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Abstract
There are two aspects to speech: the linguistic aspect and the
paralinguistic aspect. Hybrid linguistic-paralinguistic speech
systems that employ joint knowledge of both aspects may fundamentally contribute to better speech processing and understanding, and improve the recognition of both the linguistic
and paralinguistic aspects. However, formulating such a hybrid system is a non-trivial task due to unsolved challenges in
each of its constituting systems as well as challenges that arise
from attempting to integrate such systems. We provide a framework to assess the feasibility of the proposed integration using
transfer learning and propose a formulation to hybrid linguisticparalinguistic speech systems using deep learning.
Index Terms: deep learning, emotion recognition, hybrid systems, neural networks, speech recognition

1. Introduction
Speech conveys linguistic information together with paralinguistic states and characteristics [1]. Knowledge of both aspects of speech—the linguistic aspect and the paralinguistic
aspect—is key to better speech processing and understanding
and it can be argued that the knowledge of either may better facilitate modeling and classification of the other. For instance,
knowledge of the linguistic aspect of speech may boost the detection of the paralinguistic state, and conversely, knowledge of
the paralinguistic characteristics may aid in characterizing the
linguistic aspect.
Let Automatic Speech Recognition (ASR) be the linguistic
task and Speech Emotion Recognition (SER) be the paralinguistic task. For the ASR task, the acoustic model usually utilizes
a few frames to recognize phonemes that are later decoded into
a transcription, whereas for the SER task, the acoustic model
requires a larger number of frames to recognize emotions [2].
Most of the work carried out on ASR considers the presence of
emotions in speech a form of distortion and it has been shown
generally that the presence of emotions in speech has a negative
effect on the accuracy of ASR systems. On the other hand, several studies have reported improvement in SER accuracy when
linguistic input is added to the acoustic input [3]. Therefore,
it would be advantageous to integrate both systems as sketched
in Figure 1, with the aim of improving ASR systems in dealing with emotional speech and at the same time providing linguistic input to SER systems. By extension, hybrid linguisticparalinguistic speech systems may fundamentally contribute to
better speech processing and understanding, and improve the
recognition of both the linguistic and paralinguistic components.
With deep learning being the state-of-the-art approach in
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Figure 1: A Hybrid Linguistic-Paralinguistic System.

ASR [4] and SER, a hybrid system based on deep learning may
be viable. However, formulating such a hybrid system is a nontrivial task due to unsolved challenges in each of its constituting systems as well as challenges that arise from attempting to
integrate such systems. Thus the aim of this work is to address these challenges and formulate a framework for hybrid
linguistic-paralinguistic systems.

2. Challenges
Challenges in ASR are well-documented [5], such as environment noise, speaker attributes, domain adaptation and so on.
Fortunately, these challenges have been addressed and mitigated with relative success in recent years. On the other hand,
there is a profusion of challenges in SER, where some challenges are inherited from psychology such as the definition of
emotions and their representation; and others arise from engineering [6]; such as designing relevant features and dealing
with the subjectiveness of the task. In our previous work, we
attempted to address some of these challenges: e.g. in [2], we
proposed mimicking the ASR pipeline by learning a mapping
from Fourier-transform based filter banks to emotion classes using end-to-end deep learning as opposed to feature engineering
and demonstrated the feasibility of the proposed scheme; in [7],
we proposed modeling the subjectiveness in emotion recognition using soft labels generated from multiple annotators resulting in a richer representation of the underlying emotions which
yielded improved performance compared to ground truth labels
obtained by majority voting between the same annotators.
Challenges that may arise from the integration of both tasks
include choosing an appropriate model architecture, a corresponding learning procedure, and mitigating potential computational complexity. As discussed in Section 3, these challenges
may be addressed using a multi task learning framework coupled with an attention mechanism.
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Figure 2: A Hybrid ASR-SER System. A spectrogram is fed into
shared convolutional layers which are followed by a number of
specialized layers that share a layer or more to communicate
between one another.

3. Approach
Prior to formulating a hybrid system, the correlation between
the linguistic task and the paralinguistic task must first be studied to asses the feasibility of the proposed integration. Transfer
learning is a form of knowledge transfer [8], where a model is
trained on a base task and data set and then the trained model
is repurposed to another target task or data set. Using transfer
learning, the correlation between both tasks can be quantified by
studying the transferability and relevance of features learned for
one task to the other. Assuming that if the transferred features
(without fine-tuning) are relevant to the target task, an insignificant or no drop in performance would be observed and conversely, a drop in performance would be observed if the transferred features are irrelevant to the target task; one can then infer
a correlation between both tasks by systematically varying the
portion of transferred features and measuring the difference in
performance, as proposed in our recent work [9].
Once a correlation between both tasks has been established,
there can be numerous plausible formulations for a hybrid
linguistic-paralinguistic system. Figure 1 depicts a schematic of
the general formulation of such a system, where both ASR—the
linguistic task—and SER—the paralinguistic task—use minimal speech processing such as Fourier-transform based filter
banks and a deep multi-layered model to learn multiple levels
of features to map input speech into phonemes or emotions respectively. It is convenient to have a similar architecture in both
systems to facilitate their integration.
Transfer learning can also be used to embed knowledge
learned from one task into the other by using features learned
for one task as an initialization to the other task possibly with
a number of fixed layers [9, 10]. Embedding knowledge in
a model through transfer learning does not however provide a
means for interaction between models, hence a more complex
architecture is required. A multi-task learning [11] framework,
where several models with shared representations are trained
for related tasks, could be employed to achieve both tasks—the
linguistic task and the paralinguistic task—in a unified framework to leverage knowledge learned for each task. This could
be achieved by choosing an appropriate network architecture
that utilizes several shared layers (e.g. convolutional layers) and
eventually a number of specialized layers for each task as shown
in Figure 2. This concept could be augmented with attention
mechanisms [12] to learn a parametric function to weigh the
influence of each task to one another.

Hybrid linguistic-paralinguistic systems are a potential approach to better speech processing and understanding. Formulating a hybrid linguistic-paralinguistic speech system is a nontrivial task due to unsolved challenges in its constituting systems as well as challenges that may arise from integrating such
systems. Recent work has demonstrated the feasibility of such
hybrid system by studying the correlation and relevance of features learned between its constituting systems through transfer
learning. Future work comprises developing a multi task learning framework with an incorporated attention mechanism.
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