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Abstract
This paper proposes a novel modeling method for audio-visual
emotion recognition. Since human emotions are expressed
multi-modally, jointly capturing audio and visual cues is a
potentially promising approach. In conventional multi-modal
modeling methods, a recognition model was trained from an
audio-visual paired dataset so as to only enhance audio-visual
emotion recognition performance. However, it fails to estimate
emotions from single-modal inputs, which indicates they are de-
graded by overfitting the combinations of the individual modal
features. Our supposition is that the ideal form of the emotion
recognition is to accurately perform both audio-visual multi-
modal processing and single-modal processing with a single
model. This is expected to promote utilization of individual
modal knowledge for improving audio-visual emotion recogni-
tion. Therefore, our proposed method employs a cross-modal
transformer model that enables different types of inputs to be
handled. In addition, we introduce a novel training method
named interactive co-learning; it allows the model to learn
knowledge from both and either of the modals. Experiments
on a multi-label emotion recognition task demonstrate the ef-
fectiveness of the proposed method.
Index Terms: audio-visual emotion recognition, cross-modal
transformer, interactive co-learning

1. Introduction
Audio-visual emotion recognition [1] is a technology that rec-
ognizes human emotions from both audio and visual cues, i.e.
speech and facial information. Since human emotions are ex-
pressed multi-modally, it is more promising than those from
speech [2, 3] or face recognition [4–6] alone. There are a
wide range of potential applications such as intelligent tutoring
systems, support for autism spectrum disorders, and cognitive
load monitoring [7, 8]. Therefore, research and development of
audio-visual emotion recognition technology is active in aca-
demic and industrial fields.

A large number of methods for audio-visual emotion recog-
nition have been investigated. Most of the recent studies are
based on neural networks. The emotional cues of each modal-
ity are extracted by modal-dependent encoders, and then in-
tegrated to estimate emotions [9–14]. One of the main top-
ics of conventional studies is the integration of the emotional
cues. Simple integration approaches such as the combinations
of the emotional embedding vectors or just estimated probabil-
ities of modal-dependent classifiers, i.e., early or late fusions,
have been developed [15]. In addition, it has been reported
cross-modal modeling based on the interaction of individual
modals achieved better performance. Attention mechanisms or
encoder-decoder style architectures are used to model the affec-
tion from source to target modals [14, 16, 17].

One of the problems of conventional cross-modal modeling
is that they require all the modalities in the inference. In fact,
the conventional models are trained from an audio-visual paired
dataset so as to only enhance audio-visual emotion recognition
performance. However, the conventional models fail to esti-
mate emotions from single-modal inputs, which indicates they
are degraded by overfitting the combinations of the individual
modal features. We suppose that it is desired to recognize emo-
tions from both multi-modal and single-modal inputs with the
same recognition model as humans do. For example, a sample
with a happiness label has smiling features in the visual cue, and
laughing features in the audio cue. In this case, ideal form of
emotion recognition works correctly even when either the smil-
ing features or the laughing features is not available. Though
there are several cross-modal modeling methods that evaluate
the reliability of each modal and use the information of particu-
lar modals [18,19], they require all of the modalities to estimate
the reliabilities.

In this paper, we propose a novel audio-visual emotion
recognition that uses the same model to process both multi-
modal and single-modal information. Our key idea is to map
all the representations of the audio and the visual cues into the
same latent space to handle modal differences. To this end, a
new recognition model and a new training scheme is introduced
in the proposed method. Our proposed method employs a cross-
modal transformer model that enables different types of inputs
to be handled. This is motivated by recent successes in cross-
modal representation learning [20, 21] where a unified model
is utilized for both single-modal and multi-modal processing.
In addition, we introduce a novel training method named in-
teractive co-learning; it allows the model to learn knowledge
from both and either of the modals. While co-learning is gen-
erally used for transferring knowledge attained from one modal
into a different modal [22,23], our interactive co-learning trans-
fers knowledge not only from single-modal into multi-modal,
but also from multi-modal into single-modal. Our interactive
co-learning uses three types of inputs; audio-visual modality,
audio modality alone and visual modality alone, and trains the
cross-modal transformer model so as to enhance both single-
modal and multi-modal emotion recognition performance. Ex-
periments on a multi-label emotion recognition task demon-
strate that the proposed method outperforms the conventional
method with not only uni-modal inputs but also multi-modal
inputs.

2. Audio-Visual Multi-Label Emotion
Recognition

This section briefly describes audio-visual emotion recognition
that recognizes human emotions from both audio cues and vi-
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sual cues. Our emotion recognition task is a multi-label emotion
recognition that jointly handles emotion-wise binary classifica-
tion problems.

2.1. Definition

In audio-visual multi-label emotion recognition, emotion-wise
labels L = {l1, · · · , lK} are jointly estimated from audio fea-
tures S = {s1, · · · , sM} and its corresponding visual features
C = {c1, · · · , cN} where sm is the m-th audio feature, cn
is the n-th visual feature. M is the number of audio features
and N is the number of visual features. The k-th emotion lk
is represented as a binary label (0 or 1) and K is the number
of target emotions. Audio features are generally extracted from
speech information and visual features are extracted from facial
RGB images. To model the audio-visual multi-label emotion
recognition, we define emotion-wise conditional probabilities
given the audio features S and visual features V . Thus, multi-
label emotion recognition model jointly estimates emotion-wise
conditional probabilities P (l1|S,C,Θ), · · · , P (lK |S,C,Θ)
where Θ represents the trainable model parameter set. In this
case, the inference for the k-th emotion label l̂ is achieved by

l̂k = argmax
lk∈{0,1}

P (lk|S,C,Θ). (1)

To model this audio-visual multi-label emotion recognition
problem, various network architectures [9–14, 16, 17, 24] can
be used.

2.2. Conventional training method

The model parameter set Θ is optimized on the training dataset
D composed of the audio/visual features with emotion-wise la-
bels,

D = {(Lt,St,Ct) | t ∈ {1, · · · , T}}, (2)

where T is the number of samples in the training dataset. In
conventional studies, the model parameter set is optimized so as
to enhance only audio-visual emotion recognition performance.
Thus, the model parameter set is optimized by

Θ̂ = argmin
Θ

−
T∑

t=1

K∑

k=1

logP (ltk|St,Ct,Θ). (3)

The optimization is achieved by a mini-batch stochastic gradi-
ent decent algorithm. This means the model parameter set Θ
is optimized for the combination of St and Ct, not for each of
them individually. In other words, there is no guarantee of es-
timating the emotion-wise conditional probabilities from St or
Ct alone.

3. Proposed Method
This section details our proposed modeling method for audio-
visual multi-label emotion recognition. We introduce a new
recognition model and a new training scheme into the proposed
modeling method.

3.1. Cross-modal transformer

The proposed modeling method employs a cross-modal trans-
former. The advantage of this approach is that different types of
features can be handled by the same input method. Thus, this
architecture can perform not only audio-visual emotion recog-
nition but also audio emotion recognition and visual emotion
recognition. Figure 1 shows how to perform these three types

of emotion recognition tasks using a unified architecture. Our
architecture consists of four blocks; audio encoder, visual en-
coder, cross-modal encoder and multi-label classifier, see Fig.
1-(a).
Audio encoder: The audio encoder converts audio features S
into audio representations A which are used in the cross-modal
decoder. The audio representations are produced by

Aco = ConvolutionPooling(S;θco
audio), (4)

Apo = AddPosition(Aco), (5)
Atr = TransformerEnc(Apo;θ

tr
audio), (6)

A = AddAudioSegment(Atr;θ
se
audio), (7)

where {θco
audio,θ

tr
audio,θ

se
audio} ∈ Θ is the trainable pa-

rameters of the audio encoder. ConvolutionPooling() is a
function composed of convolution layers and pooling layers,
AddPosition() is a function that adds a continuous vector in
which position information is embedded, TransformerEnc()
is a function of the transformer encoder blocks consisting of
multi-head self-attention layers and position-wise feed-forward
networks, and AddAudioSegment() is a function that adds a
continuous vector in which speech segment information is em-
bedded.
Visual encoder: The visual encoder converts visual features C
into visual representations V which are used in the cross-modal
decoder. The visual representations are produced by

Vcnn = CNN(C;θcnn
visual), (8)

Vpo = AddPosition(Vcnn), (9)
Vtr = TransformerEnc(Vpo;θ

tr
visual), (10)

V = AddVisualSegment(Vtr;θ
se
visual), (11)

where {θcnn
visual,θ

tr
visual,θ

se
visual} ∈ Θ is the trainable param-

eters of the visual encoder. CNN() is a function that con-
verts input RGB images into frame-by-frame features vectors.
AddVisualSegment() is a function that adds a continuous vec-
tor in which visual segment information is embedded.
Cross-modal encoder: The cross-modal encoder handles out-
puts from the audio and visual encoders. It can flexibly switch
whether to use both audio and visual features or either of them.
The inputs for the cross-modal encoder Z0 are

Z0 =





Concat(A,V ) if audio-visual features are used,
A if audio features are only used,
V if visual features are only used,

(12)
where Concat() is a function that concatenates inputs on the
temporal axis. We produce cross-modal hidden representations
Z from

Z = TransformerEnc(Z0;θcross), (13)
where θcross ∈ Θ is the trainable parameters of the cross-modal
encoder. In this equation, the transformer encoder blocks per-
form cross-modal modeling of audio and visual representations
if two modals are valid, while mapping the modal representa-
tions into cross-modal space if only the individual modals are
available.
Multi-label classifier: The multi-label classifier computes
emotion-wise conditional probabilities from the cross-modal
representations Z. They are simultaneously computed from

o = AttentivePooling(Z;θatt
label), (14)

ȳ = Swish(o;θsw
label), (15)

y = Sigmoid(ȳ;θsig
label), (16)
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Figure 1: How to perform single-modal and multi-modal emotion recognition using cross-modal transformer.

where {θatt
label,θ

sw
label,θ

sig
label} ∈ Θ is the trainable parame-

ters of the label classifier. AttentivePooling() is the atten-
tive pooling function, Swish() is a swish activation layer with
a linear transformation and Sigmoid() is a sigmoid activa-
tion layer with a linear transformation. The k-th outputs in
y corresponds to P (lk|S,C,Θ) for the audio-visual emotion
recognition, P (lk|S,Θ) for the audio emotion recognition, and
P (lk|C,Θ) for the visual emotion recognition.

3.2. Interactive co-learning

To achieve the good performance in both audio-visual input and
audio or visual input alone, the proposed method introduces a
novel training scheme called interactive co-learning. The cross-
modal model described in Section 3.1 is trained on three types
of inputs; audio-visual features, audio features alone, and vi-
sual features alone. The last two are stimulated to drop features
of the particular modal from D in Eq. (2). In our interactive
co-learning, we train model parameter set Θ so as to enhance
both single-modal and multi-modal emotion recognition perfor-
mance. To this end, we define following functions:

LAV(Θ) = −
T∑

t=1

K∑

k=1

logP (ltk|St,Ct,Θ), (17)

LA(Θ) = −
T∑

t=1

K∑

k=1

logP (ltk|St,Θ), (18)

LV(Θ) = −
T∑

t=1

K∑

k=1

logP (ltk|Ct,Θ), (19)

where LAV, LA, LV are the functions to evaluate the recog-
nition performance for the audio-visual emotion recognition,
audio emotion recognition, and visual emotion recognition, re-
spectively. The interactive co-learning optimizes the model pa-
rameter set as

Θ̂ = argmin
Θ

{LAV(Θ) + LA(Θ) + LV(Θ)}. (20)

The trained parameters will be optimal in all cases of audio-
visual input and audio or visual input alone. The optimiza-
tion is achieved by mini-batch training where sample-level min-

Table 1: Distribution of CMU-MOSEI emotional categories

Emotion categories Train Validation Test
Happy 8,735 1,005 2,505

Sad 4,269 520 1,129
Anger 3,526 338 1,071

Surprise 1,642 203 441
Disgust 2,955 281 805

Fear 1,331 176 385

batches are randomly sampled from one of audio-visual inputs,
audio input alone and visual input alone.

4. Experiments
4.1. Dataset

For evaluation, we used CMU-MOSEI1 [25]. It consists of ap-
proximately 23,000 annotated video clips made by more than
1,000 speakers. The task was the multi-label binary classifica-
tion of the target emotions. The target emotions were happiness,
sadness, anger, surprise, disgust, and fear. The dataset was
split into training, validation, and test set following the official
division2. The training, validation, and test sets held 16,327,
1,871, and 4,662 clips, respectively. Table 1 shows the number
of samples by emotional category. Happiness, a positive emo-
tion, tends to be the most common, while negative emotions
tend to be the least common, a difference that is acceptable for
machine learning tasks.

4.2. Setups

We constructed two baseline models, a conventional model and
a proposed model. For the baseline models, we constructed an
audio emotion recognition model and a visual emotion recog-
nition model, each of which was trained from dataset with au-
dio or visual features alone. They were composed from audio
or visual encoder and multi-label classifier, described on sec-

1Although CMU-MOSEI provides manual transcriptions of audio
cues, we do not use them as they are not available in actual situations.
Thus, our setup is exactly audio-visual emotion recognition.

2https://github.com/A2Zadeh/CMU-multimodalSDK
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Table 2: Recognition performances for target emotions. “A”, “V”, and “A+V” represent the usage of the audio features alone, the
visual features alone, and both of the audio and visual features. wF1 and mF1 are the weighted and macro F1s, respectively.

Happy Sad Anger Surprise Disgust Fear Average
Training Inference wF1 mF1 wF1 mF1 wF1 mF1 wF1 mF1 wF1 mF1 wF1 mF1 wF1 mF1

Baseline A A 64.2 64.1 70.9 59.1 74.0 59.4 86.1 48.3 79.8 61.0 88.0 50.5 77.2 57.1
V V 60.5 60.4 70.2 57.0 74.9 61.0 85.9 48.0 78.2 57.0 87.8 49.8 76.3 55.5

Conventional A+V
A 58.2 57.9 70.0 54.5 69.4 53.1 86.4 51.1 77.5 57.5 87.8 48.1 74.9 53.7
V 61.9 61.7 69.9 57.0 73.7 61.6 86.1 49.8 76.4 58.4 87.4 50.7 75.9 56.5

A+V 63.6 63.3 72.1 58.9 74.6 62.0 86.2 50.3 79.4 61.8 88.0 50.7 77.3 57.8

Proposed Interactive
co-learning

A 63.9 63.7 71.9 59.8 72.4 60.3 86.3 54.9 80.1 64.4 87.9 48.8 77.1 58.7
V 60.0 60.2 68.5 56.0 74.2 61.6 86.1 48.0 77.8 58.0 87.5 53.9 75.7 56.3

A+V 66.0 66.0 72.2 62.2 75.5 63.8 86.0 47.5 81.0 66.5 87.4 55.0 78.0 60.2

tion 3.1. For the conventional model, we constructed a cross-
modal transformer model trained with Eq. (3). For the pro-
posed model, we constructed a cross-modal transformer model
trained with Eq. (20). The conventional and proposed models
were evaluated on not only audio-visual emotion recognition
but also audio or visual emotion recognition.

Pre-processing: We performed pre-processing to extract audio
and visual features from video clips. For the acoustic features,
we extracted 80 log Mel-scale filterbank coefficients appended
with delta and acceleration coefficients as acoustic features. The
frame shift was 10 ms. For the visual features, face regions in
each input frame were detected with YOLOv3 [26] trained on
the Wider Face dataset [27]. The face images were cropped and
resized to 128× 128 and downsampled to 3 fps.

Model configurations: The model structures of acoustic en-
coder, visual encoder, cross-modal encoder and multi-label
classifier were same among the baseline models, conventional
model and proposed model. The configurations are as follows.
For the audio encoder, audio features passed two convolution
and max pooling layers with a stride of 2, so we down-sampled
them to 1/4 along with the time axis. We stacked 6 transformer
encoder blocks. For the visual encoder, the CNN function was
composed from mobilenet-v3 [28]. After that, we stacked 2
transformer encoder blocks. For the cross-modal encoder, we
stacked 2 transformer encoder blocks. For each transformer
block, the dimensions of the output continuous representations
were set to 128, dimensions of the inner outputs in the position-
wise feed forward networks were set to 512, and number of
heads in the multi-head attentions was set to 4. The Swish ac-
tivation was used for the position-wise feed-forward networks.
In the multi-label classifier, the outputs from the cross-modal
encoder were weighted summed with the attention-weight ob-
tained by the attention mechanism. After that, we introduced a
fully-connected layer with swish activation function. The out-
put layer was a fully-connected layer with the sigmoid activa-
tion function that outputs 6 classes of binaries.

Training: Before building multi-label emotion recognition
models, some components were pre-trained with other datasets.
First, all components in the audio encoder were pre-trained with
end-to-end automatic speech recognition tasks using over 10K
hours of speech. In addition, a CNN component in the visual en-
coder were pre-trained thorough two steps. It is pre-trained with
a face recognition task using VGGFace2 [29] in the first step,
and a still-image based facial expression recognition task using
FER [30], RAF-DB [31], and AffectNet [32] datasets in the sec-
ond step. Note that these pre-trained parameters were not fixed
in the following main training. After these pre-training, multi-
label emotion recognition models were trained. The mini-batch
size was set to 16, and the dropout rate in the transformer blocks
was set to 0.1. We used the RAdam [33] for optimization. The
training steps were stopped based on early stopping using the
validation set.

4.3. Results

Recognition performance for the target emotions are listed in
Table 2. The evaluation metrics were weighted and macro F1
which are the weighted sum and the macro-average of F1 val-
ues, respectively.

The results for audio-visual inference show that the pro-
posed method achieved better performance than the conven-
tional model. The proposed model outperformed all other mod-
els except for surprise and fear. This may be due to the fact that
surprise and fear have less data than the other categories, which
causes a class imbalance problem. The proposed method does
not use a special loss function to solve the class imbalance prob-
lem. However, it achieved the highest performance in the four
emotional categories score and average score. These results in-
dicate that by optimizing audio feature alone, visual features
alone, and audio-visual features using interactive co-learning,
more knowledge that contributes to emotion recognition was
acquired than by the conventional method of optimizing only
audio and visual features.

Comparing the average performances of the inferences with
audio features alone, the proposed model improved the macro
F1 from the baseline model, while the conventional model at-
tained lower performance than baseline model. Comparing
the average performances of the inferences with visual fea-
tures alone, there is no significant difference between the pro-
posed model and the conventional model, however the pro-
posed model matched the performances of the baseline model.
This indicates that the proposed method could utilize sufficient
modality-specific knowledge of emotion recognition, while the
baseline method results show that knowledge of individual
modalities is not acquired by optimization on just the audio-
visual paired features. In addition, comparing the proposed
model by each inference data, the average performance is higher
when audio-visual paired features are input than when audio or
visual feature is input. This indicates that the proposed method
yields better emotion recognition from the emotional cues of
each modality when the input is multi-modal data.

5. Conclusion
This paper proposed a novel audio-visual emotion recognition
method that allows the same model to utilizes both multi-modal
and the single-modal information. We employed a cross-modal
transformer model that can handle different types of inputs. In
addition, we introduced a novel training method named inter-
active co-learning, which permits the model to acquire knowl-
edge from both as well as either of the modals. Experiments
showed that the proposed method provides better audio-visual
emotion recognition performance than modeling that is trained
so as to enhance only combined audio-visual processing. We
also demonstrated that the proposed method achieved not only
audio-visual multi-modal processing but also single-modal pro-
cessing.
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