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Abstract: One of the most crucial elements in deeply understanding humans on a psychological level is manifested

through facial expressions. The analysis of a human behavior can be informed by their facial expressions, making

it essential to employ indicators such as expression (Expr), valence-arousal (VA), and action units (AU). In this

paper, we introduce the method proposed in the Challenge of the 6th Workshop and Competition on Affective

Behavior Analysis in-the-wild (ABAW) at CVPR 2024. Our proposed method utilizes the multi-modal Aff-wild2

dataset, which is splitted into spatial and audio modalities. For the spatial data, we extract features using a

SimMiM model that was pre-trained on a diverse set of facial expression data. For the audio data, we extract

features using a WAV2VEC model. To fusion the extracted spatial and audio features, we employed the cascaded

cross-attention mechanism of a transformer.

Keywords: face analysis; expression; valence-arousal; action unit

1. Introduction

With the advancement of deep learning technologies, the interaction between humans and ma-
chines [1–4] has increased significantly. Deep learning has enabled machines to understand and
interpret human behaviors [5], emotions [6], and speech [7] more accurately, leading to more intuitive
and efficient human-machine interfaces. This progress has facilitated the development of sophisticated
applications such as virtual assistants, chatbots, autonomous vehicles, and personalized recommen-
dation systems, enhancing the way humans interact with technology in various domains. For such
interactions, understanding a human’s intentions is crucial, but grasping their mental and psycholog-
ical state is equally important. In this context, human behavior analysis becomes vital as it offers a
window into the emotional and cognitive processes of individuals, enabling machines to interpret and
respond to human needs and states more effectively. For such facial behavior analysis, identifying
expression, valence-arousal, and action units is crucial as tools. Expression refers to the observable
manifestations of emotions and feelings through facial movements. Valence-arousal represents the
spectrum of emotional states, where valence indicates the positivity or negativity, and arousal denotes
the level of excitement or calmness. Low arousal corresponds to states like boredom or relaxation,
while high arousal is linked to excitement or fear. Valence differentiates emotions based on their
positive or negative nature, with fear being highly negative and happiness being positive. Action
units are the fundamental actions of individual muscles or groups of muscles that compose the facial
expressions, providing a detailed map of facial behavior.

The ABAW6 [8] - the sixth competition on Affective Behavior Analysis in-the-wild is organized
for human facial behavior analysis, focusing on VA estimation, Expr Recognition, and AU Detection
challenges. The ABAW competition [9–20] began in 2017 and has been annually since 2020. The
Aff-wild and Aff-wild2 datasets are specialized for large-scale human facial behavior analysis and are
composed of multi-modal data, making them suitable for experimenting with the Transformer-based
algorithms and conducive to technological advancement.

In this paper, we introduce the methods that we used in the VA, AU, and Expr competitions
of ABAW6 [8]. For the aff-wild2 videos that include audio, we utilized two types of multi-modal
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data:image frames and audio. Our approach is divided into two stages. Firstly, we extract the features
from each type of multi-modal data. Secondly, we fus the different extracted features. We used
SimMIM [21] model to extract features from image frame and WAV2VEC [22] model for audio feature
extraction. For the fusion method, we employed a cascading structure based on cross-attention of
Transformer.

2. Methodology

In this section, we introduce the method proposed for Expression, Valence-arousal estimation,
and AU (Action Unit) detection at the 6th ABAW competition [8]. The overall model structure is
depicted in the Figure 1. The training approach is divided into two main steps. The first step involves
extracting spatial and audio features from the Aff-Wild2 dataset. The second step involves training
these extracted features using the cascaded cross-attention mechanism of transformer. Each step is
conducted independently.

Figure 1. Overall structure of the proposed network.

2.1. Step 1: Feature Extraction

The SimMIM [21] model, based on masked image modeling, is particularly suited for face-related
tasks due to its ability to capture fine-grained facial features through its innovative masking strategy.
Masked image modeling allows the model to focus on reconstructing missing parts of the input,
which makes the model to develop a deep understanding of facial structures and expressions. This
attribute makes SimMIM well-suited for tasks involving facial behavior analysis, as it can learn
nuanced differences in face. In our approach, the backbone of the SimMIM model employs the Swin
Transformer [23], leveraging a pre-training step similar to the method used in previous winner [24] of
ABAW 5. Specifically, we combined various datasets(AffectNet [25], CASIA-WebFace [26], CelebA [27],
and IMDB-WIKI [28]), for an initial training phase to equip the model with a broad understanding of
facial features across different contexts. Subsequently, we fine-tuned this pre-trained model using the
ground truth expressions from the Aff-wild2 dataset, enabling it to adapt more closely to the specific
characteristics of this dataset. Finally, by removing the fully connected layer at the end of the model,
we were able to extract features related to Valence-Arousal, Action Units, and expressions.

We adapted the WAV2VEC [22] model to extract features from audio. The WAV2VEC model is
highly effective due to its advanced self-supervised learning mechanism, which enables it to learn
robust representations from raw audio by predicting the masked acoustic units. Using the WAV2VEC,
we did not fine-tune the WAV2VEC model, instead, we used the pre-trained model weights to extract
audio features directly.
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2.2. Step 2: Modal Feature Fusion

In Step 1, the obtained image feature f I and audio feature fA forward to cross attention transformer
centered on each modality to yield fcI1 and fcA1 . When performing cross attention with the image, the
audio feature is forward as the query, while the image feature is used for the key and value. Conversely,
when cross attention with the audio, the image feature is forward as the query, with the audio feature
is used for the key and value. The equations for the cross attention output vectors fcI1 and fcA1 are as
follows:

fcI1 = Cross Attention( fA, f I , f I) = Softmax

(
fA f T

I√
dk

)
f I (1)

fcA1 = Cross Attention( f I , fA, fA) = Softmax

(
f I f T

A√
dk

)
fA (2)

where dk is the dimensionality of the Key vector and T denotes the transpose operation. Additionally,
self attention is applied to f I and fA, resulting in fsI and fsA. The equations for the self attention
output vectors f I and fA are as follows:

fsI = Self Attention( f I , f I , f I) = Softmax

(
f I f T

I√
dk

)
f I (3)

fsA = Self Attention( fA, fA, fA) = Softmax

(
fA f T

A√
dk

)
fA (4)

Subsequently, fcI1 and fsI are input to cross-attention to obtain fcI2 . Similarly, fcA1 and fsA are
input to cross-attention to obtain fcA2 . The equations for the cross attention output vectors fcI5 and
fcA5 are as follows:

fcI2 = Cross Attention( fsA, fcI1 , fcI1) (5)

fcA2 = Cross Attention( fsI , fcA1 , fcA1) (6)

fcI2 and fcA2 are combined through a weighted sum where we assign a weight of 0.7 to fcI2 and 0.3
to fcA2 , to obtain fcIA. Finally, self attention is applied to fcIA to generate the output Y. The equations
for the self attention output vectors Y is as follows:

Y = self Attention( fcIA, fcIA, fcIA) (7)

Finally, for the VA task, the module uses a 1D convolutional layer to transform the input feature
dimension from 768 to 256. Following this, it defines two separate sequential models (vhead and
ahead) for predicting valence and arousal, respectively. Each model consists of a series of linear layers,
batch normalization, GELU activations, and dropout layers, culminating in a single output passed
through a Tanh activation function. For the AU detection task, the module defines a simpler sequential
model (head) that consists of a single linear layer mapping the input features to the number of classes,
followed by a Sigmoid activation function to predict the presence of each action unit. In the Expr
recognition task, the model simplifies even further, utilizing only a single linear layer (head) that maps
the input features directly to the number of expression classes, enabling the direct categorization of
facial expressions.
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3. Experiments

3.1. Implementation details

Our experiments were conducted in the Pytorch environment with the following specifications:
Ubuntu 18.04.6 LTS, 128 GB RAM, and 2 NVIDIA RTX A6000 GPUs. We used the Aff-wild2 dataset
for the experiments. To extract image features, we utilized the SimMIM model [21], which was not
directly trained on the Aff-Wild2 dataset. Instead, it was initially trained using datasets AffectNet
[25], CASIA-WebFace [26], CelebA [27],and IMDB-WIKI [28], and then fine-tuned using the ground
truth for Expression, Valence-arousal, and Action Unit from the Aff-Wild2 dataset. To obtain audio
features, we employed the Wav2Vec model [22], utilizing its pre-trained version without any additional
fine-tuning.

The aff-wild2 dataset is in-the-wild and provides extensive annotations across three key tasks:
valence-arousal (VA), expression recognition (Expr), and action unit detection (AU). For the VA task,
the dataset includes 594 videos with around 3 million frames from 584 subjects, annotated for valence
and arousal. In the Expr task, there are 548 videos with approximately 2.7 million frames annotated
for the six basic expressions (anger, disgust, fear, happiness, sadness, surprise), the neutral state, and
an ’other’ category for additional expressions or affective states. Finally, for the AU task, the dataset
comprises 547 videos with around 2.7 million frames annotated for 12 action units (AU1, AU2, AU4,
AU6, AU7, AU10, AU12, AU15, AU23, AU24, AU25, AU26), offering a detailed framework for action
unit analysis.

3.2. Evaluation Metrics

For the Affective Behavior Analysis in-the-wild (ABAW) competition, each of the three tasks,
Expression (EXPR), Valence-Arousal (VA), and Action Unit (AU), has a specific performance measure.

Expression (EXPR) Task: The F1 score is used as an evaluation metric to assess the performance.
The F1 score combines precision and recall into a single measure, which is particularly useful in
imbalanced datasets. The F1 score is defined as:

F1 =
1
n

n

∑
i

2 × precisioni × recalli
precisioni + recalli

, (8)

where n is the number of emotion classes, precisioni is the precision of the i-th class, and recalli is the
recall of the i-th class.

Valence-Arousal (VA) Task: The performance measure is the mean Concordance Correlation
Coefficient (CCC) of valence and arousal. The CCC measures the agreement between observed and
predicted scores. The performance P is given by:

P = 0.5 × (CCCarousal + CCCvalence), (9)

where CCCarousal is the CCC for arousal and CCCvalence is the CCC for valence.
Action Unit (AU) Task: The performance measure is the average F1 Score across all 12 categories.

The performance P is computed as:

P =
∑(F1i)

12
, (10)

where F1i is the F1 score for the i-th AU category.

3.3. Results

Expression (EXPR) Task: For the EXPR task, our model achieved varying levels of performance
across different emotion classes. The highest F1-score was observed in ’Anger’, ’Disgust’, and ’Fear’
categories, each achieving a perfect score of 1.0, indicating that our model could identify these
expressions with high precision and recall. The ’Neutral’ expression received an F1-score of 0.6063,
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which suggests a reasonably good recognition rate. However, the model struggled with ’Surprise’
and ’Sadness’ expressions, evidenced by F1-scores of 0.0028 and 0.0178, respectively. This indicates
a need for further model refinement to improve its sensitivity to these expressions. The ’Happiness’
expression, often easily recognizable, had a lower-than-expected F1-score of 0.2857, which could be
attributed to the complexity of the dataset. The ’Other’ category, encompassing various non-standard
expressions, achieved a moderate F1-score of 0.4238. Overall, the average F1-score for the EXPR task
was 0.5420, providing a baseline for future improvements. The detailed results for each emotion class
can be found in Table 1.

Table 1. Experimental results for the EXPR Task on the Aff-Wild2 validation set.

EXPR Task F1-Score
Neutral 0.6063
Anger 1.0
Disgust 1.0
Fear 1.0
Happiness 0.2857
Sadness 0.0178
Surprise 0.0028
Other 0.4238
Average 0.5420

Action Unit (AU) Task: The AU task results were promising, with an average F1-score of 0.7077
across all 12 categories. The model was particularly effective in detecting ’AU15’ and ’AU23’, where it
reached the maximum F1-score of 1.0, indicating a perfect match between predictions and the ground
truth. Other AUs like ’AU6’, ’AU7’, ’AU10’, ’AU12’, and ’AU25’ also showed high F1-scores, all
above 0.69, demonstrating the model’s strong capability in recognizing these facial muscle movements.
’AU24’ received the lowest score of 0.4886, suggesting areas where the model may require additional
training data or feature engineering. The detailed F1-scores for each AU category are presented in
Table 2.

Table 2. Experimental results for the AU Task on the Aff-Wild2 validation set.

AU Task F1-Score
AU1 0.5909
AU2 0.6365
AU4 0.6285
AU6 0.7126
AU7 0.6841
AU10 0.6930
AU12 0.7017
AU15 1.0
AU23 1.0
AU24 0.4886
AU25 0.8148
AU26 0.5423
Average 0.7077

Valence-Arousal (VA) Task: For the VA task, the model’s performance was quantified using the
Concordance Correlation Coefficient (CCC), with ’Arousal’ obtaining a CCC of 0.5906 and ’Valence’ a
CCC of 0.4328. The average CCC for the VA task was 0.5117, indicating a moderate agreement with
the ground truth. These results highlight the challenges in accurately predicting the subtle variations
in emotional intensity represented by valence and arousal dimensions. Detailed performance metrics
for valence and arousal can be seen in Table 3.
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Table 3. Experimental results for the VA Task on the Aff-Wild2 validation set.

AU Task CCC
Valence 0.4328
Arousal 0.5906
Average 0.5117

4. Conclusions

In this paper, we have presented a method that extracts features from visual information using
SimMIM and from auditory information using WAV2VEC. Subsequently, in the fusion process of the
two modalities, we introduced a cascaded approach based on cross-attention to integrate visual and
auditory information for the 6th Affective Behavior Analysis in-the-wild (ABAW) Competition at
CVPR 2024.
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