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Abstract

We investigate the importance of temporal context for speech
emotion recognition (SER). Two SER systems trained on tradi-
tional and learned features, respectively, are developed to predict
categorical labels of emotion. For traditional acoustical features,
we study the combination of filterbank features and prosodic
features and the impact on SER when the temporal context of
these features is expanded by learnable spectro-temporal recep-
tive fields (STRFs). Experiments show that the system trained
on learnable STRFs outperforms other reported systems evalu-
ated with a similar setup. We also demonstrate that the wav2vec
features, pretrained with long temporal context, are superior to
traditional features. We then introduce a novel segment-based
learning objective to constrain our classifier to extract local
emotion features from the large temporal context. Combined
with the learning objective and fine-tuning strategy, our top-line
system using wav2vec features reaches state-of-the-art perfor-
mance on the IEMOCAP dataset.

Index Terms: speech emotion recognition, deep neural net-
works, prosodic features, wav2vec, learnable spectro-temporal
receptive fields

1. Introduction

Automatic speech emotion recognition (SER) has received in-
creasing attention in recent years. Studies have shown that emo-
tion recognition can be achieved using frame-level acoustical
features as well as para-linguistics features calculated from a
much larger time span [1, 2]. In this paper we focus on cre-
ating an accurate emotion classifier that uses a combination of
relevant acoustical cues and the right time span over which to
integrate extracted features.

Various knowledge-based and learned features have been
explored for SER. Many of these methods have based their ap-
proach on short-time spectral features (e.g., [3], [4], among oth-
ers). Medium-time modulation features [5] and prosodic fea-
tures [6, 7] have also been explored. In addition to individual
features, a combination of features of various form and resolu-
tion was found to be helpful for predicting valence and arousal
[8] or for categorical emotions [4].

Learned features trained on large-scale corpora in an unsu-
pervised manner provide an attractive alternative to those men-
tioned above. Wav2vec [9] is one example of such learned fea-
tures, as it computes features that span a long temporal con-
text window from a raw waveform. Despite its success in au-
tomatic speech recognition (ASR) and speaker identification
tasks, only a few studies [10, 11] have explored the use of
this feature for SER. Boigne et al. [11] show that wav2vec per-
forms better than low-level descriptors and spectrogram on SER.
Macary et al. [10] find that the joint use of wav2vec and BERT-
like [12] features outperforms short-time cepstral features with
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word2vec [13] on a continuous SER task. These studies show
that representations learned from wav2vec can be beneficial for
SER.

In addition to using features extracted over different time
spans, the use of context-aware classifiers has been a popular ap-
proach for SER. While many studies rely on DNN architectures
such as long short-term memory (LSTM) for implicitly learn-
ing from long temporal context, making such procedure explicit
with clearer objectives has shown to be beneficial. Aldeneh
et al. [14] explicitly models the context span (called “regional
saliency” by the authors) of their system by varying the filter
size of a convolutional neural network (CNN). In contrast, some
works [3, 15, 16] found it beneficial to perform frame-level clas-
sification and use a simple averaging [3] or training another clas-
sifier on the top of extracted frame-level features [15, 16] to
produce the utterance-level prediction. While there is not yet
a dominant theory of the optimal way to aggregate frame-level
decisions for utterance-level decisions, these methods show that
both approaches are useful for SER.

In this paper, we examine several SER features and the ef-
fect of expanding the temporal context of these features. We de-
velop two systems based on acoustical features and learned fea-
tures, respectively. For acoustical features, we select three repre-
sentative features that span different levels of acoustical context.
The modulation feature is automatically extracted using a con-
strained CNN that we have shown can discriminate voice quality
[17]. For learned features, we focused on wav2vec [9], which
spans a much longer temporal context than traditional features.
However, long temporal context tends to include excessive in-
formation and makes the classifier vulnerable to spurious corre-
lations. Motivated by existing segment-based classifiers for SER
[3, 15, 16], we design a novel training objective that constrains
the learned representation to predict emotion from each learned
feature frame. Combining this objective with fine-tuning strate-
gies for wav2vec, our system outperforms previous methods on
the IEMOCAP dataset.

Organization of this paper. In the next section, we in-
troduce our method for speech emotion recognition. We then
describe the evaluation procedure. Finally, we discuss our ex-
perimental results.

2. Method

We explore four frame-level features in which each frame is ex-
tracted from speech with significantly different contexts. These
context spans are shown in Table 1. We then discuss the imple-
mentation of each, as well as the DNN classifier for SER.

2.1. Features

Filterbank feature and augmentation. We use the log-mel
power spectrogram as the baseline filterbank feature for SER.
Given the short-time Fourier transform (STFT) of a speech sig-
nal, the mel weighting is a frequency integration function that
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Figure 1: Illustration of our best performing SER system. The CNN block consists of four layers of one-dimensional CNN with 512
filters. The length and stride size of each filter for each layer are (4, 4, 3, 3) and (2, 2, 1, 1), respectively. The BiLSTM block consists
of five layers of bidirectional LSTM with 256 dimensions in the hidden layer. A global average pooling is then taken across the time
dimension. The position-wise linear layers have 512 dimensions in the hidden layer. The segment-based classifier is not included in the

baseline system.

transforms the linear frequency scale to the mel scale which ap-
proximates the ear’s critical bandwidth [18]. We found through
experiments that 30 mel bands are sufficient for SER, while hav-
ing higher frequency resolution produced overfitting in the clas-
sifier.

We apply two types of online data augmentation to the spec-
trogram feature during training: SpecAugment [19] and fre-
quency warping. While the application of SpecAugment [19] is
motivated by the observation that no single energy bin should
determine the emotion of an utterance, frequency warping is
used to normalize the effects of age and gender. Due to re-
source limitations, we approximate frequency warping through
the transformation of the mel weightings [20] instead of trans-
forming the raw time-domain signal [21]. The warping function
is based on the bilinear transformation [22] as follows:

asin(w) }

1 — acos(w)

ey

w¢ = w + 2arctan {

where w and w; are the original and target center frequencies of
a mel band, respectively, and —1 < o < 11is a constant.

Pitch pulse. Prosodic features based on voice quality mea-
surements have been explored for SER [7, 23], but the tempo-
ral evolution of the features was not taken into account. Fea-
tures such as global pitch might be biased by the speaker gender,
while the extraction method of jitter and shimmer could be sen-
sitive to environmental degradation [24]. For these reasons, we
use the pitch pulse as the prosodic feature in our experiments.
Specifically, pitch pulse locations /Ny of each utterance are ex-
tracted using Praat [25], which uses a global path finder for
robust estimation of pitch [26]. Instantaneous amplitude of a
speech waveform xz[n] is then taken for each pulse, resulting in
a train of pulses whose heights are the same as the heights in the
original waveform:

PitchPulse[n] = Z Z[Ng]d[n — Ny]. 2)
k

Note that the pitch pulse preserves all the information needed
to extract jitter, shimmer, and pitch, and removes spectral in-
formation that relate to phonetic information. Finally, we take
the log-mel spectrogram of the pitch pulses, as mentioned pre-
viously.
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Automatic extraction of modulation patterns. Spectro-
temporal modulation patterns have been shown to effectively
discriminate between speech and nonspeech [27] and more re-
cently speech with different qualities [17]. We believe that emo-
tive speech is correlated with variations in speaking rates, which
can be extracted from temporal modulation [28, 29], and pitch,
whose spectral modulation pattern may be important. These ob-
servations motivate us to apply the front end of the STRFNet
[17] for automatic learning of the modulation filterbank that di-
rectly optimizes SER. Using the filterbank feature, we found that
200 ms is a good time support for the learned STRFs. In our
experiments, we interpret the extracted modulation from these
STRFs as either a feature by itself, or an auxiliary feature that
expands the temporal (and spectral) context of the two previ-
ously described short-time features.

Learned features. Wav2vec [9] is a model trained to ex-
tract meaningful representations out of speech. It consists of two
multilayer CNN modules, an encoder network and a context net-
work. The encoder network extracts low-level representations
directly from a raw waveform. Based on this representation, the
context network is trained to predict future representations from
past ones using a contrastive loss. The output layer of the con-
text network is the learned high-level representation. While not
being directly interpretable, this learned feature has been shown
to be helpful for ASR and for speaker identification [9]. This
indicates the learned representation is not only able to capture
phonetic information, but also retains para-linguistic informa-
tion, a key feature for SER.

2.2. Neural network classifiers and learning objectives

We next describe two baseline classifiers for SER. We then de-
scribe a learning objective designed to support the long context
window of wav2vec features.

Baseline systems. Our baseline system for the engineered
features is a combination of CNNSs, recurrent neural networks
(RNNS), and self-attention as described in [17]. Briefly, the
CNN is used to extract 2-D patterns in the time-frequency do-
main. The single-layer gated recurrent unit and self-attention
serve to extract long-term temporal patterns and reduce the
time dimension, respectively. Finally, a mutli-layer perceptron
(MLP) is used to produce the posterior probability of each emo-
tion category. The reader is directed to [17] for the details of



the architecture. The training objective for the baseline system
is the cross-entropy between the predicted posterior probability
distribution and the true distribution of emotion categories.

Our baseline system for learned features, shown in Figure 1,
is largely similar to the system for the engineered features. Due
to the difference in dimensionality between the engineered fea-
tures and the learned features, the size of the classifiers was
scaled accordingly. We have confirmed empirically that the dif-
ference in performance is not due to difference in classifier.

Segment-based classification objective. One persistent is-
sue with training a deep neural classifier is that the model may
be coding spurious correlations [30]. Given the large temporal
context of wav2vec, it is likely that our classifier encodes un-
wanted relationship that is unrelated to emotion. To address this,
we considered an additional objective to regularize the learned
latent representations. Specifically, given a length-7" sequence
of latent representations learned from the main classifier with
parameter ©: [x§,x3,--- ,x%], we add an additional objective
L trained jointly with our main objective:

1 T
Lo= ) U, w), 3)
t=1

where ¢ is the cross-entropy loss function. f¢, the segment-
based classifier shown in Figure 1, is an independent DNN
that predicts the utterance-level emotion y from a single feature
frame xf. Studies [3, 15] have shown that classifiers trained in
this fashion are still able to learn emotion transitions across time.
By optimizing this objective, each x? is trained to contain infor-
mation about local emotion rather than other information from
the large temporal context of wav2vec. To enhance this objec-
tive further, we also experiment with multiple segment-based
classifiers.

3. Experimental Setup
3.1. Dataset

We use the IEMOCAP dataset [31] for all our evaluations.
IEMOCAP has five sessions of recordings, in which each ses-
sion contains recordings from one male speaker and one female
speaker. We follow majority of the research community and use
four emotion classes: neutral, happy, sad, and angry, in which
the excited emotion is merged with the happy emotion. We use
the default labels provided by the IEMOCAP, which only re-
tains the data if there is a unique majority agreement across the
annotators.

3.2. Training procedure

All systems mentioned in the previous section are trained in the
following way. For each iteration, a mini-batch of 64 3-second
speech signals is selected. They were scaled by a random fac-
tor that spans a 40 dB dynamic range before passed to the fea-
ture extraction module. For experiments involving data aug-
mentation using frequency warping, an alpha value is uniformly
drawn from [—0.15, 0.15] for each utterance. To mitigate the is-
sue of unbalanced number of data between emotion classes, we
weighted the loss of each class by a constant that is inversely
proportional to the population of that class. We used the Adam
optimizer [32] with an initial learning rate of 1 x 10~ for up-
dating all learnable parameters. For the wav2vec model, we use
the pretrained model developed by Facebook AI', which is pre-
trained on 960 hours of English speech from Librispeech [33].

Uhttps://github.com/pytorch/fairseq/tree/master/examples/wav2vec
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3.3. Evaluation procedure

We evaluate our performance in terms of weighted accuracy
(WA) and unweighted accuracy (UA) [6], two common metrics
for SER. We performed 8-fold cross validation as used by [3],
using Session 5 for validation and testing on each of the rest
speakers at a time. We noticed that the details of cross val-
idation are not well-described in some studies, and some use
session-based cross validation for evaluation. We still compare
our results with prior works at Table 3. However, one should
bear in mind that the CV procedure may be different when com-
paring performance across studies.

4. Experimental Results and Discussions
4.1. Comparison of features using the baseline model

Our results for using different features on the baseline model
are presented in Table 1. We first give an analysis on the results
of the engineered features. Recall that the learnable STRFs are
used to either extract the modulation feature of a signal or ex-
tend the temporal context of other short-time features. We found
that the removal of linguistic information resulted in a heavy
drop in performance for the pitch pulse feature. The inclusion of
modulation features did not improve on the performance of that
of the spectrogram feature. However, when paired with online
frequency warping, the combination of spectrogram and mod-
ulation features resulted in the best performance of 63.2% un-
weighted accuracy among engineered features. We believe that
frequency warping has added variations to the spectro-temporal
patterns that were only picked up by the constrained convolu-
tional layer of STRFNet.

Table 1: SER accuracies by features. Systems are trained with-
out or with online frequency warping (in parentheses).

Context

Feature span [ms] UA (%) WA (%)
Pitch pulse 75 46.2 (47.5) 43.7 (45.5)
Spectrogram 75 61.7 (61.8) 60.7 (59.6)
Modulation 200 60.3 (59.2) 57.4(56.7)
P. p. + Spec. 75-75 62.2 (62.0) 59.9 (59.2)
P. p. + Mod. 2 75-200 46.8 (47.1) 44.7 (45.2)
Spec. + Mod.>  75-200  61.4(63.2) 59.5 (61.0)
All three 75-75-200 61.1 (61.8) 58.7 (59.4)
Wav2vec 810 64.1 () 62.0 (-

Context span and classification performance. We ob-
served an interesting trend in that performance actually scales
with context span. Nevertheless, it is not generally true that
long-context-span features are better for SER. The features
should be informative enough to provide emotion details for
that given context. This explains why the modulation feature
alone provides worse performance than the spectrogram fea-
tures. While the context span is longer, it loses fine-grained
spectral detail. But when it is combined with the original spec-
trogram and equipped with frequency warping it provides ad-
ditional information outside the context window of the spectro-
gram. This also indicates that simply increasing the analysis

2Referring to a combination of the pitch-pulse spectrogram and its
modulation features

3Referring to a combination of spectrogram and its modulation fea-
tures
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Figure 2: Number of segment-based classifiers Ny v.s. the per-
formance on IEMOCAP. The experiments were performed with-
out fine-tuning the wav2vec model.

window size of spectral features may not result in better perfor-
mance because of reduced time resolution.

Wav2vec representation on SER. As mentioned in Sec-
tion 2.1, wav2vec features provide learned fine-grained infor-
mation from a large unsupervised speech corpus. Equipped with
a large context span, it is not surprising that it outperforms all
the other features. However, we actually found that the perfor-
mance of wav2vec representations could be improved further by
adding the segment-based classification objective mentioned in
Section 2.2. This indicates the classifier needs to be regularized
in order to capture good features from wav2vec representation.
‘We analyze the experiment results in the following section.

4.2. The wav2vec classifier

In this section we provide empirical evidence that segment-
based classification and a good fine-tuning strategy noticeably
boosts performance. Based on these observations, we believe
that while wav2vec is more informative than other features, the
classifier may also capture noisy information not correlated with
emotion, resulting in sub-optimal performance.

Effect of segment-based classification objective. In this
experiment, we explore how additional segment-based clas-
sifiers affect performance. Here we denote the number of
segment-based classifiers as N, and Ny = 0 corresponds to the
baseline model without regularization. From Figure 2 we can
see that the baseline model performs noticeably worse than the
ones with additional classifiers. This implies the original x¢ we
learned without the segment-based classification objective may
not be informative of the emotion states at time ¢. Otherwise
the additional objective would be trivial and would not impact
the overall performance. With the additional objective, we first
learn a sequence of emotion states, and the goal of the BILSTM
layers will be simply predicting the utterance label on top of that.
Our experiment result indicates that this strategy is effective for
SER. It also shows that additional care needs to be taken when
dealing with learned features despite having a large temporal
context. When exploring the number of additional classifier, we
found the optimal performance using two classifiers as shown in
Figure 2. Therefore we use Ny = 2 for our top-line model.

Fine-tuning strategy for wav2vec. While fine-tuning is
considered an essential part when using pretrained embed-
dings [12, 34], previous works using wav2vec on SER [10, 11]
uses the embeddings without fine-tuning. Here we inspect how
fine-tuning different parts of the wav2vec model changes the
performance. Table 2 shows that fine-tuning only the con-
text network outperforms the other strategies by a large mar-
gin. Fine-tuning the whole wav2vec or only the encoder net-
work results in almost the same performance as not doing fine-
tuning. This is actually not surprising since fine-tuning a pre-
trained model directly could be brittle [12, 34, 35], especially
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if the model is fine-tuned on a small dataset. Our experiment
result suggests that the pretrained encoder network may have
successfully captured low-level representations that contains in-
formation about the emotion states. However, by fine-tuning the
context network, we can extract better high-level features that
focus on emotion building upon the given low-level features.

Table 2: Performance comparison between 4 fine-tuning strate-
gies of wav2vec. Experiments were done on Ny = 2.

Model UA (%) WA (%)
Fine-tune All 65.8 64.1
Fine-tune Context Network 66.9 65.4
Fine-tune Encoder Network 65.5 63.9
No Fine-tune 65.8 63.8

4.3. Comparison with prior works

Our top-line result is achieved by using Ns = 2 and fine-tuning
only on the context network of wav2vec. Table 3 presents a
comparison with popular methods reported in this literature.
Our baseline model on spectral features has already achieved a
competitive result. By changing the spectral feature to wav2vec,
we gain an 1% absolute improvement, similar to [11], who
also use wav2vec. By adding the segment-based classifca-
tion objective (+Seg) and also fine-tuning the context network
(+Seq+FineTune), we are able to outperform other methods.

Table 3: Comparison of methods on IEMOCAP

Model Feature UA (%)
Regional Saliency [14] Mel Spectrogram 61.8
Frame-based CNN [3] Spectrogram 58.3
FCN+Attention [36] Spectrogram 63.9
MLP with mean pooling [11] Wav2vec 64.3
Baseline (ours) Spec. + Mod. 63.2
Baseline (ours) Wav2vec 64.1
+Seg (ours) Wav2vec 65.4
+Seg+FineTune (ours) Wav2vec 66.9

5. Conclusion

In this paper, we investigate multiple acoustical and learned fea-
tures for the speech emotion recognition task. We found that
features extracted with fine resolution and larger context win-
dow improve the accuracy of emotion classification. For acous-
tical features, we found that the combination of short-time spec-
tral features and medium-time modulation features was able to
improve performance relative to features used separately. We
show that the wav2vec feature is superior to traditional features,
and that a good regularization objective function and fine-tuning
strategy help boosting the performance even further. Based on
this work, we intend to continue exploring the combination of
acoustical and learned features with contextual constraints. We
are also interested in the role of these features for emotion recog-
nition in more natural conversational settings.
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