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ABSTRACT

Socially intelligent systems such as home robots should be able to
perceive emotions and social behaviors. Affect recognition datasets
have limited labeled data, and existing large unlabeled datasets,
e.g., VoxCeleb2, suitable for pre-training, mostly contain neutral ex-
pressions, limiting their application to affective downstream tasks.
We introduce a novel Semi-supervised Affective Adaptation frame-
work via Metric Learning (SAAML) to adapt pre-trained audiovisual
models (e.g., AV-HuBERT) to expressive behaviors associated with
emotions and social communication. The proposed framework au-
tomatically retrieves a large number of emotional excerpts (> 100
hours) from the VoxCeleb2 dataset via metric learning from two
emotion recognition datasets (MSP-IMPROV and CREMA-D), and
learns domain-invariant emotion-aware representations. Experi-
mental results show that fine-tuning the proposed affect-aware
AV-HuBERT (AW-HuBERT) improves the emotion recognition ac-
curacy by 3-6% compared to fine-tuning the original pre-trained
models. We further validate the effectiveness of the AW-HuBERT on
human-centered visual understanding tasks, namely, facial expres-
sion recognition, video highlight detection, and continuous emotion
recognition. The proposed approach consistently outperforms AV-
HuBERT and delivers competitive performance compared to the
existing methods. With this work, we demonstrate the effectiveness
of adaptive pre-training for existing models on domain-specific data
to enhance their performance for human-centered tasks.
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1 INTRODUCTION

With the popularity of socially intelligent systems such as voice
assistants and home robots, affect-aware technologies have become
a key component to facilitate human-machine interactions. Ma-
chines with a better understanding of humans’ emotions are able
to generate intelligent responses to enhance users’ engagement
[61] and trust [25]. In response, significant progress has been made
to infer emotions and sentiments from spoken language (textual)
[35, 66], visual behaviors (facial expressions and gestures) [42, 79],
voice [54], or multimodal signals [59]. A major difficulty in train-
ing robust affective behavior analysis systems lies in the relatively
small size of existing datasets [11, 40, 53] due to the large cost
associated with manual annotations. To address this issue, repre-
sentations from large pre-trained models have been widely used in
state-of-the-art affective behavior analysis systems [29, 52, 86].

There is often a large discrepancy between the pre-training data
and the target domain, which potentially limits application of a pre-
trained encoders on domain-specific tasks. In the field of Natural
Language Processing (NLP), Gururangan et al. [26] present Domain
Adaptive Pre-training (DAPT), which resumes the pre-training pro-
cess of the encoder on large amount of unlabeled domain-specific
data, to boost performance on domain-relevant downstream tasks.
The technique has been successfully applied to improve pre-trained
language encoders’ performance in various NLP tasks such as ma-
chine translation [64], question-answering [85], and sentiment anal-
ysis [83]. However, DAPT has been relatively under-explored for
visual and video understanding applications. Recently, Kim et al.
[37] show the potential gain of DAPT for pre-trained vision models
on the DomainNet benchmark with 6 domains (Clipart, Infograph,
Painting, Quickdraw, Real, and Sketch).

In this work, we propose Semi-supervised Affective Adapta-
tion via Metric Learning (SAAML), a DAPT-based framework
to adapt a pre-trained audiovisual encoder to the affective domain
(Fig. 1). Given the limited size of affective datasets, we propose
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Figure 1: An overview of the process to obtain and evaluate
AW-HuBERT. We pre-train AV-HuBERT encoder [68] on the
VoxCeleb2 dataset [15], then perform adaptive pretraining
with the SAAML framework, and evaluate the adapted model
on different affective-related tasks. Details of the proposed

SAAML framework can be found in Figure 2 and Figure 3.

using metric learning to generate affect-aware embeddings using
labeled emotion recognition (ER) datasets and retrieve large-scale
affective data from unlabeled videos. To further improve DAPT per-
formance, we propose adding an emotion classification loss along
with a domain adversarial loss. We apply SAAML on a pre-trained
AV-HuBERT encoder [68] to produce an affect-aware version of the
model, which we call Affect-Aware HuBERT (AW-HuBERT).

We validate the capabilities of AW-HUBERT as a novel audiovi-
sual encoder as follows. First, we demonstrate consistent improve-
ments in emotion recognition accuracy on two audiovisual ER
datasets, namely MSP-IMPROV [12] and CREMA-D [13]. Since the
ultimate goal of ER is to detect emotions reliably in uncontrolled
environments, we extend AW-HuBERT to a more challenging set-
ting with the facial expression recognition in-the-wild using the
AffWild2 dataset [40] and demonstrate superior performance over
prior work [88]. Second, we show the promising results for us-
ing AW-HuBERT for the (affective) video highlight detection, with
the Video2GIF [27] and PHD-GIF [21] datasets. Finally, we demon-
strate the robustness of AW-HuBERT compared to recent methods
for arousal and valence regression with the RECOLA [63] and SE-
MAINE [51] datasets.

The main contributions of this work are as follows.

e We develop SAAML to retrieve a large amount of emotional
audiovisual video excerpts via metric learning for domain
adaptation on pre-trained audiovisual encoders.

e We evaluate and show the improvement achieved by SAAML
in widely used multimodal emotion recognition datasets,
namely MSP-IMPROV [12] and CREMA-D [13], using the
AW-HuBERT [68] encoder.

o We demonstrate that AW-HuBERT can be generalized to
other tasks within the affective domain, including Facial
Expression Recognition in-the-wild (AffWild2 dataset [40]),
(Affective) Highlight Detection (Video2GIF [27] and PHD-
GIF [21] datasets), and Continuous Emotion Recognition
(RECOLA [63] and SEMAINE [51] datasets).
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2 RELATED WORK

Self-supervised Audiovisual Representation Learning effec-
tively extracts semantically rich, cross-modal associations by learn-
ing the underlying correspondence between the audio and visual
signals [3, 4, 41, 55, 57]. For instance, Owen et al. [57] propose using
audio and video temporal synchronization to train a multimodal
network. Morgado et al. [55] use contrastive learning to optimize
cross-modal discrimination between audio and video signals. Lee
et al. [43] introduce a parameter-efficient pre-trained audiovisual
Transformer, trained with a contrastive objective and a mid-level fu-
sion strategy to match audiovisual information. For self-supervised
audiovisual speech representation learning, Shi et al. introduce AV-
HuBERT [68], an extension of the audio HUBERT [32], to model
interactions between lip movements and speech from videos. We
provide a detailed description of AV-HuBERT in Section 3. In this
work, we re-train AV-HuBERT with video recordings of full faces,
and show that the re-trained model is more robust for emotion
recognition tasks. Most similar to our work, Tran et al. [75] intro-
duce an audiovisual encoder for emotion recognition that learns
on masked audiovisual features reconstruction. The model is tai-
lored for emotion recognition downstream tasks due to the feature
selection process, in which the selected features (OpenFace [7] for
visual and TRILL [69] for audio) are demonstrated to be highly ef-
fective for emotion recognition. On the other hand, the main focus
of our work is on the data selection process, i.e., creating a diverse
affective-related dataset, while our chosen encoder is end-to-end
that requires no prior feature extraction.

Supervised Metric Learning is a commonly used method in in-
formation retrieval, face recognition, and speaker verification. The
goal of metric learning is to train embedding models, by introduc-
ing loss functions that capture similarities between data samples.
Metric learning techniques have been used to help models gener-
ate more discriminative features and enhance emotion recognition
performance. Gao et al. [20] use a triplet loss to transform a feature
encoder into a pseudo-Siamese network to improve knowledge
transfer for emotion recognition. Dai ef al. [16] combine the soft-
max cross-entropy loss with a metric learning loss (i.e., center loss)
to boost the discriminative power of the trained models and in-
crease emotion classification accuracy. Huang et al. [34] propose a
triplet framework with hard-positive mining to learn from variable-
length inputs with an LSTM network. Lu et al. [50] introduce an
aggregate ranking loss to compare adjacent frames for video inputs
and learn meaningful representations for Action Unit detection.
Han et al. [28] propose a novel cross-modal emotion embedding
framework that transfers information from an auxiliary modality to
a target modality with triplet losses. Abdou et al. [1] integrate gaze
information into cross-modal training and leverage triplet losses
to generate gaze-aware facial feature representations for emotion
recognition. To the best of our knowledge, there has been no prior
work using metric learning to retrieve emotional expressions.
Unsupervised Domain Adaptation (UDA) aims to bridge the
performance gap when a model is deployed on an unlabeled tar-
get domain different from the source domain (training data). UDA
methods can generally be divided into three categories. The first cat-
egory focuses on feature space alignment, reducing the domain shift
between the source and target domains with respect to metrics such
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Figure 2: The SAAML framework’s overview. We first train an
emotion-aware embedding projector using metric learning
with annotated samples from a source dataset A (blue arrows).
Embeddings extracted from the embedding projector are
used to perform retrieval from a large unlabeled dataset B
(green arrows), given queries from A (orange arrows), in a
batch-wise manner. Both samples from A and B are then
used for affective adaption on a pre-trained encoder. Figure
4 provides details on the affective adaptation process.

as statistical moments [58], Maximum Mean Discrepancies (MMD)
[49, 76], and correlation [72]. The second category uses adversarial-
based techniques for UDA, which typically involves a domain dis-
criminator to enhance domain confusion. Ganin et al. [19]introduce
a gradient reversal layer to adversarially train a feature extractor
jointly with a domain discriminator and produce domain-invariant
features. Hoffman et al. [30] propose a GAN-based method to gener-
ate indistinguishable source and target images. Another line of UDA
studies are reconstruction-based [10, 22], which assumes domain-
invariant features can be achieved via data reconstruction. Per-
forming Domain Adaptation on pre-trained weights, i.e., domain-
adaptive pre-training (DAPT) is relatively under-explored. Guru-
rangan et al. [26] show that the continuation of the pre-training
process on domain-specific data helps boost the performance of
pre-trained language encoders on downstream tasks of the same
domain. To the best of our knowledge, we are the first work to
explore adaptive pre-training of multimodal audiovisual encoders
with applications in vision. We choose affect as our domain of
interest as it is a challenging domain in which large datasets are
unavailable due to annotation costs. Despite starting with a nar-
rowly defined domain (a small labeled dataset), our framework can
produce encoders useful to a broader range of related tasks with
more challenging settings.

3 METHOD

Objective We assume access to an annotated emotion recognition
source dataset A and an unlabeled dataset B containing a large
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number of utterances. We aim to perform domain adaptation for
a pre-trained encoder M using A and B to obtain M” such that
fine-tuning M’ for unseen affective-related datasets U yields better
performance than M. Figure 2 provides an overview of the proposed
SAAML framework, which includes three steps, namely, training
an emotion-aware embedding projector, generating pairwise (a, b)
similarity distances, and performing step-wise affective adaptation.
Training Embedding Projector. The main goal of this step is
to train an Embedding Projector that can produce discriminative
emotion-aware embeddings for audiovisual inputs, which are later
used for large-scale retrieval of expressive utterances. The architec-
ture for this step involves two components, namely a pretrained
encoder to extract high-level representations from the raw audio-
visual inputs, followed by a MLP-based Embedding Projector that
maps the extracted representations into a common space that is
discriminative of emotion classes via metric learning.
- Pretrained Encoder: The pretrained encoder takes raw image frames
and audio signals as inputs and produces high-level representations.
In this paper, we use the Audiovisual Hidden Unit BERT (AV-
HuBERT) architecture [68] as our pre-trained encoder. As a high-
level overview, the AV-HuBERT model contains separate light en-
coders to extract low-level features from raw audio and visual
inputs, which are then concatenated with modality dropout [68]
in the audiovisual fusion layer. The fused audiovisual features are
then forwarded to the Transformer to generate high-level represen-
tations. During the pre-training process, the model uses a separate
Feature Extractor followed by K-means clustering to generate the
Hidden Units, i.e., pseudo-labels, for self-supervised learning. Some
parts of the audiovisual fusion representation and the correspond-
ing hidden units are masked. The pre-training task is to predict
the masked cluster assignments. The HuBERT model is trained for
several iterations to improve the quality of the Feature Extractor
and generated pseudo-labels. We direct readers to [32, 68] for more
detailed discussions of the HuBERT architectures.
- Embedding Projector. The Embedding Projector maps the high-level
general-purpose features generated by the pre-trained encoders
into affect-aware embeddings. To this end, we train the Embedding
Projector in a supervised manner using annotated samples from A.
We try different metric learning losses offered by [56] and choose
the Multi-Similarity loss [81] that provides embeddings with the
best quality of emotion clusters. We provide a comparative study
between the Multi-Similarity loss and other metric learning losses
with respect to classification accuracy and cluster quality in the
Appendix (Section C1). The Multi-Similarity loss is:

_101 ~a(Sw-2)
Lys = — ;{El“’“ +k; e I
C : (1)

1
+{Zlogl1+ ) PSu=Dy
ﬁ keN;

where a, §, A are fixed hyper-parameters, S;; denotes the cosine
similarity score of the pair (x;, x;), and P; and N; denote the in-
dex set of positive and negative pairs for an anchor x;. As in [81],
we only use hard positives and negatives to train our Embedding
Projector. In particular, a pair (x;, x;) with labels (y;,y;) is chosen
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Figure 3: Details of the affective adaptation phase. Given a
batch of samples from A, we retrieve relevant samples from
B via sampling from a pre-computed pairwise similarity ma-
trix. The AV-HuBERT encoder is then optimized with respect
to a domain classification loss with a Gradient Reversal Layer
(GRL) for domain-invariant representations, an emotion clas-
sification loss, and a pre-train loss.

with respect to a margin € if

Sij > miny=y;Sig — € (2)
OR

S;rj < maxy,#y;Sik + € 3)
Following Dai et al. [16], our Embedding Projector is optimized with
a combined loss between the metric learning loss (Lpss) and the
standard cross-entropy loss to enhance the discriminative power
of the model while maintaining a strong predictive ability:

Lgp = Lys + AceLcE (4)

where Acg controls the trade-off between the metric learning loss
and the prediction task.

Generating pairwise (a,b) similarity. The main goal of this step is
to compute pairwise distances between utterances in A and B using
the trained Embedding Projector. Having the utterance similarities
pre-computed would allow the framework to efficiently retrieve and
weakly label relevant utterances from B to perform affect adaptation.
In particular, the trained Embedding Projector is used to extract em-

beddings for each utterance in A and B to form {e?}l.fll and {ef }Li‘l
Finally, a pairwise similarity matrix S between each utterance from
A and B is computed, i.e., Sj; = Sim(ef, e?) Y(i, j) € [|Al]] x [IB]].
We use the cosine similarity metric as our distance metric in this
study.

Affective adaptation of the Encoder. The main goal of this step
is to produce an affect-aware version of the Pretrained Encoder.
As shown in Fig. 3, this step includes three components, including
a pretrained encoder for affect adaptation, trained jointly with a
domain classifier to generate domain-invariant features, and an
emotion classifier to enhance the encoder’s awareness of emotional
signals. At each learning step, the framework takes in a batch of
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annotated samples from A and uses the pre-computed similarity
scores from the previous step to retrieve relevant samples from B
via an Instance Retrieval module, which are then used to perform
adaptation according to three loss functions, namely a pre-training
loss, a domain adversarial loss, and an emotion classifier loss.

- Instance Retrieval. The Instance Retrieval module selects a relevant
utterance from B given the projected embedding elA of an utterance
from A based on S. We want samples from B with closer projected
embeddings to e? to have a higher chance of being selected. Hence,
given utterance an utterance in A with its embedding e? and its
emotion label ll.A, the module selects an utterance in B with embed-
ding ef based on a Softmax distribution

eSiilT

B Ay _
Plej | &) = S Sl

®)

where T denotes the temperature of the softmax function. Given
the large number of utterances in B, we use a low temperature
parameter so that the sampling function focuses the most similar
utterances from B. It is important to note that we prefer retrieval via
sampling over the k-NN approach to avoid retrieving low-quality
samples while keeping diversity in the retrieved samples. The In-
stance Retrieval module outputs the selected utterance uf in B and
its pseudo-label lf = l{“.

As shown in Figure 3, the Instance Retrieval step is performed
jointly with the adaptation phase. Specifically, at each training step
with a batch k of annotated samples drawn from A, our framework
uses the Instance Retrieval module to retrieve a batch of k related
samples with pseudo-labels from B (one-to-one retrieval). The com-
bined batch of 2k samples are then used for affective adaptation.

- Emotion Classifier. The Emotion Classifier is trained jointly with
the pre-trained encoder to optimize emotion classification accuracy.
It processes the features generated by the pre-trained encoder to
produce emotion predictions, which are then used to compute Lgc.
We use the categorical cross-entropy loss for Lgc, in which the
pseudo-labels are used for the retrieved utterances from B and
annotated labels are used for utterances from A.

- Domain Classifier. The Domain Classifier predicts whether an
utterance is from A or B with a binary cross-entropy loss Lpc. We
want the pre-trained encoder to produce domain-invariant features.
To achieve this goal, we use a Gradient Reversal Layer (GRL) [19],
a commonly used method for training domain-invariant neural
networks. The GRL acts as an identity transform during the forward
pass, but it scales the received gradients a factor of —Aggy during
the backward pass. To help the pretrained encoder learn domain-
invariant features, we train it jointly with the Domain Classifier, and
introduce the GRL between the encoder and the Domain Classifier.
- Pretrain Loss Lpr: Gururangan et al. show the benefits of a second-
phase pre-training on domain-specific data [26]. Following this idea,
we add the pre-training loss Lpr to the loss function to continue
the pre-training process of the encoder, which is computed as the
cross-entropy loss over the masked timesteps

Lpr =~ ) logpp(zt) (©)
teM
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where M denotes the set of masked positions, f is the masked
prediction model that maps the representation outputs of the Trans-
former to a prediction distribution over the hidden unit entries, and
z; denotes the K-means hidden unit at time step ¢.

This concludes all components of the loss function we propose
to adapt the pre-trained encoder. We combine the three losses to
adapt our encoder for affective applications.

L=Lgc+Lpc+Lpr (7)

Desgin of SAAML in light of semi-supervised learning litera-
ture. Semi-supervised learning is a well-studied area of research.
However, the sheer size of the pre-training dataset (>1000 hours of
audiovisual content) is a huge challenge that prevents the adoption
of most semi-supervised and advanced pseudo-labeling techniques
(e.g., iterative pseudo-labeling) due to both space and time con-
straints. Moreover, many semi-supervised learning methods focus
on finding high-quality (easy) samples within the target domain(s)
to improve the correctness of pseudo-labeling [14, 44], which is
already handled via our high-confidence retrieval module (Equation
5). Finally, existing semi-supervised learning methods generally
assume a clearly-defined target domain (e.g., the unlabeled tar-
get dataset). This assumption does not hold in our case, as we
use a metric learning approach to retrieve relevant samples to the
affective domain. Hence, the retrieval component is the core of
SAAML, as a strong retrieval method also results in more accurate
pseudo-labeling and reduces the need for more advanced pseudo-
labeling techniques. Existing semi-supervised domain adaptation
methods further require a subset of the target domain to contain
ground-truth labels [44, 65], which is not applicable in our case.
Nevertheless, we compare our Naive pseudo-labeling approach with
several recent semi-supervised methods using the retrieval samples
from our metric learning models in the Appendix (Section B). We
demonstrate that our method achieves competitive performance
compared to more advanced techniques while delivering simplicity.

4 EXPERIMENTS

Datasets In this study, we interchangeably use the MSP-IMPROV
[12] and CREMA-D datasets as A and U, and use the VoxCeleb2
dataset [15] as B in Section 3. MSP-IMPROV [12] is an acted audiovi-
sual emotion recognition database containing recordings of dyadic
interactions between people. The conversations are designed to
trigger realistic emotions. The dataset contains 8,450 utterances
(around 9.5 hours) recorded in 6 sessions from 12 actors. Each utter-
ance is annotated with at least 5 evaluators on 5 emotion categories,
i.e., happiness, sadness, anger, neutral, and other, along with a five-
point Likert scale on Valence (1-negative to 5-positive), Arousal
(1-calm to 5-excited), and dominance (1-weak to 5-strong). CREMA-
D [13] is an acted audiovisual emotion recognition dataset with 6
emotional states, i.e., happiness, sadness, anger, disgust, fear, and
neutral. The dataset contains 7, 442 video recordings (around 1.5
hours) from 91 actors speaking a fixed set of 12 sentences with
the 6 types of emotions. The annotations are collected via crowd-
sourcing from 2443 annotators on emotion categories and intensity
level, which consists of Low, Medium, High or Unspecified. The
emotion classes are balanced for CREMA-D. This work focuses on
the recognition of four emotions using these databases, i.e., happi-
ness, sadness, anger, and neutral.
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VoxCeleb2 is the largest publicly available audiovisual speech dataset,
containing 2700 hours of video recordings from more than 6000
celebrity speakers. The dataset is constructed from around 150K
videos from YouTube, segmented into utterances with a filtering
pipeline involving face tracking and active speaker verification.
The large scale of the dataset makes it one of the most promising
datasets to pre-train audiovisual representation learning models
for human social behavior [68]. We only use the English portion of
the VoxCeleb2 dataset, which totals to 1326 hours of speech.

- Facial Expression Recognition. We use the AffWild2 dataset [40] that
was used in the Affective Behavior Analysis in-the-wild (ABAW)
Challenge at CVPR 2022. The dataset contains 548 videos collected
from Youtube with per-frame annotations for 6 basic emotions (hap-
piness, sadness, anger, surprise, disgust, fear), plus a neutral state,
and another category "other" that represents states other than the 6
basic ones. In total, the dataset contains more than 2.6M annotated
frames from 431 speakers.

- Highlight Detection in Human-Centric Videos. We use two in-the-
wild datasets to validate the performance of AV-HuBERT for video
highlight detection, namely, Video2GIF [27] and PHD-GIF [21]. We
focus on the task of GIF generation with potential applications
in photojournalism or advertising [27]. Both the Video2GIF and
PHD-GIF datasets contain videos with GIF excerpt annotations. Be-
cause not all videos in Video2GIF and PHD-GIF are human-centric
(e.g., some videos contain animals), we use a HOG-based face de-
tection model [38] to extract a subset of the data containing human
faces (the face detection model can reliably detect human faces in
more than 90% of the frames). We end up with 4945 GIFs from the
Video2GIF dataset and 8132 GIFs from the PHD-GIF dataset for
the task. Each video in Video2GIF and PHD-GIF are split into five
second segments. A segment is considered a highlighted segment
if the overlap with a GIF is at least 60% (3 seconds).

- Continuous Emotion Recognition. We use the RECOLA [63] and
SEMAINE [51] datasets to validate the performance of our models
on the task of continuous emotion recognition (arousal/valence
regression). RECOLA contains audiovisual recordings of dyadic
interactions between 23 French-speaking subjects. The videos are
recorded and annotated on arousal and valence intensity at 25 Hz
and last around 5 minutes each. SEMAINE [51] is a large audiovi-
sual database built upon agents (i.e., operators)-users interactions
in simulated settings. The dataset contains 959 conversations from
150 participants. Each conversation is in English, recorded and an-
notated by at least 2 annotators at 50Hz and typically lasts around
5 minutes. We provide pre-processing and more implementation
details in the Appendix (Section A3).

AV-HuBERT As mentioned, the currently published AV-HuBERT
model was pre-trained to capture interactions between lip move-
ments and human voices for audiovisual speech recognition down-
stream tasks. This is not optimal for affective-related tasks, in which
the whole face is relevant to capture facial expressions. Therefore,
we retrain the AV-HuBERT model from scratch with the visual
modality captured the speakers’ faces. We call this model Face AV-
HuBERT (FAV-HuBERT). We follow the same pre-training settings
as in [68], with the exception that we only train the model for three
iterations instead of five iterations. We see no further improvement
in ER accuracy after the third iteration. The model was trained on
32 Tesla-V100 GPUs for approximately 10 days.
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Table 1: ER performance for pre-trained AV-HuBERT models
(MSP.: MSP-IMPROYV, CRE.: CREMA-D).

. ER Acc. (%)
Model Dataset Duration 5P R
g—zl-]IuBERT LibriSpeech  960h 64.14  77.78
‘E‘;‘g']H“BERT LRS3+Vox2 1759h 6527 8547

FAV-HuBERT Vox2 1326h 68.35 87.61

Table 1 compares the fine-tuning performance of our FAV-HuBERT
model with existing pre-trained models on the four-class emo-
tion classification tasks with the CREMA-D and MSP-IMPROV
datasets. First, we can see that the AV-HuBERT models outperform
the Audio-HuBERT model [32] by a significant margin on both
CREMA-D (7.69%) and MSP-IMPROV (1.13%) datasets. This illus-
trates the benefits of adding visual information to the performance
of the ER systems. Moreover, we can also observe that FAV-HuBERT
achieves better performance compared to the published pre-trained
AV-HuBERT checkpoint (lip movements + acoustic) even though it
was trained on less data (no pre-training on the LRS3 dataset [2]).
This confirms the importance of capturing visual information from
the whole face for affective downstream tasks.

Baselines We apply the affective adaptation framework for both
the audio-only and audiovisual settings with the pre-trained audio
HuBERT [32] and Audiovisual HuBERT [68] encoders, respectively.
We report the results with the Audio-HuBERT encoder in the Appen-
dix (Section D). Because there are no similar methods on affective
adaptation for pre-training audio or audiovisual encoders, we com-
pare our affect-aware AV-HuBERT (AW-HuBERT) performance
against the original pre-trained encoders (without any domain
adaptation). To demonstrate the need to retrieve a large amount
of data to improve generalization across tasks within the affective
domain, we explore adaptive pre-training with small yet carefully
annotated datasets, i.e., task adaptive pre-training (TAPT) [26]. In
particular, TAPT resumes the pre-training process with limited data
on a specific dataset. We test two settings of TAPT: within-task
adaptive pre-training (TAPT), where the encoder is adapted and
tested on the same dataset, and cross-task adaptive pre-training
(CTAPT), where the encoder is adapted and tested on different
datasets. We further compare our performance with Tran et al.’s
pre-trained emotion-centric encoder [75], which was designed and
validated on the same ER datasets. Finally, we compare our method
with the state-of-the-art performance on the MSP-IMPROV and
CREMA-D dataset using the AuxFormer architecture [23]. To make
a fair comparison, we fine-tune the entire AuxFormer model, along
with its audio encoder (Audio-HuBERT base [32]) and visual en-
coder (TimeSformer [8] first pre-trained on the AffWild2 dataset
[40]), which results in around 200M trainable parameters. We also
perform an ablation study to explore the contributions of individual
loss terms. Specifically, we train models denoted -LpT, -Lpc, -Lgc
to highlight models trained without the pre-training loss, domain
classifier loss, and emotion classification loss, respectively.

Implementation details We use a multi-layer perceptron as Em-
bedding Projector, Emotion Classifier, and Domain Classifier archi-
tectures. Specifically, the Embedding Projector contains a Mean
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Table 2: Results for AV-HuBERT adaptations on CREMA-D
and MSP-IMPROV (A: Accuracy; UA: Unweighted Accuracy).
CREMA-D MSP-IMPROV
A UA A UA
Tran et al. [75] 83.46 83.29 65.29 5941
AuxFormer [23] 91.62 91.10 70.28 62.97
FAV-HuBERT 87.61 8734 6835 61.05
TAPT-HuBERT 92.84 9278 70.46 63.95
CTAPT-HuBERT 90.39 90.52 68.02 60.83

Method

AW-HuBERT 93.65 93.65 71.80 65.72
-Lpc 92.53 9242 7095 64.88
-Lpt 88.06 88.02 7032 63.13
-Lgc 92.83 9286 7093 64.38

Pooling layer followed by two dense layers of sizes {256,32} to
produce 32-d embeddings. To train the Embedding Projector, we
use a = 2,A =1, =50,€ = 0.5 as suggested in the original paper
[81] and Acg = 0.5 via hyper-parameter tuning (details available in
Section C2). Our Embedding Projector achieves better classification
accuracy of 1 — 3% on MSP-IMPROV and CREMA-D datasets com-
pared to a classification-only model, consistent with prior findings
[16]. We use the Cosine similarity as our similarity metric for the
generated embeddings. The Emotion Classifier and Domain Clas-
sifier contain a Mean Pooling layer followed by two dense layers
of sizes {100, 4} and {100, 2}. For the Instance Retrieval module, we
use a temperature T = 0.1. For the pre-training loss Lpr, we use
the same masking strategy and objective as HuBERT [32, 68].
Training and Evaluation Details During the adaptation phase,
we train the network for 50 epochs with a linear warmup sched-
uler using the Adam optimizer. The learning rate for the HuBERT
encoder is set to 1e~> and the learning rate for other components
is set to 1e~3. We dynamically set the Agg; for the GRL similar to
Ganin et al. [19] to suppress noisy signals from the Domain Clas-
sifier in the early training stage. During the evaluation stage, we
simply add a Mean Pooling layer followed by a dense layer on top
of the HUBERT encoders to make emotion predictions. We fine-
tune the models for 5 epochs with a learning rate of 1e~> using
the Adam optimizer. For the MSP-IMPROV dataset, we perform a
session-based speaker-independent cross validation (six-folds) and
report the averaged results. For the CREMA-D dataset, we perform
speaker-independent split of the train-validation-test set according
to a ratio of 70%-10%-20%. We report the Weighted and Unweighted
classification accuracy (A and UA) as our evaluation metrics. We
provide more details in the Appendix (Section A).

5 RESULTS AND DISCUSSION

5.1 Quantitative results

Results from different adaptations of FAV-HuBERT encoder are
available in Table 2. We report the weighted and unweighted classi-
fication accuracy as our evaluation metrics. Except for the baseline,
which involves no domain adaptation, the results for CREMA-D are
from adapted models with MSP-IMPROV being the source dataset,
and the results for MSP-IMPROV are from adapted models with
CREMA-D being the source dataset.
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b) Adapted Encoder
CREMA-D (DB-index=4.1)

a) Original Encoder
CREMA-D (DB-index=4.8)
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Figure 4: t-SNE visualization of the generated embeddings
with emotion categories (Anger: red, Happiness: green, Sad-
ness: blue) from CREMA-D and MSP-IMPROV.

Results in Table 2 show that the proposed adapted models con-
sistently outperform the baselines by a considerable margin. In
particular, SAAML helps to boost the unweighted accuracy (6.04%
on CREMA-D and 4.67% on MSP-IMPROV) compared to the original
AV-HuBERT. This demonstrates the potential of affective adaptation
of pre-trained encoders to improve ER performance. Furthermore,
because we use a subset of the Voxceleb2 data to adapt the audiovi-
sual encoder, we can negate the possibility that the improvement
is due to exposure to more unseen data. TAPT baselines show con-
sistent improvement when the pre-trained encoder is adapted and
tested on the same dataset (TAPT), but the generalization is limited
when tested on unseen data (CTAPT), partially due to the risk of
overfitting when tuning a large model on a small amount of data.

From Table 2, we can also see that dropping a loss term reduces
the performance of the adapted models, which indicates the rel-
evance of all components in the proposed loss. The pre-training
loss Lpr is consistently the most important loss term to the Un-
weighted Accuracies of the models (except for the CREMA-D results
on the audio-only setting). This demonstrates the importance of
continuing the pre-training process (DAPT) instead of adapting to
emotion-labels only, to prevent catastrophic forgetting.

5.2 Qualitative results

We visualize the mean-pooled embeddings by the pre-trained and
adapted AV-HuBERT models using t-SNE [77]. Figure 4 shows the
projected embeddings for samples annotated with happiness, sad-
ness, or anger with medium or high intensity from the CREMA-D
dataset and samples annotated with happiness, sadness, or anger
from the MSP-IMPROV dataset. Figure 4(a) shows the embed-
dings extracted from the pre-trained AV-HuBERT model, and Fig-
ure 4(b) illustrates the embeddings for the adapted model with
(MSP-IMPROV source dataset). A cluster quality metric, the Davies-
Bouldin index [17], is reported to quantify the quality of embedding
clusters with respect to the emotion labels. A lower DB index sug-
gests a better separation between clusters. The embedding space
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Table 3: The performance of different models on the official
validation set of AffWild2.

Method Modality Mean F1
Zhang et al. [88] A+V 32.6
FAV-HuBERT A+V 36.08
Zhang et al. [88] A+V+T 39.4
AW-HuBERT A+V 38.52

AW-HuBERT A+V+T 41.31

in Figure 4(b) is more linearly separable compared to 4(a) for both
datasets, demonstrating the adapted model is capable of learning,
generalizing, and generating affect-aware features.

5.3 Generalizability on Other Tasks

To further illustrate the usefulness of AW-HuBERT, we apply the
encoder to three tasks: Facial Expression Recognition (FER) In-the-
wild, (Affective) Highlight Detection in videos, and Continuous
Emotion Recognition. With the FER and continuous ER tasks, we
want to test the robustness of the learned representation in more
challenging settings with a wider range of expressions compared
to the MSP-IMPROV and CREMA-D datasets. With the Highlight
Detection task, we demonstrate the applicability of the method on
social and human-centered tasks without emotion labels.

5.3.1 Facial Expression Recognition In-the-Wild.

Similar to Section 4, we add a Mean pooling layer followed by a
fully-connected layer on top of the AV-HuBERT model to make fa-
cial expression predictions. We compare the fine-tuned AV-HuBERT
models with the winner of the ABAW challenge [88]. Following
the challenge’s evaluation criteria, we report the average F1-score
over the 8 expression categories. Because the wining model uses
audio, visual, and textual information for prediction, we also re-
port the performance of AV-HuBERT in combination with a frozen
RoBERTa model [48] (late fusion), which extracts textual features
from transcripts obtained via speech recognition.

Table 3 shows the performance of the proposed method on the
Affwild2 dataset. We can see that AW-HuBERT boosts the perfor-
mance of FAV-HuBERT by 2.44% (from 36.08% to 38.52%). With
only audio and visual information, both FAV-HuBERT and AW-
HuBERT outperform the previous winner of the ABAW Challenge
at CVPR2022 by a fairly large margin (3.47% and 5.92%, respec-
tively). When combined with textual features extracted from the
RoBERTa language encoder [48], our model’s performance is fur-
ther improved by 2.78% to 41.31% F1-score, outperform Zhang et
al’s approach by 1.91%. More importantly, AW-HuBERT is less
dependent on textual information when text inputs are missing
(2.78% drop in F1-score compared to 6.8%).

5.3.2  Highlight Detection in Human-Centric Videos.

Following prior work on highlight detection [27, 31, 84], we freeze
our AV-HuBERT encoders and only use them for feature extraction.
We use the Set-based Learning Module (SL-Module) proposed by
Xu et al. [84]. Using the extracted features from the encoder, the SL-
module uses a Transformer encoder followed by a scoring layer to
estimate the highlight score distribution for the inputs. We compare
our model with two supervised video highlight detection methods,
i.e., Video2GIF [27] and the SL-module [84] itself with the widely
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Table 4: Highlight detection results (mAP) on the Video2GIF
and PHD-GIF datasets.

V2GIF PHD-GIF
Video2GIF [27] 1246 1553
SSL [84] w/ C3D [74] 14.32 17.41
SSL [84] w / FAV-HUBERT ~ 14.87 18.32
SSL [84] w/ AW-HuBERT  16.21  20.14

Table 5: Continuous ER results (CCC) on the official valida-
tion set of the RECOLA dataset.

Arousal Valence Avg.

TS-SATCN [33] | 0.659 0.690 0.675

SS-VAERR [36] | 0.675  0.626  0.651
FAV-HuBERT 0.676 0.637 0.657
AW-HuBERT 0.701 0.653 0.677

Table 6: Continuous ER results on the SEMAINE dataset.
Arousal Valence Avg.

AV-GaS [6] 0.587 0.642 0.615
FAV-HuBERT | 0.584 0.661 0.623
AW-HuBERT | 0.593 0.664 0.629

used C3D feature extractor. As the evaluation metric, we report the
mean Average Precision (mAP) of the detected highlights.

Notably, our training data are a subset of PHD-GIF and Video2GIF
(10%), and our results cannot be directly compared to the existing
works. Hence, we use a recent architecture baseline for highlight
detection, i.e., SSL [84] and re-run the baselines on the selected face-
centric subset of the datasets. Moreover, our main goal is affective
representation learning from pre-trained encoders. Therefore, we
compare our extracted features with the pre-trained C3D encoder
[74], a widely used feature extractor for video highlight detection.

Table 4 shows the performance of the proposed method on the
highlight detection task on the Video2GIF and PHD-GIF datasets.
We can see that both FAV-HuBERT and AW-HuBERT outperform
Video2GIF, and SSL with pre-trained C3D features [74], which
demonstrates the effectiveness of the trained AV-HuBERT models
in extracting facial features. We can also observe that AW-HuBERT
consistently boosts AV-HuBERT performance across three datasets
(1.34% on Video2GIF, and 1.82% on PHD-GIF), which confirms our
expectation that the affect-aware model is more robust for expres-
sive facial behaviors.

5.3.3 Continuous Emotion Recognition.

We use the same architecture for regression analysis as in section
5.3.1 (Facial Expression Recognition) to make per-frame predictions.
Since we use a sliding window, there can be multiple predictions
for a single frame during inference. We average all the overlapping
predictions for each frame to get the final predictions. We use the
widely used Concordance Correlation Coefficient (CCC) as our
evaluation metric for continuous emotion recognition. We use the
CCC loss to train our models. For RECOLA, we use the official
train/validation set to train/test our models as in [36], with 10% of
the train set being used for hyper-parameter tuning. For SEMAINE,
we perform a 5-fold cross-validation as in [6] to evaluate our models
as there are no official splits. We compare our method with AV-GaS
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[6] on the SEMAINE dataset, and TS-SATCN [33] and SS-VAERR
[36] on the RECOLA dataset.

Table 5 and Table 6 show the experimental results on the RECOLA
and SEMAINE datasets, respectively. For both datasets, we can
see that both FAV-HuBERT and AW-HuBERT achieve competitive
performance compared to state-of-the-art architectures. Further-
more, AW-HuBERT also consistently outperforms FAV-HuBERT on
both arousal and valence regression, with a boost of 2.5% and 1.6%
(RECOLA), and 0.9% and 0.3% (SEMAINE). This validates the useful-
ness of the SAAML framework. More importantly, the robustness
of both FAV-HUBERT and AW-HuBERT on the RECOLA dataset
further demonstrates the usefulness of the models in multi-lingual
settings (despite being pre-trained on English-only data).

5.4 Limitations

The superior performance of AW-HuBERT is limited to tasks close
to affective understanding with visible faces. We can see perfor-
mance drop as we move from emotion recognition benchmarks,
recorded in controlled lab environments, to in-the-wild data, and
finally to the highlight detection tasks in which the GIFs are not
guaranteed to contain strong facial expressions (e.g., the GIF can
come from an interesting pose). Moreover, we only perform ex-
periments on datasets in which faces carry important predictive
signals. Hence, whether the framework can be extended to other
human behaviors (e.g., poses or gestures) is an open question. Lastly,
we only evaluate the effectiveness of SAAML on the AV-HuBERT
architecture, mainly because it is the first architecture proposed
and pre-trained on video recordings of speech. Although there are
other audiovisual pre-trained encoders for different types of tasks
[43, 87], we lack the computational resources to retrain them on
large-scale datasets of human social behavior.

6 CONCLUSION

We propose a novel SAAML framework to adapt existing pre-
trained encoders for affective downstream tasks. The framework
utilizes metric learning to retrieve a large amount of emotional
audiovisual speech from unlabeled video recordings to adapt pre-
trained encoders to the affective domain. Experimental results show
that SAAML consistently boosts the performance of the original
encoder on a wide range of affective tasks, including audiovisual
emotion recognition, facial expression recognition in-the-wild, (af-
fective) highlight detection and continuous emotion recognition.
We demonstrate the usefulness of exposing pre-trained encoders
to affective data to enhance their awareness of social signals.
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SAAML: A Framework for Semi-supervised Affective Adaptation via Metric Learning

A MORE IMPLEMENTATION DETAILS

For the MSP-IMPROV and CREMA-D results, the AW-HuBERT
models are adapted on a single source dataset (i.e, MSP-IMPROV as
the source dataset when AW-HuBERT is later tested on CREMA-D
and vice versa). For the remaining tasks, we use both the CREMA-
D and MSP-IMPROV datasets as the source dataset to perform
adaptation with the SAAML framework and create a single AW-
HuBERT model.

A.1 Facial Expression Recognition

For the visual modality, we use the cropped and aligned frames
provided with the AffWild2 dataset [40]. In particular, the frames
are cropped according to the detected face bounding boxes and
aligned via a similar transformation on detected facial landmarks.
For the textual modality, we first transcribe the provided audio files
via IBM Watson Speech-to-text to get transcriptions with times-
tamps and use a frozen RoBERTa language encoder [48] to extract
linguistic information from video segments.

We perform classification at a frame level. Specifically, cropped
frames, audio, and spoken words from two seconds around the
current frames are chosen as the context for the classification of
the current frame. Without the textual information, our classifier
is simply the AV-HuBERT [68] architecture, followed by a mean-
pooling layer and a fully-connected layer to make facial expression
predictions. To make it easier to compare to prior work [88], e.g.,
removing the textual modality, we test our models’ performance on
the Validation set of AffWild2 [40], and use 20% of the Train set for
validation. We train our models using an Adam optimizer [39] with
a learning rate of 1e~> for the AV-HuBERT encoder and 1e~3 for
the fully-connected prediction layer for 5 epochs. We use a batch
size of 64 and train each model on 4 V100 GPUs to speed up the
training process, which took us around 12 hours per model. We use
a weighted dataset sampler to reduce the impact of class imbalance.
Following prior work on Video Highlight Detection that uses frozen
encoders to extract features from video segments [21, 27, 84], we
also use our FAV-HuBERT encoder for feature extraction only. How-
ever, unlike the MSP-IMPROV, CREMA-D, and AffWild2 datasets
that only contain frames of one active speaker, there can be multiple
speakers appearing in each video in the Video2GIF and PHD-GIF
datasets. To address this issue, we split the extracted frames from
the Video2GIF and PHD-GIF datasets into patches of size 88 x 88
(the input image size for the AV-HuBERT architecture), extract the
features for each sequence of patches, and later concatenate the
extracted features to generate a representation for the whole video
segment.

As mentioned, we use the SL-module [84] to make predictions
on whether a segment is highlighted or not, given the extracted
representations from pre-trained encoders. Other than the feature
extractor, the SL-module consists of a Transformer encoder [78] fol-
lowed by a scoring model C of fully-connected layers to predict the
highlight score for each video segment. Following Xu et al. [84], we
use a Transformer encoder with 5 layers and 8 self-attention heads.
The scoring model C consists of FC layers of size {depnc, 1024, 256}
with a ReLU activation in-between each FC layer. depc = 4096 for
C3D [74] pre-trained on UCF101 dataset [71] feature extractors and

denc = 768 X p for FAV-HuUBERT feature extractors with p being the
number of image patches per frame. The SL-module is optimized
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based on a KL-divergence loss between the softmax-normalized
predicted video highlight score distribution and the ground-truth
distribution. As in [84], we use an SGD optimizer with a learning
rate of 1e~3, momentum of 0.9, and weight decay of 5¢* to train
our highlight detection models for 20 epochs.

A.2 Continuous Emotion Recognition

Preprocessing. For both datasets, we follow the pre-processing
pipeline of AV-HuBERT [68] to obtain cropped and aligned faces.
We downsample the video recordings to 25FPS and audio recordings
to 16kHZ to match the sampling rate of AV-HuBERT pre-training.
For both datasets, we use a window of 200 continuous frames (8s)
and a step size of 100 frames. We provide an empirical analysis
of the effect of window sizes on performance in section B3. For
the SEMAINE dataset, we focus our analysis on the users’ Solid
SAL recordings [51] with at least 6 raters to ensure high-quality
annotations. We follow the evaluator weighted estimator-based [24]
method, as done in [62], to aggregate ground-truth emotional labels.
We use the same architecture as in the Facial Expression Recog-
nition task, in which our model consists of the pre-trained AV-
HuBERT model(s) followed by a fully-connected layer to make
frame-level predictions. However, we predict labels for all frames
in a given segment (window size of 50 for the SEWA and 200 for the
SEMAINE dataset). We use the standard CCC loss (Lccc = 1-CCC)
and train two models independently (one for arousal and one for
valence estimation) with the Adam optimizer. We perform grid-
search hyper-parameter tuning with the learning rate ranging from
le — 3 to le — 6, the weight decay ranging from le — 3 to 1le — 5, and
the batch size ranging from 1 to 128. We set the maximum training
epoch to be 100 (patience=20). We use a linear scheduler with the
number of warmup steps being 5% of the total training steps. We
empirically determine that 100 is the optimal window size.

B COMPARISON WITH ADVANCED
SEMI-SUPERVISED METHODS

CREMA-D MSP-IMPROV

UA A UA
FixMatch [70] 94.28 94.31 71.57  65.19
CDAC [44] 92.10  92.07 71.18 65.31
SAAML 93.65 93.65 71.80 65.72

Table 7: Comparison with other semi-supervised methods.

Method

In semi-supervised learning, pseudo-labeling is generally im-
proved via one of the three methods, namely combining the pre-
dictions of multiple models [18, 45, 60, 82], combining multiple
predictions of the same model during the training process such as
iterative pseudo-labeling [5, 14], and input augmentations [9, 44, 70].
The first two approaches usually suffer from space and time con-
straints on large target datasets. Hence, we compare SAAML with
augmentation-based semi-supervised learning methods due to the
relatively lighter computational resources required. In particular,
we compare our approach with two methods, namely FixMatch [70]
and CDAC [44].

Sohn et al. [70] proposed FixMatch, which trains a model to match
the pseudo-labels of weakly-augmented and strongly-augmented
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unlabeled inputs. We adapt the idea of FixMatch into our framework,
in which our emotion classifier is trained to predict the pseudo-
labels of weakly-augmented inputs given strongly-augmented in-
puts. We only apply augmentations on visual inputs, using the same
types of image augmentation introduced by Sohn et al. to our video
frames. We use the same hyperparameters as in the original paper
without any tuning.

Li et al. [44] introduce Cross-Domain Adaptive Clustering (CDAC)
for semi-supervised domain adaptation. At the core of the method
is the adversarial adaptive clustering loss that first computes pair-
wise similarities between features of unlabeled samples in a batch
and forces the pseudo-labels for the samples with pairwise feature
similarity to be consistent. In addition, the method combines three
other types of loss: a standard cross-entropy loss for the labeled sam-
ples, a pseudo-label loss that predicts the pseudo-labels of original
unlabeled samples given augmented inputs, and an L2-based consis-
tency loss that encourage feature similarities between augmented
versions of the same input. We follow the same experimental set-
tings as in the original paper and only apply augmentation to the
visual inputs. Since we do not have labels on the target dataset (i.e.,
VoxCeleb2), we drop parts of CDAC that involve labeled samples
from the target domain.

Table 7 shows the performance comparison between SAAML
and the semi-supervised learning methods. We can see that more
advanced pseudo-labeling methods do not necessarily lead to bet-
ter performance. In particular, performing adaptive pre-training
with CDAC leads to slightly reduced performance while FixMatch
results in better performance on CREMA-D but worse performance
on MSP-IMPROV (with small margins). We attribute this observa-
tion to the fact that our retrieved unlabeled samples are of high
confidence (Equation 5), so it is relatively easy to re-match the
pseudo-labels of these samples to the labels of the source samples
despite the involvement of augmentations. Furthermore, as our
(retrieved) samples already formed clusters in the embedding space
via metric learning, most of the losses in CDAC (adversarial adap-
tive clustering loss, consistency loss, and pseudo-label loss) become
trivial to learn, which could negatively impact the adaptation pro-
cess. Therefore, our naive pseudo-labeling method delivers both
simplicity and effectiveness.

C HYPER-PARAMETER TUNING

C.1 Choice of metric-learning loss

MSP-IMPROV CREMA-D

Acc.T DB-idx | | Acc.T DB-idx |
TripletLoss [67] 58.9 6.5 70.2 5.4
AngularLoss [80] 60.4 5.3 76.1 4.6
CircleLoss [73] 59.7 7.6 73.9 5.2
LM-SoftmaxLoss [47] | 62.5 5.2 74.3 3.9
SphereFaceLoss [46] | 62.8 49 75.7 4.1
MultiSimLoss [81] 64.3 438 76.5 3.7

Table 8: Metric learning loss comparison.

Table 8 shows the performance comparison between the chosen
Multi-Similarity loss [81] and other types of metric learning loss

provided by the pytorch-metric-learning library [56]. For efficiency,
hyper-parameter tuning is performed when the pre-trained en-

coder is frozen. We can observe that on both the MSP-IMPROV and
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CREMA-D datasets, the Multi-Similarity loss outperforms other
types of loss by a considerable margin on both the classification
accuracy (1.5% on MSP-IMPROV and 0.4% on CREMA-D dataset)
while maintaining more robust cluster quality with the lowest DB-
index on both datasets. These findings motivate our usage of the
Multi-Similarity loss to perform expressive speech retrieval. It is
worth noting that the DB-indexes in Table 8 are better than in
Figure 4 due to within-corpus training.

C.2 Choice of Acg

Ack MSP-IMPROV CREMA-D

Acc.T DB-idx | | Acc.T DB-idx |
0 62.3 4.4 73.1 3.5
0.25 | 63.5 4.5 74.6 3.5
0.5 64.3 4.8 76.5 3.7
0.75 | 644 4.9 77.2 3.9
1 64.7 5.1 77.9 4.1

Table 9: Performance comparison with different values of
ACE-

Table 9 shows the performance comparison of the Embedding Pro-
Jjector with different values of Acg. For efficiency, hyper-parameter
tuning is performed when the pre-trained encoder is frozen. We can
observe that as the value of Acf increases, the models’ classification
accuracy increases at the cost of worse cluster quality, as the cross-
entropy classification loss Lcg gains more weight with respect to
the overall loss. Generally, we can observe the best trade-off at
around Acg = 0.5 for both the MSP-IMPROV and the CREMA-D
datasets, as increasing Acg gains marginal accuracy while decreas-
ing Acg receives results in steep cluster quality drops.

D AFFECTIVE ADAPTATION FOR
AUDIO-HUBERT

Method CREMA-D MSP-IMPROV
A UA A UA
Audio-HuBERT 7778 775 6414 5856
Audio AW-HuBERT 83.95 84.01 66.55 62.60
-Lpc 82.87 8249 64.87 60.40
-Lpr 8241 8286 6552 59.55
-Lgc 81.64 8149 6593 61.36

Table 10: Results for Audio-HuBERT adaptations.

We provide the adaptation results for the Audio-HuBERT en-
coder [32] in Table 10. We can see that the Audio AW-HuBERT
models show consistent improvements compared to the original
Audio HuBERT encoder on both datasets, which further demon-
strates the usefulness of the SAAML framework in a single-modality
setting. However, unlike the Audio-visual ablation results, the pre-
training loss Lpt seems to contribute less to the performance boost
in the audio-only setting. In particular, dropping the pre-training
loss only results in a drop of 1.54% and 1.03% on Weighted Accuracy
for CREMA-D and MSP-IMPROYV, respectively, i.e., it is no longer
the most important loss term out of the three.
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