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Abstract

Video-based Emotional Reaction Intensity (ERI) estima-
tion measures the intensity of subjects’ reactions to stim-
uli along several emotional dimensions from videos of the
subject as they view the stimuli. We propose a multi-modal
architecture for video-based ERI combining video and au-
dio information. Video input is encoded spatially first,
frame-by-frame, combining features encoding holistic as-
pects of the subjects’ facial expressions and features en-
coding spatially localized aspects of their expressions. In-
put is then combined across time: from frame-to-frame us-
ing gated recurrent units (GRUs), then globally by a trans-
former. We handle variable video length with a regression
token that accumulates information from all frames into a
fixed-dimensional vector independent of video length. Au-
dio information is handled similarly: spectral information
extracted within each frame is integrated across time by a
cascade of GRUs and a transformer with regression token.
The video and audio regression tokens’ outputs are merged
by concatenation, then input to a final fully connected layer
producing intensity estimates. Our architecture achieved
excellent performance on the Hume-Reaction dataset in the
ERI Esimation Challenge of the Fifth Competition on Affec-
tive Behavior Analysis in-the-Wild (ABAW5). The Pearson
Correlation Coefficients between estimated and subject self-
reported scores, averaged across all emotions, were 0.455
on the validation dataset and 0.4547 on the test dataset,
well above the baselines. The transformer’s self-attention
mechanism enables our architecture to focus on the most
critical video frames regardless of length. Ablation experi-
ments establish the advantages of combining holistic/local
features and of multi-modal integration. Code available at
https://github.com/HKUST-NISL/ABAW5.

*The first two authors contributed equally in the paper.

1. Introduction
Attention to human affective behaviour analysis has in-

creased in recent years, due to the multitude of its appli-
cations to fields such as robotics, human computer interac-
tion (HCI) and psychology. The fifth Competition on Af-
fective Behaviour Analysis in-the-wild (ABAW5) focuses
on affective behaviour analysis in-the-wild. Solutions to
its proposed challenges can be used to create systems that
can understand people’s feelings, emotions and behaviours,
as well as machines and robots that can serve as ‘human-
centered’ digital assistants.

The Emotional Reaction Intensity (ERI) Estimation
Challenge in ABAW5 addresses one of the contemporary
affective computing problems using the Hume-Reaction
dataset [5], where subjects react to a wide range of emo-
tional video stimuli while being observed by a webcam
in their homes. After viewing each video, subjects self-
annotate the intensity (over a range from 1 to 100) of their
emotional reactions to it along seven dimensions (Adora-
tion, Amusement, Anxiety, Disgust, Empathetic Pain, Fear,
and Surprise).

Many previous approaches to video-based ERI estima-
tion follow a similar pattern for representing video infor-
mation, using features taken from among the final layers of
a deep network that has been pre-trained on a large dataset,
such as AffectNet [12]. AffectNet is annotated for holis-
tic judgements of emotional facial expressions: categoriza-
tion into one of eight emotion classes (neutral, happy, an-
gry, sad, fear, surprise, disgust, contempt) and estimates of
the intensity of valence and arousal.Thus, features extracted
from later layers encode holistic judgements made by inte-
grating information across the entire face. We hypothesize
that such features may not encode more subtle, spatially lo-
calized changes in facial geometry, that may be important
for estimating reaction intensity when subjects are simply
viewing stimuli by themselves,
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One way of labelling spatially localized changes is the
Facial Action Coding System [7], which defines a set of ac-
tion units (AUs) that taxonomizes the configuration of small
groups of human facial muscles by their appearance on the
face. Action units are spatially localized. For example, fa-
cial units include “inner brow raiser”, “chin raiser”, “lip cor-
ner puller”, etc. There are 28 main AUs, but most databases
are annotated for only a subset (e.g., 12 or 17) of these.
Annotations can either be binary (indicating occurrence) or
continuous (indicating intensity). As AUs are spatially lo-
calized, we hypothesize that they may encode information
that is complementary to that encoded by later layers of a
deep net trained on AffectNet, yet that is critical for ERI.

There are two main issues we address here in estimating
a single emotional intensity along each emotional dimen-
sion in response to an entire video. First, videos can be of
varying length. For example, in the Hume-Reaction dataset,
videos range in length from 9.9 seconds to 14.98 seconds.
Second, many of the frames within the video are images of
the subject with a neutral expression, as it is often that only
isolated moments in the video evoke changes in expression.
Unfortunately, these moments are not known in advance.
The unpredictability and sparsity of these events suggest
that some common methods for extracting fixed length rep-
resentations of a variable length video for input to a final
classifier, such as randomly or uniformly sampling a fixed
number of frames, or by average pooling across all frames
in the video, are not appropriate, as they may miss or di-
lute the impact of critical frames. We address this prob-
lem through the use of a transformer architecture, where
each frame corresponds to an input token, but we also add
a regression token similar to the class token used in the Vi-
sual Transformer [6], which gathers information from all
frames with weighting by an attention value. Using the out-
put of the regression token as input to the final classification
stage ensures a fixed dimensional representation that can be
computed by combining information from all frames of a
variable length video. The attention weighting avoids the
problem of dilution by many frames containing neutral ex-
pressions, which might be problematic, especially in longer
videos.

This paper proposes a multimodal architecture for ERI
estimation that includes the two approaches outlined above.
Our architecture uses both video and audio features, ex-
tracted from pre-trained networks (for video) or handcrafted
algorithms (for audio). To the best of our knowledge, this
is the first time that separate representations of holistic (Af-
fectNet based) and local (AU-based) visual features have
been combined for ERI estimation. Temporal information
is extracted in two stages, first by a GRU, which operates se-
quentially from video or audio frame-to-frame, and second
by a transformer with regression token, which combines in-
formation globally and in parallel. Our network adopts a

late fusion architecture, where video and audio information
is combined after separate temporal aggregation stages, just
before the final classification layer. However, our architec-
ture can be easily modified for early fusion, a promising
direction for future development. Our architecture achieved
excellent performance compared to baseline, outperforming
the multimodal baseline by 91.02% on validation set and by
124.1% on test set.

2. Related Work
Emotional Reaction Intensity Estimation with the same

dataset has also been presented in a Hume-Reaction MuSe
2022 [5] sub-challenge. The FaceRNET [10] was the best-
performing model. It uses a CNN-RNN model to cap-
ture spatial-temporal correlations of all the frames in the
video, with a routing mechanism on top. Wang et al.
[14] proposed a spatiotemporal transformer architecture for
dynamic facial representation learning and a multi-label
graph convolutional network for emotion dependency mod-
elling. ViPER [13] leverage the video’s multimodal na-
ture, and propose a transformer-based model to combine
video frames, audio recordings, and generated textual an-
notations. These work neglect the importance of Action
Unit feature in ERI estimation, and can be further improved
by incorporating AU occurrence and intensity. The Hume-
Reaction MuSe 2022 challenge also reported results from
a baseline system that used Py-Feat [9] to detect the oc-
currence of 20 different AUs in each frame, and used these
20 binary values as the input to a Long Short-Term Memory
LSTM-RNN. However, they did not investigate the addition
of other visual features besides AUs, as we describe here.

3. Problem Formulation
We denote by V and A the visual and audio stream of a

reaction video, and by Y = {y1, ..., y7} seven emotional
reaction intensities, representing Adoration, Amusement,
Anxiety, Disgust, Empathic Pain, Fear, and Surprise, re-
spectively.

Our objective is to predict 7 emotional reaction intensi-
ties X = {x1, ..., x7} given V and A using our proposed
architecture M, i.e.,

X = M(V,A), (1)

so that the loss L(X,Y) is minimal.
In the next section, we will explain M and L in detail.

4. Methodology
Figure 1 shows our system’s architecture. Given a video,

our system outputs 7 emotional reaction intensities. Our
architecture is dual stream: including a video stream and
an audio stream. The video-stream is further separated into
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Figure 1. Our architecture consists of two steams: a video stream and an audio stream. Visual feature includes holistic feature from a
pretrained ResNet18 and local feature from AU detection/intensity estimation. Audio feature is extracted by MFCC. Each stream comprises
GRU and transformer encoder to integrate information temporally. A learnable regression token is added to the input to the transformer
encoder. The regression tokens from two streams are concatenated and fed into fully connected layer and Sigmoid for the final prediction.
“FC” stands for Fully Connected Layer. “Concat.” stands for concatenation.

dual streams: one for holistic feature extraction (a ResNet18
network trained on AffectNet) and one for local feature ex-
traction (AU detection/intensity estimation by OpenFace).
Dual stream features are combined by concatenation before
being input to the next stage. In the video stream, we ex-
tract information spatially for each frame first, then inte-
grate across time by a cascade of a Gated Recurrent Unit
(GRU) and a transformer encoder. In the audio stream, we
extract spectral information from frames of length ∼30ms,
then follow a similar temporal integration architecture as
used in the video stream. Finally, we fuse visual and audio
features by concatenation. A fully connected layer merges
multimodal information to output seven emotional reaction
intensities. We will elaborate these steps in details in the
following.

4.1. Visual Feature Extraction

Data Preprocessing To eliminate variability due to head
motion, which interferes with facial expression recognition,
we apply face alignment using the OpenFace Toolkit [3],
which detects 68 facial landmarks. We use them to align
the face by linear warping followed by cropping of the face
region. Then we resize the cropped face images to 224×224
pixel resolution.

Holistic Spatial Features We use a ResNet18 network
[8] pretrained on AffectNet [12] to extract holistic infor-
mation about the general overall impression of the face.
AffectNet is a large facial expression dataset consisting of
0.4 million images, designed for supervised facial analysis
tasks. We use the 512-dimensional feature vector imme-
diately before the final classification layer, which contains
holistic information about the facial expression.

Local Spatial Features We use the OpenFace AU detec-
tion model [2] to extract both the occurrence and intensity
of 17 AUs (e.g., AU1, AU2, AU4, AU6, AU7, AU10, AU12,
AU14, AU15, AU17, AU23, AU25). This results in a 34-
dimensional AU feature vector for each frame. This model
is based on appearance (Histograms of Oriented Gradients)
and geometry features (shape parameters and landmark lo-
cations). They propose a person-specific normalization ap-
proach, which allows the model to generalize well on other
datasets.

Visual Feature Fusion We fuse holistic and local spatial
features by concatenation, resulting in a 546-dimensional
visual feature vector.

4.2. Audio Feature Extraction

Mel-frequency Cepstral Coefficients (MFCC), the over-
all shape of the spectral envelope, have been widely used
in speech recognition tasks. We extract them from ∼30ms
frames sampled at 16kHz and with a stride of ∼16ms with
the Python Librosa toolkit and use them as the basis of
our audio feature representation. From a set of 32 MFCCs
per frame, we obtain a sequence of 1024-dimensional au-
dio feature vectors by combining features from 32 adjacent
frames.

4.3. Temporal Integration

Each branch cascades a GRU and a transformer en-
coder to integrate information from a variable number of
frames per video into a final fixed-dimensional feature vec-
tor, which is used for the final prediction.

GRU The GRU operates sequentially, frame to frame, to
capture short- and long-term temporal correlations in the
video.
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Transformer Encoder A Transformer encoder stacks
several blocks. Each block has the same architecture, con-
taining a multi-head attention mechanism followed by a
fully-connected feed-forward network. Each frame corre-
sponds to one token. We also add a regression token, with
a set of learned embedding parameters. Through the self-
attention mechanism, the regression token gathers informa-
tion from the frames in the video. Only the regression to-
ken output after the last stage of the transformer encoder is
passed to the next stage.

Readout function We input the concatenation of the
video and audio regression token outputs into the final read-
out layer, consisting of a fully connected linear layer fol-
lowed by a logistic sigmoid output layer, which restricts the
output into [0, 1]. For each video sample n, our model out-
puts 7 scores Xn = {xn

1 , ..., x
n
7}.

4.4. Training

We freeze the weights in ResNet18 and AU detection
model for the sake of training speed. We train the rest of
the model using L2 loss:

L(X,Y) = 1

7×N

7∑
i=1

N∑
n=1

(xn
i − yni )

2, (2)

where N is the total number of video samples.

5. Experimental Results
5.1. Dataset

The Hume-Reaction dataset consists of 25,067 videos
from 2,222 subjects. Subjects are from two cultures, 1,084
from South Africa and 1,138 from the United States, aged
from 18.5 to 49.0 years old. The reaction videos vary in
terms of resolution, FPS, background, and lightning noise
conditions. The average video length is 11.62 seconds, and
the average number of frames per video is 248.8 frames.

The dataset is partitioned into three sets: 15,806 for
training set, 4,657 for validation set, and 4,604 for testing
set.

5.2. Evaluation Metric

Pearson’s correlations coefficient (PCC) is used for the
evaluation metric. We calculate the average PCC across the
7 emotional reactions intensities:

PERI =

∑7
i=1 ρi
7

. (3)

And for each emotion, ρi is defined as:

ρi =

∑N
n=1(x

n
i − x̄i)(y

n
i − ȳi)√∑N

n=1(x
n
i − x̄i)2

√∑N
n=1(y

n
i − ȳi)2

, (4)

where x̄ and ȳ are the mean of predictions and labels.

5.3. Baselines

We compare our model with the work that we have men-
tioned in Sec. 2 and the provided audio/visual baselines.
The audio baseline uses DEEPSPECTRUM [1] to extract
features from the audio signal. The visual baseline uses the
feature vector from the last layer of a ResNet50 [8] trained
on VGGface2 [4]. Then LSTM-RNN is used to process
these features and output the prediction.

5.4. Implementation Settings

We use a 2-layer GRU with the size of a hidden layer be-
ing 256. The number of transformer encoder blocks and the
heads in the multi-head attention layer are both set to 4. A
dropout probability of 0.2 was adopted for the transformer
encoder. All our models are implemented using PyTorch
and trained on a single GeForce 3070 GPU.

For the training parameters, we set an initial learning rate
as 1e-4 which decays every 10 epochs by a factor of 0.5.
AdamW optimizer with a weight decay of 0.5 is applied as
the optimizer.

Due to the varying quality and noise of the video, there
are 1% frames where no face is detected. We discard these
frames. We also discard videos that have less than 50 valid
images in the training. In the testing, the prediction of such
an invalid video is set to be the average seven scores from
other valid videos, in order to remove its impact on the PCC
metrics.

5.5. Results

Table 1 shows performance comparison on the validation
and test sets. Our model achieved 0.455 on the validation
dataset and 0.4547 on the test data set, surpassing all the ex-
isting methods in the table on both validation and test sets.
Compared to multimodal baseline, our model outperforms
it by 91.02% on validation set and by 124.1% on test set,
proving the effectiveness of adding AU features.

Figure 2 shows the attention from the regression token
to each frame of one long video sample and one short
video sample in the validation set. The peaks in the atten-
tion curves show that the attention mechanism can identify
frames that have the most informative expression changes.
The peaks are quite sparse in the video, indicating the im-
portance of using all frames for the estimation, and the abil-
ity of the network to avoid dilution of the information in key
frames by neutral expressions present in most of the frames.

6. Ablation Study
To study the effect of different types of features (e.g.,

holistic ResNet18 feature, local AU feature, and audio fea-
ture), we conducted experiments with different combina-
tions on the validation set, shown in Table 2. Using all the
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vid: [24481]

vid: [12829]

Figure 2. Attention from the regression token to each frame in the video (averaged across all heads).

Table 1. PCC Comparison

Methods Val Test
Audio baseline
(DEEPSPECTRUM) [5] 0.1087 0.0741

Visual baseline
(VGGFACE2) [5] 0.2488 0.1830

Visual baseline (FAU) [5] 0.2840 0.2801
Multimodal baseline [5] 0.2382 0.2029
Former-DFER+MLGCN [14] 0.3454 N/A
ViPER [13] 0.3025 0.2970
FaceRNet [10] 0.3590 0.3607
ResNet18 [11] 0.3893 N/A
ResNet18+DEEPSPECTRUM [11] 0.3968 N/A
Ours 0.4550 0.4547

Table 2. Ablation study on different feature types

Combination Validation
Only audio 0.299
Only AU 0.342
Only ResNet18 0.362
ResNet18 + AU 0.377
ResNet18 + audio 0.438
ResNet18 + AU + audio 0.455

features achieved the best performance. We can also see that
incorporating AU features lead to a boost in performance.

We also compared the effect of different types of AUs in
Table 3. We can see that using only AU intensity is slightly

Table 3. Ablation study on AU features

Combination Validation
AU occurrence 0.452
AU intensity 0.454
AU occurrence + intensity 0.455

better than using only occurrence, while combining both of
them yields the best outcome.

7. Conclusion

This paper describes a multimodal architecture for Emo-
tional Reaction Intensity estimation. Our results demon-
strate the efficacy of including both holistic and spatially
localized information from face images for this task. Our
use of a transformer encoder with a regression token en-
ables the network to handle videos with varying length in
a consistent manner and to handle the sparsity of frames
indicating emotional reactions within both long and short
videos. Our experimental results indicate that the per-
formance of our architecture significantly outperforms the
baselines. We also conducted ablation experiments to ver-
ify the importance of multiple visual cues and multiple sen-
sory modalities. Our code implementation is available at
https://github.com/HKUST-NISL/ABAW5.
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