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Abstract

Even with modern-day advanced machine learning techniques,
Speech Emotion Recognition (SER) is a challenging task.
Speech signals alone might not provide enough information to
build robust emotion recognition models. The widespread us-
age of wearable devices provides multiple signal streams con-
taining physiological and contextual cues, which could be in-
credibly beneficial to improving an SER system. However, re-
search around multimodal emotion recognition with wearable
and speech signals is limited. Also, the scarcity of annotated
data for such scenarios limits the applicability of deep learn-
ing techniques. This paper presents a self-supervised fusion
method for speech and wearable signals and evaluates its us-
age in the SER context. We further discuss three different fu-
sion techniques in the context of multimodal emotion recog-
nition. Our evaluations show that pretraining in the fusion
stage significantly impacts the downstream emotion recognition
task. Our method was able to achieve F1 Scores of 82.59%
(arousal), 83.05% (valence) and 72.95% (emotion categories)
for K-EmoCon dataset.

Index Terms: speech emotion recognition, multimodal, self-
supervised learning, Signal fusion, computational paralinguis-
tics

1. Introduction

Speech emotion recognition (SER) has been drawing consid-
erable attention from researchers recently [1], since it en-
ables many useful applications such as human-robot interac-
tion [2], online learning [3], behaviour assessment [4], and
healthcare [5].

Researchers have explored various machine learning tech-
nologies and achieved many successes for SER. A recent ad-
vancement is multimodal deep learning, which allows a network
to exploit supplementary/complementary information from rich
data sources to improve performance and robustness. For an
SER system, two common modalities combined are text and
video [6].

With the proliferation of sensor-rich wearable devices, we
now have convenient access to physiological and contextual sig-
nals from users. Integrating these signals into an SER system
may significantly enhance its performance and reliability, con-
sidering they originate from the Autonomous Nervous System
(ANS) activity and can hardly be triggered/suppressed by any
conscious or intentional control. [7].

However, the research on multimodal emotion recognition
with speech and wearable signals is still limited. One major
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roadblock lies in the scarcity of labelled data. Specifically,
many existing works rely on human-annotated datasets, which
are small in size.

There is a growing amount of unlabelled data. For example,
users upload terabytes of audio and video content daily to so-
cial media platforms, and wearable devices capture live streams
of signals such as heart rate and accelerometer. However, the
scarcity of labelled data is a common problem in the context of
SER. The extent of the scarcity increases when it comes to mul-
timodality, such as speech and signals from wearable devices.

In order to expand the limited body of knowledge in the
literature and overcome issues with data scarcity, this pa-
per introduces a self-supervised training approach to learn-
ing the relationship in multimodal data using pretrained uni-
modal representations. We reuse existing unimodal signal
representations from the literature [8, 9] to represent speech,
Blood Volume Pulse (BVP), Electrodermal Activity (EDA),
skin temperature (TEMP) and Accelerometer (ACC). We study
our self-supervised fusion training approach with three differ-
ent representation fusion mechanisms (weighted, unweighted
and attention-based). We evaluate our proposed method in
three downstream tasks related to emotion recognition (arousal,
valance and emotion categories) with the K-EmoCon [10]
dataset.

Our evaluation shows significant improvement in arousal
(from 66.59% to 82.59%), valence (from 67.60% to 83.05%)
and categorical emotion (from 59.84% to 72.95%) recognition
performance with multimodal data using our proposed signal
representation fusion approach.

The main contribution of this paper is the introduction of
a novel self-supervised fusion training approach for pretrained
signal representations for multimodal emotion recognition. We
extensively evaluate our proposed method with multiple train-
ing approaches and multiple training mechanisms.

2. Related Work

The amount of information covered by multiple modalities is
usually higher than unimodality; this increment of information
could be identified as supplementary information and comple-
mentary information [11]. Adding that information could lead
to higher accuracy and higher robustness of prediction mod-
els. Out of fusion levels in machine learning (data level, feature
level and decision level), feature level fusion has been the most
common way of fusing multimodal signals [12]. With the ad-
vancement of representation learning techniques, it is common
to fuse embeddings of pretrained representations of unimodality
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Figure 1: Building components and Model Architectures. (a) Speech Signal encoder inspired from [8]. (b) Basic building block of the
wearable signal encoder models inspired from [9]. (c) Wearable signal encoder architecture, built with the component visualised in
(b). (d) Proposed model architecture for fusion. (e) Generic structure of the proposed fusion head. (f) Generic structure of proposed

emotion recognition head.

to construct the multimodal network [13, 14]. In this work, we
follow a similar approach of feature-level fusion with pretrained
unimodal representations.

In the current body of literature on multimodal emotion
recognition, the most common modalities used are speech, text
and video [15, 16, 17, 14, 18]. Although wearable devices pro-
vide access to multiple streams of physiological and contex-
tual signals, there is a limited amount of research that looks
into combining speech and signals from wearables for emotion
recognition [19]. Thus, this paper focus on fusing speech and
wearable signals in the context of emotion recognition.

A majority of multimodal emotion recognition work has
followed a similar approach of concatenating individual modal-
ities at the feature level and proceeded to do an emotion recog-
nition task [15, 14, 18]. However, this approach could lead
to over-reliance on a single modality [16]. In order to over-
come that issue, Georgiou et al. [16] has proposed a method
based on masking to systematically regulate the signal modali-
ties to enhance supplementary/complementary information and
show improvements in the downstream emotion recognition
task. Further, a majority of multimodal emotion recognition
work learns the mutual information of the modality when they
train for the final task [17, 14, 16, 19]. Given that the datasets
for emotion recognition are limited in size, models have less op-
portunity to learn complementary/supplementary information.

In this paper, we add to the existing body of literature by
investigating the ways to fuse multimodel data for speech emo-
tion recognition. Further, our approach uses a self-supervised
method that does not require annotated data.

3. Method
3.1. Model

In developing the framework for our proposed fusion method,
we delved into prior work for the initial task of signal encod-
ing. Recent work by Dissanayake et al. presents signal en-
coder models tailored for both speech and wearable (ACC, BVP,
EDA, TEMP) signals [8, 9]. Figure 1(a)) shows the speech sig-
nal encoder proposed by the authors, which is pre-trained with
the VoxCeleb [20] dataset as an autoencoder. The resulting
model offers better generalisability across different corpora [8]
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and thus inspired us to draw heavily from their work to build
our speech encoder.

We also adopted a model and method introduced by Dis-
sanayake et al. named ‘SigRep’ for wearable signal encod-
ing [9]. Figure 1(c) illustrates the architecture of the signal en-
coder proposed in SigRep for a single modality. The encoder is
built with a basic building block called ‘inception like block’
(see Figure 1(b)). This mechanism demonstrated robustness
against signal losses expected in wearable devices [9]. Follow-
ing SigRep, we pre-trained encoder networks using contrastive
learning for each wearable signal modality. For this training, we
used Affective Road [21], CASE [22], CLAS [23], PPG Field
Study [24], WESAD [25] datasets.

To construct a neural network architecture for fusing these
pre-trained signal encoders, we developed the fusion training
network outlined in Figure 1(d). Output embeddings from each
encoder network are fused in the fusion layer with three differ-
ent fusion strategies (see Section 3.3). We then projected the
fused embeddings with two fully connected layers to feed the
fusion training heads. The structure of a single fusion head can
be visualised in Figure 1(e). We used multiple fusion trainer
heads, which we will discuss in the fusion training section.

Upon training of the fusion network, we discarded the fu-
sion trainer heads and replaced them with emotion recognition
heads (see Figure 1(f)) for the downstream task of emotion
recognition. Each emotion recognition head has two fully con-
nected layers and a softmax layer for the emotion target.

3.2. Self-supervised Fusion Training

Different signal modalities may contain information that com-
plement each other. We investigated this using the VerBio
dataset [26], which contains both speech and wearable sig-
nals and tried to extract any complementary information among
them. In order to do that, we used a multi-task self-supervised
approach. First, we randomly masked a part of each signal
modality with zeros for each training example. Then, we cal-
culated the masked area’s statistical features (mean, standard
deviation, min, max, skewness, kurtosis, number of peaks), re-
sulting in 40 values for five signal modalities. We assigned one
fusion head (see Figure 1(e)) per statistical value and built our
fusion trainer network (see Figure 1(d)). During the training



process of our fusion network, we fed the network with five
masked signals and let the network predict the 40 statistical
values simultaneously. We treated our prediction tasks as re-
gression problems; thus, optimisation was performed using the
Adam algorithm [27] with a learning rate of 0.001, while the
loss for each task was calculated using mean absolute error.

3.3. Fusion Mechanisms

We studied three different fusion techniques in our fusion train-
ing strategy.

1. Unweighted Fusion. With unweighted fusion, we con-
catenated embeddings from each signal modality. Fig-
ure 2(a) illustrates the unweighted fusion strategy. The
concatenated embedding is then used in further fusion
training and emotion training.

Weighted Fusion. In weighted fusion strategy, we in-
troduced a trainable scalar to the embeddings of individ-
ual signal modalities. As illustrated in Figure 2(b), each
embedding is multiplied by the corresponding scalar
value before concatenation for the fused embedding.
The weights (al, a2, a3, a4, ab) of each embedding is
learned through the fusion training stage.

Attention Based Fusion. We used multi-head self-
attention for each modality in the attention-based fusion
strategy as shown in Figure 2(c). The output of each at-
tention layer is then concatenated to construct the fusion
embedding.

4. Evaluation
4.1. Datasets

We evaluated our method using the K-EmoCon [10] dataset,
which contains multimodal signals captured from 28 partici-
pants during a dyadic debate scenario. The K-EmoCon dataset
consists of speech, video, ACC, BVP, EDA, TEMP, electrocar-
diogram (ECG) and electroencephalogram (EEG) signals. Fur-
thermore, the dataset is annotated for arousal, valence and cate-
gorical emotions (cheerful, happy, angry, nervous, sad) in three
different perspectives (self, debate opponent and external anno-
tator). We used speech, ACC, BVP, EDA and TEMP signals
together with annotations of self-reported arousal, valence and
emotion categories from the dataset for our study. The dataset
contained signal data recording roughly about 170 minutes.

4.1.1. Data Preprocessing

Preprocessing of the K-EmoCon [10] dataset followed a similar
protocol to that conducted by prior work [8, 9]. We split all sig-
nals into four-second windows with a one-second overlap. Mel
frequency cepstral coefficients (MFCCs) were extracted from
speech signals as features with 40 coefficients. Although the K-
EmoCon [10] dataset provides arousal and valence annotations
in five stages, the benchmarking work for emotion recognition
put forward by Dissanayake et al. [9] binned these values into
three levels. Furthermore, they used the annotations for emotion
categories, usually a score between 1 and 4, to identify the most
prominent emotion and map it to one of six classes (cheerful,
happy, angry, nervous, sad and neutral). Consequently, we ap-
plied the same procedure concerning both the binning of arousal
and valence values and the mapping of emotion categories in
our work.

3600

(a) Unweighted Fusion

Speech ACC BVP EDA TEMP
Embedding | [Embedding| |[Embedding| |[Embedding | |[Embedding

Concatenation

(b) Weighted Fusion

Speech ACC BVP EDA TEMP
Embedding| |[Embedding| |Embedding | |[Embedding| |Embedding
(c) Attention Based Fusion

Speech ACC BVP EDA TEMP
Embedding | |[Embedding| |[Embedding| |[Embedding | |[Embedding

AH1 AH2 AH3 AH4 AHS5

l N N N l

Figure 2: Fusion Strategies. (a) embedding from each signal
representation is concatenated to create the fusion embedding.
(b) Each representation is multiplied by a trainable scalar o be-
fore concatenation. (c) Embedding of each signal goes through
a multi-headed self attention layer before concatenation for the
Sfusion embedding.

4.2. Experiment Setup

All experiments investigated our models’ success at predicting
arousal, valence and emotion categories. Accuracy and F1-
Scores served as the measures for determining model perfor-
mance in our evaluation. These results were then validated us-
ing the leave-one-out cross-validation technique.

Our experiments involved using different model configu-
rations to assess the effect of fusion training and its mecha-
nisms on emotion recognition. To explore the effect of fusion
training, we created two primary configurations where one con-
tained pre-trained weights from the fusion training stage while
the other did not.

¢ With fusion training: We loaded the model (see Fig-
ure 1(d) with emotion trainer heads) with pretrained
weights from the fusion trainer stage. We then froze the
weights of the model upto the projection head.

¢ Without fusion training: We loaded the model with
pre-trained weights of encoders. We then froze the
weights in encoders.

Three further sub-configurations allowed us to evaluate the
effect of the three different fusion mechanisms (see Section 3.3)
in both the presence and absence of fusion training. In all ex-
periments we used Adam optimiser [27] with a learning rate of
0.001 and categorical cross-entropy as the loss function for this
training phase. Further, we fixed the number of epochs at 32
with early stopping.



Arousal
Experiment

Valence Categorical

Accuracy FiScores

Accuracy FiScores Accuracy FiScores

Speech Only 0.5770 (+ 0.0180) 0.5673 (+ 0.0138)

0.6078 (+ 0.0197) 0.6066 (+ 0.192) 0.5682 (+ 0.0215) 0.5552 (¢ 0.0199)

Wearable Only (SigRep) 0.6493 0.6291

0.5906 0.5615 0.5121 0.5028

Speech + Wearable (Unweighted) w/o fusion training 0.7382 (+ 0.0355) 0.7064 (+ 0.0328)

0.7312 (+ 0.0353) 0.7024 (+ 0.0346) 0.6589 (+ 0.0277) 0.6565 (+ 0.0251)

Speech + Wearable (Weighted) wy/o fusion training 0.7049 (+ 0.0419) 0.6821 (+ 0.0416)

0.7242 (£ 0.0248) 0.7021 (+ 0.0243) 0.6343 (£ 0.0376) 0.6352 (+ 0.0353)

Speech + Wearable (Attention Based) w/o fusion training 0.7048 (+ 0.0376) 0.6659 (+ 0.0385)

0.7006 (+ 0.0332) 0.6760 (+ 0.0323) 0.6038 (+ 0.0250) 0.5984 (+ 0.0253)

Speech + Wearable (Unweighted) w/ fusion training 0.8152 (+ 0.0236) 0.7820 (+ 0.0226)

0.7923 (+ 0.0281) 0.7701 (+ 0.0276) 0.7205 (+ 0.0360) 0.7084 (+ 0.0342)

Speech + Wearable (Weighted) w/ fusion training 0.8236 (+ 0.0175) 0.7978 (+ 0.0174)

0.7918 (+ 0.0261) 0.7734 (£ 0.0243) 0.7186 (+ 0.0369) 0.6906 (+ 0.0324)

Speech + Wearable (Attention Based) w/ fusion training 0.8469 (+ 0.0141) 0.8259 (+ 0.0140)

0.8488 (+ 0.0158) 0.8305 (+ 0.0153) 0.7512 (+ 0.0308) 0.7295 (+ 0.0297)

Table 1: Emotion Prediction Performance for K-EmoCon [10] dataset. We report prediction accuracy, and macro F1Score for speech
signal only, wearable signals only (results reported in [9]), without fusion training and with fusion training for each fusion strategy. All
the results tabulated here are based on leave one subject out cross validation. Standard error value for each performance measurement

is reported within parenthesis.
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Figure 3: Emotion recognition performance with vs without fu-
sion training. FIScore for each setting is plotted in the graph.
(a), (b) and (c) represents unweighted, weighted and attention-
based fusion mechanism. Error bars show the standard error

5. Results & Discussion

Table 1 tabulates the overall results of the series of experiments.
In addition to these results, we also report the emotion recog-
nition performance recorded in SigRep [9], which uses signals
from speech and wearable sources independently. As antici-
pated, the prediction performance for all emotion recognition
tasks improved when speech and wearable signals were com-
bined; Student’s t-test has confirmed the statistical significance
(p < 0.05). This observation indicates that supplementary in-
formation of different modalities positively affects the down-
stream task of a multimodal prediction system.

To assess the effect of fusion training, we compared emo-
tion recognition performance with and without fusion training.
We evaluated three emotion targets (arousal, valence and cat-
egorical) for each fusion mechanism (unweighted, weighted
and attention). Thus, we obtained nine accuracy and F1-Score
pairs for comparison between the two primary model configu-
rations. When comparing emotion recognition performance of
fusion training against without fusion training, we observed im-
proved mean accuracy and mean F1-Scores for all three predic-
tion tasks independent of their fusion mechanism. We further
analysed the difference in performance among the two config-
urations using T-tests, where results revealed a statistically sig-
nificant improvement (p < 0.05) in seven out of nine pairs. Va-
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lence prediction with unweighted fusion and categorical emo-
tion prediction with weighted fusion did not indicate a signifi-
cant improvement. Figure 3 demonstrates the improvement of
F1Sores with and without fusion training approach. This obser-
vation indicates that complementary information learned in the
fusion training process has significantly positively affected the
emotion recognition tasks.

Another interesting observation in our result is that un-
weighted fusion demonstrated the highest performance with-
out fusion training, while attention-based fusion had the lowest
performance. However, attention-based fusion outperformed
weighted and unweighted fusion mechanisms in the fusion
training configuration. Although we did not observe a statis-
tical significance across fusion mechanisms in either configu-
ration, this observation could indicate that simpler models may
have an advantage in low data scenarios; however, a complex
system can outperform simpler methods when there is enough
data. We suggest this observation requires further investigation
with a substantial amount of data.

6. Conclusion

This paper proposed a self-supervised fusion training approach
for speech and wearable signal representations. Our proposed
fusion training approach attempts to enhance multiple modal-
ities’ complementary information. We studied three different
fusion mechanisms (weighted, unweighted and attention-based)
with our fusion training approach. Our evaluations show a sig-
nificant improvement in emotion recognition performance in K-
EmoCon dataset with the proposed fusion approach. The eval-
uation results indicate that the complementary information in a
multimodal system plays a critical role when fusing speech and
wearable signals for emotion recognition. We also observed an
improved emotion recognition performance with the attention-
based fusion mechanism compared to weighted and unweighted
fusion. We suggest further investigations are required to eval-
uate the effect of different fusion mechanisms with a larger
dataset to train representation fusion.
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