Table 3. We can clearly see
that speech embeddings are better than word embeddings.

Table 3: Performance (%) of our system for different word em-
bedding and speech embedding size

Embedding dimension Speech embedding Word embedding

50 68.49% 67.12%
100 66.08% 66.01 %
200 64.87% 66.80%
300 65.75% 61.32%

5. Conclusion
Speech emotion recognition is a very challenging problem and
it is still one of the unsolved problems in the speech commu-
nity. In this paper, we propose a multi-modal speech emo-
tion recognition system which uses information from both audio
and speech embedding to accurately classify the utterances into
emotion classes. The proposed approach uses speech embed-
dings which captures semantic and context information in the
utterance and we use it as an additional guiding signal during
speech emotion classification. This proposed approach outper-
forms previously published multi-modal emotion recognition
models by 2.59% absolute improvement. We compared our
speech embedding based model with word embedding based
model and we see that speech embeddings are better than word
embeddings for speech emotion recognition problem because
speech embeddings have the capability to capture speech vari-
ations like speaker and channel variabilities whereas just plain
text cannot capture these speech variabilities. In future work,
we would like to see how to make use of attention mechanism
and other techniques which can capture emotion cues present in
both acoustic and embeddings modalities.
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