CVPR
#6241

001
002
003
004
005
006
007
008
009
010
011
012
013
014
015
016
017
018
019
020
021
022
023
024
025
026
027

028

029
030
031
032
033
034
035
036

CVPR 2025 Submission #6241. CONFIDENTIAL REVIEW COPY. DO NOT DISTRIBUTE.

AVF-MAE++: Scaling Affective Video Facial Masked Autoencoders via
Efficient Audio-Visual Self-Supervised Learning

Anonymous CVPR submission

Paper ID 6241

Abstract

Affective Video Facial Analysis (AVFA) is important for ad-
vancing emotion-aware Al, yet the persistent data scarcity
in AVFA presents challenges. Recently, the self-supervised
learning (SSL) technique of Masked Autoencoders (MAE)
has gained significant attention, particularly in its audio-
visual adaptation. Insights from general domains suggest
that scaling is vital for unlocking impressive improvements,
though its effects on AVFA remain largely unexplored. Addi-
tionally, capturing both intra- and inter-modal correlations
through robust representations is a crucial challenge in this
field. To tackle these gaps, we introduce AVF-MAE++, a
series audio-visual MAE designed to explore the impact of
scaling on AVFA with a focus on advanced correlation mod-
eling. Our method incorporates a novel audio-visual dual
masking strategy and an improved modality encoder with a
holistic view to better support scalable pre-training. Fur-
thermore, we propose the Iteratively Audio-Visual Corre-
lations Learning Module to improve correlations capture
within the SSL framework, bridging the limitations of prior
methods. To support smooth adaptation and mitigate over-
fitting, we also introduce a progressive semantics injection
strategy, which structures training in three stages. Exten-
sive experiments across 17 datasets, spanning three key
AVFA tasks, demonstrate the superior performance of AVF-
MAE++, establishing new state-of-the-art results. Abla-
tion studies provide further insights into the critical design
choices driving these gains. The code will be released soon.

1. Introduction

Affective Video Facial Analysis (AVFA) aims to detect and
interpret human affective states from facial videos, which
has great application values in fields such as HCI [50] and
dialogue systems [56]. Since audio-visual cues (e.g., facial
expressions and prosody) predominantly contribute to 93%
of emotional perceptions [46, 72], audio-visual AVFA has
made rapid progress over the past decades. With the fast de-
velopment of deep learning and numerous datasets, super-
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Figure 1. Performance comparisons of AVF-MAE++ and state-of-
the-art AVFA methods on 17 datasets across CEA, DEA, and MER
tasks. Notably, we report the averaged results over dimensions on
both Werewolf-XL [79] and AVCAffe [55] datasets.

vised deep models have been the mainstream paradigm for
AVFA [29, 80, 81]. Although supervised learning has made
great strides, it fatally requires large-scale labeled data. Fur-
thermore, it is extremely expensive and time-consuming to
annotate high-quality emotions [73].

A natural intuition is to utilize abundant unlabeled video
data to compensate for the AVFA data scarcity. As a re-
sult, self-supervised learning (SSL) methods for AVFA has
drawn massive attention, particularly Masked Autoencoders
(i.e., MAE) [28]. Specifically, MAE aims to reconstruct the
raw data from masked facial videos, leading to the emer-
gence of various visual and audio-visual AVFA MAE meth-
ods [58, 60, 61]. Meanwhile, following the promising find-
ings in image and language domains [2, 28], VidleoMAE
V2 [67] has shown that scaling model capacity and data size
are essential for exhibiting remarkable performance gains.
However, very few work has explored the scaling prop-
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erties of MAE pre-training for AVFA, which is more se-
vere in audio-visual field. While [60, 61] provides models
with varying capacities, their largest size generally reaches
the ten-million scale, lagging behind those in general do-
mains. More importantly, a key aspect for scalable audio-
visual MAE pre-training is the effective capture of intra-
and inter-modal correlations through robust representations
since the prevalent audio-visual co-expressions of emotions.
Nonetheless, existing AVFA methods under SSL manner
still have limitations in capturing correlated cues [73, 89].

To fill these gaps, we aim to explore the scaling proper-
ties of audio-visual MAE for AVFA, with a focused empha-
sis on capturing intra- and inter-modal correlations, pushing
the performance limits across diverse downstream datasets.
Building upon HICMAE [60], we scale the audio-visual
MAE and further conduct million-level data scaling for the
pre-training stage to harness their full potential. In addi-
tion, we design related components to explicitly enhance
the capture of audio-visual correspondences, addressing the
dilemma faced by existing AVFA methods. However, we
still need to carefully tackle several issues as below:

(1) Computational costs and memory consumptions re-
main the primary bottlenecks in scaling audio-visual MAE.
Although [60] adopts the asymmetric encoder-decoder de-
sign from [62], it still struggles to fully support the pre-
training for large-scale models. Inspired by the dual mask-
ing strategy for the asymmetric architecture from [67],
we adaptively present the audio-visual dual masking strat-
egy, leading to a more efficient audio-visual self-supervised
proxy task. Meanwhile, the vanilla global space-time at-
tention mechanism incurs quadratic scaling costs, and large
redundancy (e.g., facial symmetry) exists in 3D facial video
data, rendering the expenses suboptimal. We thus flexibly
introduce a local-global interaction attention paradigm for
modality encoders, while elevating the holistic view to com-
pensate for its weakness in global information flow. (2) A
huge number of unlabeled data is still required to facilitate
scalable pre-training. Unlike affective analysis in images,
existing AVFA datasets are typically smaller in scale. To
tackle this, a simple solution is to mix the unlabeled video
data from multiple sources. Following [58, 60], we mainly
mix datasets towards speaker recognition and successfully
build a large-scale pre-training dataset with around 1.36M
clips. (3) Previous methods commonly utilize self-attention
and cross-attention components to build correlations mod-
eling layers, leading to inadequate cross-modal interactions
and a lack of hierarchical aggregative integrations across
multi-semantic scales. Besides, they often neglect the role
of multi-modal features in learning comprehensive repre-
sentations. To this end, we propose the IAV-CL Module
(Iteratively Audio-Visual Correlations Learning Module),
which effectively promotes the capture of audio-visual cor-
relations. (4) A key challenge for SSL methods is smoothly

adapting the pre-trained models to downstream datasets.
Directly performing fine-tuning on small-scale downstream
datasets often leads to severe overfitting, hindering the full
potential of pre-trained models. Therefore, we propose the
progressive semantics injection (PSI) strategy that leverages
supervised hybrid datasets from diverse sources to act as a
bridge between pre-training and downstream fine-tuning.

Based on the above analysis, we propose a series audio-
visual MAE termed AVF-MAE++. By leveraging the dual
scaling in both model capacity and data size, along with
the introduced IAV-CL Module, we further present the
PSI strategy to construct a three-stage progressive train-
ing pipeline. The overall pipeline consists of large-scale
audio-visual masked pre-training, post-pretraining on su-
pervised hybrid datasets, and targeted fine-tuning on down-
stream datasets. To verify the effectiveness of our method,
we conduct extensive pre-training and evaluate model per-
formance across three key downstream tasks involving 17
datasets. As illustrated in Fig. 1, our AVF-MAE++ outper-
forms various state-of-the-art supervised or self-supervised
approaches. Remarkably, AVF-MAE++ is the first method
to surpass 60% WAR on MAFW (11-class) [42] dataset.

In addition to advancing AVFA, our work also con-
tributes to research in MLLMSs [13], talking face genera-
tion [68], and deepfake detection [69]. Our main contribu-
tions are three-fold: (1) We introduce AVF-MAE++ to ex-
plore the scaling properties of audio-visual MAE for AVFA,
incorporating efficient dual scaling and a progressive adap-
tation strategy. As pioneers, we strive to lay a solid founda-
tion for future research. (2) Departing from previous meth-
ods, we adaptively introduce a local-global interaction at-
tention paradigm enhanced with a more holistic perspective.
We further propose the IAV-CL Module to explicitly im-
prove the capture of intra- and inter-modal correlations. (3)
Extensive experiments across 17 datasets, spanning three
AVFA tasks, verify the effectiveness of AVF-MAE++. We
also justify the design choices of our method by ablations.

2. Related Work

Audio-visual AVFA. Most studies on audio-visual AVFA
fall into the supervised learning paradigm [23, 73], primar-
ily focusing on two important aspects: uni-modal feature
extraction and audio-visual information fusion. With the
progress of deep learning, various video and audio feature
extractors have been developed [43, 66, 82]. Recently, the
success of self-supervised learning in general domains has
spurred the emergence of large pre-trained models, achiev-
ing significant results in emotion analysis [30, 58, 61]. Re-
garding audio-visual information fusion [45, 60], model-
level fusion is the most widely adopted strategy, mainly
building upon the self-attention and cross-attention com-
ponents [59, 64, 81]. Despite promising results, most of
the above audio-visual AVFA methods are under the super-
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vised learning manner, which are severely constrained by
the scarcity of labeled emotion data and domain shifts.
Masked Audio-Visual Modeling. Masked data modeling
learns representations by reconstructing the masked por-
tions of input. Previous works [25, 33, 71] have extended
this learning approach to the audio-visual domain, demon-
strating impressive results across a variety of downstream
tasks. Among them, MAE-style methods have attracted sig-
nificant interests due to their efficient data learning capabil-
ities [22, 24, 47]. However, the representations learned by
these methods are typically unsuitable for AVFA, as they are
not specifically trained on facial video data. Recently, VQ-
MAE-AV [54] introduces a vector-quantized MAE tailored
for audio-visual AVFA, and Sun et al. [60] present HiC-
MAE with a three-pronged learning strategy. Despite these
advancements, the scaling properties of MAE-style meth-
ods have not been thoroughly explored for audio-visual
AVFA, leaving substantial gaps. In addition, there is still
room for improvement in the correlations capture of above
methods. In this paper, we introduce AVF-MAE++, aiming
to bridge these gaps and promote the progress of AVFA.
Masked Autoencoders Scaling. Building upon the foun-
dational success of MAE, researchers have widely explored
its scaling properties across various fields. SimMIM [75]
studies the data scaling capability of masked image mod-
eling. VideoMAE [62] and MAE-ST [21] have trained the
huge video transformers with millions of parameters, while
VideoMAE V2 [67] scales the VideMAE [62] in both model
capacity and data size. Han et al. [26] propose the Efficient
MAE with a novel loss and a new masking strategy. Singh
et al. [57] present an additional pre-pretraining stage to im-
prove model initialization. In AVFA, some works have ini-
tially explored the scaling properties of MAE [58, 60, 61],
but they primarily focus on limited model scaling, with min-
imal exploration of data scaling. To this end, we scale
audio-visual MAE in terms of both model capacity and data
size with the currently largest AVFA pre-training dataset.

3. Methodology

In this section, we begin by revisiting the foundational work
HiCMAE [60] in Sec. 3.1. We then introduce the audio-
visual dual masking strategy (Sec. 3.2), improved modality
encoder (Sec. 3.3), and the IAV-CL Mdoule (Sec. 3.4), as
shown in Fig. 2. Finally, we elaborate on the details of dual
scaling and the progressive adaptation strategy (Sec. 3.5).

3.1. HICMAE Revisited

HiCMAE [60] follows the asymmetric encoder-decoder ar-
chitecture of [28] and proposes a three-pronged hierarchical
strategy. Next, we briefly revisit its implementation details.
Data Embedding. A cube embedding layer and a patch em-
bedding layer are first utilized to divide X, € RT» xH*xWx3
and X,, € RT+*F leading to token lists: X, = ®?, , (Xy)

and X, = ®¢ ,(X,), where X, = {X/}" and X, =
(X } e, are the token sequences, (X, X7) € R are
the tokens output by the embedding layers and then added
with positional embeddings. Here, N, = L x £ x % and
N, = % X % refer to the lengths of video and audio token
sequences, while C' denotes the feature channels.
Token Masking. HiICMAE deploys the tube masking and
random masking for the video and audio branches, using
high masking ratios (p, = 90% and p, = 80%). Next, only
the visible tokens X, and X, will run into the encoder,
where X, = {X}ic1-m(p,))» Xo = {XF}je1-1(p,))»
and their token lengths are N, = 0.1N,, and N = 0.2N,.
M(p,) and M(p,) here are the audio-visual masking maps.
Encoder. The encoder of HHCMAE simply operates on the
visible tokens X;,/ and X;/ with two modality-specific en-
coders and a cross-modal fusion encoder: E,_,,, E,_,
= v (pY (X)), e (X)), where the modality en-
coders are vanilla ViT [17], and the fusion encoder is mainly
implemented using multi-head cross-attention components.
Decoder. The video and audio decoders, including hierar-
chical skip connections, respectively take the combined to-
kens as inputs and reconstruct data with narrower and shal-
lower ViT: X,,, = &7 (E,), where the combined tokens
E¢ is the concatenated sequence of encoded tokens E,_,,
and the learnable masked tokens [MASK],, (with position
embeddings), the token length N¢ = N,,,, and m € {a, v}.
Pre-training Loss. The pre-training object is to minimize
the combination of modality-specific Mean Square Error
(MSE) Losses and the introduced HCMCL Loss [60], i.e.,
N.
L= (Lhse + Laise) + A D Lunoxce (el ef), (1)
k=1

where A is the weight factor, IV, is the number of selected
enocder layers in hierarchical skip connections, and e,kn isa
batch of sample-level features to adopt HCMCL Loss.
Downstream Fine-tuning. After pre-training, the overall
encoder incorporating hierarchical feature fusion will be de-

ployed to targetedly fine-tune on the downstream tasks.

3.2. Audio-Visual Dual Masking Strategy

As analyzed in Sec. 3.1, the decoders of HICMAE need
to process the overll tokens, leading to large redundancy.
Recently, VideoMAE V2 [67] introduces the dual masking
strategy, where the decoder takes inputs from the visible to-
kens under the encoder mask M, = M. (p°) and part of
the remaining tokens visible under the decoder mask M; =
M (p?), leading to more efficient video pre-training.
Inspired by this insight, we present the audio-visual dual
masking strategy, including encoder masking M, and de-
coder masking M, for both audio and video branches, as
illustrated in Fig. 2 (a). Specifically, the encoder masking
M7 keeps consistent with HICMAE [60]. For MY, we fol-
low [67] to adaptively adopt the running cell masking [52]
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Figure 2. The overall illustrations of AVF-MAE++. (a) The pre-training pipeline with our new audio-visual dual masking strategy. (b) The
improved modality encoder. (c) IAV-CL Module. (d) & (e) The dense interaction and evolutionary refinement layers of one DiER Unit.

to boost information complement in this partial reconstruc-
tion. Regarding MY, we also deploy the random masking
since the prior knowledge in [32] indicates that audio MAE
learns easily by predicting nearby contexts. Following [67],
p® of M for both audio and video branches are 50%. With
this introduced dual masking strategy, the new combined
token sequence for modality decoder can be formulated as:
E7, = Epm U{M" }icum, (2)
where E;;_,,,, denotes the latent features from encoder,
M" is the learnable masking token with related positional
embeddings, and m € {a,v}. With this updated sequence
E{,, decoder only regards the visible tokens as the recon-
struction targets. The final MSE Loss can be given as:
1 . .
mo Xt Xt 2 3
MSE (1_P%)Nm Z-GM;M?| m m| ’ ( )
where X,,, and X,,, denotes the original input and the re-
constructed output of audio-visual modalities, respectively.

3.3. Improved Modality Encoder

The large redundancy in facial videos, coupled with the
heavy computations of global space-time self-attention in
vanilla ViT [17], impedes efficient large-scale pre-training.
Motivated by this, we adaptively adopt and improve the
LGI-Former [58] for the uni-modal encoder since its effec-
tiveness in reducing computational costs. For simplicity, we

describe only one encoder layer during fine-tuning, which
mainly differs from the pre-training stage in the number of
visible tokens per region. The original LGI-Former [58] is
proposed for video, which can be decomposed into three
stages: (I) local intra-region self-attention, (II) global inter-
region self-attention, and (III) local-global interaction.

In stage I, the 3D tokens X, € R % X 16 % 15 C s first di-
vided into K non-overlapping local spatio-temporal regions
of equal size Z,, = t X h X w, leading to X;i € R%v*C and
X; is then added with a learnable region token S; € R**¢
(Ge{l,2,.,K}, K= %). The self-attention then oper-
ates on their concatenation to promote local-aware features
learning and aggregate information into the region token S;:

X, = MHSA(LN(C(S;. X,,))) +C(S:.X,,), ()
where X, € R(Zv+DxC MHSA(-) is the vanilla multi-
head self-attention, LN(-) and C(-) denote layer normal-
ization and concatenation operation. In stage II, all the
region tokens {S;}X , are first aggregated, self-attention
is then employed to exchange inter-region information be-
tween different regions with negligible costs, i.e.,

S = MHSA(LN(C(S;,

ey SK))) + C(Sl7 ey SK)7 (@)

where S € RE*C is the aggregated region tokens. So far,
the region token S; has been consolidated by discriminative
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information from other regions, holding a global perspec-
tive of the overall input tokens. As a result, in stage III,
multi-head cross-attention between X;i and S is explicitly
exploited to enable the original local tokens to access the
global-aware selective information, i.e.,

X, = MHCA(LN(X,,),LN(S)) + X,,,  (6)

where MHCA(+) refers to the vanilla multi-head cross-
attention. Additionally, since the region tokens are im-
portant to the global evolutionary information flow across
multiple encoder layers, which should emphasize the more
holistic master for the local-aware intra-region information,
we thus introduce the stage IV (global-local interaction):
S = MHCA(LN(S),LN(X,,)) + S. (7
Subsequently, both local and region tokens run through
the feed-forward networks (FFNs) to perform further refine-
ments. When applying this encoder to the audio branch, the
main difference is the patch embedding layer outputs 2D to-
kens X; € Ritx%s X leading to different region shape.
In stage I, we split X; into K non-overlapping local regions
of equal size Z, = h, X w,, resulting in X;i € RZxC
¢ e{,2,...K}, K = %). After region division, the
remaining process keeps consistent with the video branch.
Finally, we take the region tokens (S,,,S,) € RE*¢ as the
outputs from one encoder layer, and the overall modality
encoders both consists of IV; sequentially stacked layers.

3.4. Iteratively Audio-Visual Correlations Learning

As illustrated in Fig. 2 (c), we present the IAV-CL Module,
which incorporates the Dense Interactions and Evolutionary
Refinement (DiER) Units, as well as the Hierarchical Ag-
gregations and Feedback Enhancement (HAFE) Layer, aim-
ing to iteratively capture the complementary correlations.
During fine-tuning, we first stack {S7,S7}M leading
to the uni-modal features (F,,, F,) € RE*NixC We then
utilize the learnable layer weights to dynamically unify fea-
tures across different encoder layers followed by concate-
nation to output the original multi-modal feature FY, , i.e.,

N[ Nl
F), =C(>_afF.,, Y afF.), ®)
=1 =1

where FO, € REx2C SN am — 1 We then simply use
poolings to reshape F, and F,, as (F., Fl) € RE*C The
DiER Unit is proposed to perform dense audio-visual inter-
actions and evolutionarily refine the multi-modal feature in
the simultaneous manner, which is detailed as follows:

Dense Audio-Visual Interactions. Considering that se-
quentially connecting MHSA and MHCA blocks [12, 60]
supports dense audio-visual interactions insufficiently, we
adopt the parallel arrangement, as illustrated in Fig. 2 (d).
Specifically, we first concatenate the parallel outputs of

the complete attention blocks along the channel dimension,
then compute the channel-wise attention scores to perform
refinement via a linear layer and a sigmoid function. Next,
we use summation to output the densely interacted features:

F., =0 (W.Fi +bo)F;, +0 (W.Fi¢ +b.)FS,, (9)
F$, = MHSA(LN(F,,)) + F,,, (10)
F¢, = MHCA(LN(F,,), LN(F.))) + F.,, (11)

where Fi¢ = C (F$,,F¢)), o(-) is sigmoid function, F2, €
REXC W, and b, (x € {s, ¢}) are learnable parameters.
Evolutionary Refinement (ER) Layer iteratively refines
the multi-modal feature, leading to the following feedback
enhancements of correlations capture. We first simply em-
ploy the linear layer to transform F, into F € RE*C,
then attend F!, to audio-visual features using the single-
head cross-attention (SHCA) block, which dynamically ag-
gregates uni-modal useful information into F} , as illus-
trated in Fig. 2 (e). Inspired by [31], the convolutional block
incorporating one 1 x 1 convolution followed by the Batch
Normalization and PReLU sub-layers is then introduced to
generate the residual features R, and R.,,, which discrimi-
natively learn invariant audio-visual representations, i.e.,

R,, = Conv(Att(F! F2 F2)), (12)

av?

where Conv(-) and Att(-) refer to the convolutional and
SHCA blocks. Next, we sum multi-modal feature with R,,,
to produce features with highly correlated information:

F,, =LN(Fi ' +RET+ R, (13)

where k € {2,..., N.} is the unit index. The parameters of
each ER Layer are shared to facilitate evolutionary refine-
ments. Finally, the outputs {F2 , F2 } ", of all the units are
preserved as features at multi-semantic scales, while F2V¢
will be utilized for the following feedback enhancement.

We then present the HAFE Layer to hierarchically ag-
gregate preserved features and promote correlated relation-
ships modeling in reverse. Since features across units have
distinct semantic scales, simply using poolings integrates
the hierarchical representations inadequately. We thus first
stack {F%n}f\icl along N, to merge the scale-aware fea-
tures, then deploy the unit-level MHSA followed by FFNs
to provide aggregatively contextual integrations, which fur-
ther considers the intra-modal correspondences, i.e.,

Ym = MHSA(LN(F?, ) + F* | (14)
where F, = Stack(F2, ,....,F2 ). To select the most

useful representations, we first appiy the linear projection
and sigmoid function to dynamically assign weights across
different granularities. The weighted summation is then
conducted to output the compatibly integrated features, i.e.,

NC
F3, =) o0 (W.-qh +by) -2k (15
=1
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Stage \ Task Dataset #Emos Num AC
Pre-training \ - Unlabeled Hybrid - 1,360,531 Mix
Supervised CEA Labeled Hybrid 13 31,218 Mix

Post-pre-training - MER Labeled Hybrid 3 1,007 Lab
11 9,172 Wild

CEA MAFW [42] 03 8996  Wild

CEA DFEW [34] 7 11,697 Wild

CEA MER-MULTI [38] 6 3,784 Wild

CEA MER24-T&V [39] 6 5030 Wild

CEA IEMOCAP [4] 4 5,531 Lab

6 7,442 Lab

Targeted CEA  CREMA-DI[6] 4 4896  Lab
Fine-tuning CEA RAVDESS [44] 8 1,440 Lab
CEA  MSP-IMPROV [5] 4 7,798 Lab

DEA Werewolf-XL [79] 3 14,632 Lab

DEA AVCATffe [55] 2 58,112 Wild

MER SAMM [16] 3 133 Lab

MER CASME 11 [76] 3 145 Lab

MER SMIC [37] 3 164 Lab

MER CAS(ME)? [36] 3 943 Lab

MER MMEW [3] 3 300 Lab

Table 1. The statistics of data utilized for three training stages.
AC: Acquisition Condition. Mix: Wild & Lab Environments.

Afterwards, we deploy MHCA followed by FFNs to fa-
cilitate the complementarily correlated information learning
with F% under feedback manner, which can be given as:

F! = MHCA(LN(F3 ) LN(FYe)) + F2 . (16)

Finally, we utilize poolings along the token dimension to
reshape features as F4 € R, followed by concatenation
and a specific linear layer to output the final results F'y of
the overall tuned model. For the downstream classification
and regression tasks, we respectively use the cross-entropy
and mean square error losses. During pre-training, the main
difference is the visible token number of input features.

3.5. Dual Scaling and Progressive Training

Model Scaling. The model capacity is the foremost force
in improving performance. Following the scaling behaviors
of [60, 62], we scale the capacity of AVF-MAE++ by con-
structing uni-modal encoders of varying dimensions, atten-
tion heads, and depths, leading to three versions (i.e., Base,
Large, and Huge), which are detailed in the supplementary
material. The stacked number of our IAV-CL Module re-
mains constant. Besides, we adhere to [60, 67] by using
lightweight vanilla ViT [17] as decoder, while keeping the
decoder capacity consistent across different model versions.
Data Scaling. We construct an unlabeled hybrid cross-
linguistic facial video dataset to better support audio-visual
MAE pre-training, originating from CN-Celeb series [20],
MER2024 [39], VoxCeleb2-dev [15], AV-Speech [18], and
CelebV-HQ [88], as illustrated in Tab. 1. After collection,
we filter and crop videos using the pre-processing pipeline
from [7] to reduce redundancy, resulting in a hybrid pre-
training dataset with 1.36M clips. To our knowledge, this
is the largest dataset utilized for AVFA self-supervised pre-
training. More details are shown in supplementary material.
Progressive Adaptation Training. Compared to [62, 67],
the non-overlapping data distributions between the pre-

training and fine-tuning stages in AVFA, along with the lim-
ited fine-tuning data, lead to the adaptation and overfitting
challenges, restricting the full potential of pre-trained mod-
els. To tackle this, inspired by [2, 67], we propose the pro-
gressive semantics injection (PSI) strategy, which incorpo-
rates supervised semantic signals from multiple sources to
help pre-trained models gradually adapt to the downstream
tasks, leading to a three-stage training pipeline. Concretely,
we first conduct self-supervised pre-training on the unla-
beled hybrid dataset. We then perform supervised post-pre-
training on the labeled hybrid datasets to inject downstream
semantics into pre-trained models. As displayed in Tab. 1,
the labeled hybrid datasets are built by merging datasets for
different downstream tasks and aligning their label seman-
tics. Finally, we fine-tune models on targeted datasets to
transfer the general semantics to task-specific knowledge.

4. Experiments
4.1. Downstream AVFA Tasks

To demonstrate the effectiveness and generalizability of the
AVF-MAE++, we conduct extensive experiments on multi-
ple datasets for three key AVFA tasks, as shown in Tab 1.
Categorical Emotion Analysis (CEA). CEA is the most
common AVFA task, aiming to classify each sample into a
predefined category. Following [60], we conduct detailed
analysis on this task to explore the scaling properties of
audio-visual MAE. We employ UAR, WAR, and WA-F1 as
the metrics to evaluate performance across ten datasets.
Dimensional Emotion Analysis (DEA). DEA continu-
ously represents the affective states, leading to more fine-
grained emotional annotations. Following [60, 61], we uti-
lize AVCAffe [55] and WereWolf-XL [79] to verify the su-
periority of AVF-MAE++. The evaluation metrics for [55]
and [79] are WA-F1 and PCC, respectively. Besides, we
have not built the labeled hybrid dataset for DEA since the
disalignments of continuous emotional annotations.
Micro-Expression Recognition (MER). This task recog-
nizes brief and subtle facial expressions that reveal hidden
emotional states. In this paper, we deploy the UF1 metric to
evaluate performance on five representive MER datasets.

4.2. Main Results

We transfer the pre-trained representations of AVF-MAE++
on 17 targeted datasets across three downstream AVFA
tasks, as shown in Tab. 2. More comparisons and the imple-
mentation details are provided in supplementary material.

CEA. We compare with state-of-the-art CEA methods on
ten datasets. We draw the following observations: (1) The
SSL methods exhibit better performance compared to su-
pervised methods due to their powerful and efficient ca-
pabilities in learning effective AVFA representations. (2)
Audio-visual SSL methods generally surpass uni-modal
SSL ones by leveraging the complementary correlations of
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(a) MAFW (11-class)

(d) MAFW (43-class)

(h) MSP-IMPROV

Method SSL Mod. #PS UAR WAR Method SSL Mod. #PS UAR WAR Method SSL Mod. #PS UAR WAR
HuBERT [30] v A 95 2500 32.60 HuBERT [30] v A 95 536 2070 FAV-HUBERT [63] v A+V 103 61.05 68.35
WavLM-Plus[9] v A 95 26.33 34.07 WavLM-Plus[9] v A 95 551 21.09 HiCMAE [60] v A+V 81 6578 74.95
DFER-CLIP [85] v V 153 39.89 52.55 Former-DFER [84] X v 18 10.21 32.07 TAPT-HuBERT [63] v A+V 103 63.95 70.46
SVFAP [61] v V78 41.19 5428 T-MEP [81] x V5 950 3154 AW-HuBERT [63] v A+V 103 65.72 71.80
: g AVE-MAE-++* v A+V 521 170.05 76.07
MAE-DFER[5§] vV 85 41.62 5431 TESFL [12] < AtV — 903 3467
UniLearn [11] vV 101 4372 58.44 T-MEP [81] x A+V 61 1322 36.58 (i) RAVDESS
3 HiCMAE [60] v A+V 81 1329 37.36
T-MEP [81] X A+V 61 37.17 5115
MMADFER [14] v A4V - 4425 5845  AVEMAE++(B) v A+V 169 1542 4341 ~ Method SSL Mod. #PS UAR WAR
HIiCMAE [60] v AV 81 4265 5617 ~ AVEMAE+(@L) v A+V 303 15.59 4393 puBERT [30] v A 95 7415 7437
AVE-MAE++ (B) «  A+V 169 43.10 57.50 AVE-MAE++(H) v A+V 521 17.25 43.83 WavLM-Plus [9] v A 95 7528 7536
AVE-MAE++ (L) v A+V 303 4536 59.13 ¢) MER24-T&V SVFAP[61] v V.78 7515 7501
AVE-MAE++ (H) v A+V 521 46.05 60.24 © MAEDFER[58] vV 8 7591 7556
FineCLIPER [8] v T+V 20 4501 5691 Method SSL Mod. #PS WAR WA-FI VQ-MAE-AV [54] v A+V 30 _ 8480
(b) DFEW Whisper [53] x A 1550 6327 63.23 HiCMAE [60] v A+V 81 87.96 87.99
DINOV2 [49] v Vv — 5957 5844 AVF-MAE++ v A+V 512 8744 8157
Method SSL Mod. #PS UAR WAR ; .
etho o VideoMAE[62] vV 86 6493 64.50 (i) IEMOCAP
WavLM-Plus [9] v A 95 37.78 44.64 HiCMAE [60] v A+V 81 7095 70.18
S2D [10] v V9 6545 7481  AVEMAE+(B) v A+V 169 7211 7124 Mehod SSL Mod. #PS UAR WAR
MAE-DFER [58] vV 50 63.41 74.43 AVE-MAE++ (L) v A+V 303 72.33 71.64 Wav2vec20[1] v A 95 69.88 67.32
UniLearn [11] vV 101 66.80 76.68 AVE-MAE++ (H) v A+V 521 7228 71.75 HiCMAE [60] v A+V 81 6821 6836
AVBERT [35] v V37 - 4580
ﬁ‘l\é;%][m] j :’3’ o 2‘3‘-‘% 32(5)} (f) CREMA-D (6-class) AVE-MAE++ (L) v A+V 303 69.86 71.65
. O : : AVE-MAE++ (H) v A+V 512 7271 73.83
AVE-MAE++ (B) v A+V 169 63.74 7542 Method SSL Mod. #PS UAR WAR L)
AVFE-MAE++ (L) v A+V 303 65;3 764‘2‘4 HuBERT [30] v A 95 7270 7057 (k) AVCAffe
A,VF_MAE_-H_ Gy ‘/ A+V Sl 6?' 77.45 WavLM-Plus [9] v A 95 73.34 73.39 Method SSL Mod. #PS Arousal Valence
FineCLIPER [8] v I'+v. 20 6598 76.21 SVFAP [61] v \Y 78 7731 77.37
i MAE-DFER [58] v \Y4 85 77.33 77.38 VGG + MC3 [55] X A+V 47 3890 41.70
() MER-MULTI VOMAEAVET ¢ AN 3o 00 HiCMAE [60] v A+V 81 4318 4420
- - 54 + - . &
Method SSL Mod. #PS UAR WA-F1 ! AVF-MAE++ (B) v A+V 169 43.02 46.93
HiCMAE [60] v’ A+V 81 8491 84.89 AVF-MAE++ (L)* « A+V 303 4521 47.83
HuBERT-CH[78] v A 95 - 6L16 AVE-MAE++(B) v A+V 169 85.10 85.09 AVE-MAE++ (H)* v A+V 521 4725 49.66
ResNet-FER [27] x V26 - 5744 AVF-MAE++ (L) v A+V 303 85.69 85.60
MANet [86] x V. 51 - 5619 AVE-MAE++ (H) v A+V 521 86.02 85.95 (1) Werewolf-XL
[27] + [78] v AsV 121 - 69.11 (g) CREMA-D (4-class) Method SSL  Arousal Valence Dominance
[86] +[78] v A+V 146 - 7032 eGeMAPS [19] x 2345 8.8 31.15
HICMAE[60] v A+V 81 6415 7133  _Method SSL Mod. #PS UAR WAR © UGGFace(51] x 724 6296 1430
AVF-MAE++ (B) v A+V 169 64.87 69.56 AW-HuBERT [63] v A+V 103 93.65 93.65 SVFAP [61] v 2351 6711 34.61
AVE-MAE++ (L) v A+V 303 6634 70.79 HiCMAE [60] v A+V 81 9400 94.13 HICMAE[60] « 3374 69.23 40.66
AVE-MAE++(H) v A+V 521 6820 72.26 AVFE-MAE++ v A+V 521 94.82 94.92 AVE-MAE++* v 4499  72.19 52.35

Table 2. Performance comparisons of AVF-MAE++ with state-of-the-art CEA and DEA methods on twelve datasets. Mod.: Modality.
#PS: Parameters in millions. A: Audio. V: Video. A+V: Audio + Video. *: The results are obtained without progressive training since the
disalignment of label semantics. —: Unavailable results. We highlight the best performance in bold and underline the second performance.

Method SAMM CASMEIl SMIC CAS(ME)> MMEW
STSTNet [40] 65.88 83.82 68.01 37.95 80.37
4-BERT [48] - 90.34 85.50 56.04 -

CapsuleNet [65] 62.09 70.68 58.20 - 67.62
EMR [41] 77.54 82.93 74.61 36.13 81.49
RCN-A [74] 76.01 85.12 63.26 39.28 -
LBP-TOP [83] 39.54 70.26 20.00 21.78 64.23
HTNet [70] 81.31 95.32 80.49 57.67 84.33
FeatRef [87] 73.72 89.15 70.11 34.93 82.11
AVF-MAE++ (B)  81.58 93.58 83.23 63.18 83.76
AVF-MAE++ (L)  82.53 94.03 83.79 67.88 83.41
AVF-MAE++ (H)  81.62 94.11 83.55 65.34 84.33

Table 3. Performance comparisons of AVF-MAE++ and state-of-
the-art MER methods in terms of UF1 (%) on five datasets.

cross-modal features to boost performance. For instance,
AVF-MAE++ exceeds UniLearn [11], which pre-trains on
both images and videos, by 2.33% UAR and 1.80% WAR
on MAFW (11-class). (3) As the capacity of AVF-MAE++
increases, the performance gains from Base to Large are
steadily obvious across all the datasets. However, the gains
from Large to Huge are much smaller on certain datasets,

aligning with the trends in general vision domains [67, 75].
(4) Despite the PSI strategy’s efforts to mitigate overfitting,
performance still declines slightly on smaller target datasets
(e.g., RAVDESS [44]), indicating that large models are par-
ticularly prone to overfitting on limited tuning data, which
remains a crucial challenge for further improvements.

DEA. We follow the analysis pipeline of HICMAE to con-
duct comparisons with previous methods on two datasets,
as shown in Tab. 2. It can be clearly seen that AVF-MAE++
outperforms baselines by large margins. Specifically, AVF-
MAE++ (H) exceeds the previous best results by 4.07%
WA-F1 in Arousal and 5.46% WA-F1 in Valence on AV-
CAffe [55]. Besides, our method exhibits the largest gain
of 11.69% PCC across dimensions on Werewolf-XL [79].

MER. To verify the general applicability of AVF-MAE++,
we further evaluate it on the MER task. Different from the
above two tasks, MER datasets generally lack audio inputs.
We thus only utilize the pre-trained video encoder to con-
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Method Time
HiCMAE [60]

Dual masking + Vanilla LGI-Former
Dual masking + Improved LGI-Former

Speedup #PS MAFW MER24

115.45h - 99 56.17 70.95
77.45h 1.49x 142 55.11 69.42
79.07h 1.46x 163 56.12 70.36

Table 4. Ablation comparisons of our dual masking & modal-
ity encoder (i.e., Improved LGI-Former) with HICMAE [60]. We
only report results in terms of WAR (%). MER24: MER24-T&V.

DiER  HAFE MAFW MER24-T&V IEMOCAP

Units  Layer yAR WAR WAR WA-FI UAR WAR
x x 4189 5631 7021 69.62 6746 69.33
v x 4258 5681 7097 7026 6856 70.02
x v 4255 5677 7065 7013  68.63 69.86
v v 4296 57.02 7140 7072 68.86 70.45

Table 5. Ablation study on the components of IAV-CL Module.

struct the overall training pipeline on five datasets. As illus-
trated in Tab. 3, AVF-MAE++ achieves competitive results,
exhibiting the largest improvement of 10.21% UFI com-
pared to HTNet [70] on CAS(ME)? [36]. Moreover, we find
that on certrain datasets, there exist sharper performance de-
clines when scaling model from Large to Huge, impressing
the overfitting conclusions drawn from CEA task.

4.3. Ablation Studies

To investigate the crucial design factors of AVF-MAE++,
we systematically conduct in-depth ablation studies on
MAFW (11-class) [42] and MER24-T&V [39] datasets.
Impact of Dual Masking & Improved Modality Encoder.
Tab. 4 presents the influence of our audio-visual dual mask-
ing strategy and improved modality encoder on AVFA per-
formance. Specifically, we employ AVF-MAE++ (B) to
fairly compare with the audio-visual encoder-only mask-
ing strategy and vanilla ViT [17] of HICMAE-B [60] on
the VoxCeleb2-dev [15] pre-training dataset utilizing 100
epochs. We determine that both our new dual masking strat-
egy and the introduced modality encoder can make positive
difference on computational efficiency, exhibiting 1.46x
speedup with competitive outcomes.

Evaluation on components of IAV-CL Module. We eval-
uate the effectiveness of the DiER Units and HAFE Layer
in IAV-CL Module using AVF-MAE++ (B), as displayed in
Tab. 5. We conduct pre-training on the built hybrid dataset
and further fine-tune models on IEMOCAP [4]. Note that
when conducting ablative test on HAFE Layer, we deploy
the original fusion modules of HICMAE [60] to construct
the hierarchical integration manner. From Tab. 5, we con-
clude that the coupling use of DiER Units and HAFE Layer
leads to the highest improvement, indicating their effective-
ness in correlations capture of intra- and inter-modalities.
Ablation Study on the Number of DiER Units. To deter-
mine the optimal stacked number of the DiER Units, we
conduct ablation studies at different number using AVF-
MAE++ (L), as presented in Tab. 6. The results indicate
that the stacked number is not directly proportional to per-
formance gains, as too many units lead to overly dense in-
teractions, resulting in increased complexity and instability.

Stacked =1 =2 =4

Number UAR WAR UAR WAR UAR WAR

MAFW 43.07 56.83 43.22 57.69 43.14 57.05
MER24-T&V 61.57 6998 6246 71.09 62.11 70.83

Table 6. Ablation study on the stacked number of DiER Units.

Pre-training
Dataset

MAFW MER24-T&V
UAR WAR WAR WA-F1

VoxCeleb2-dev 42.80 56.64 70.93 70.51
Unlabeled Hybrid ~ 42.96 57.02 71.40 70.72

Method

AVF-MAE++ (B)
AVF-MAE++ (B)

AMetrics - +0.16% +038% +0.47% +0.21%
AVF-MAE++ (L) VoxCeleb2-dev 42.67 57.01 70.21 69.02
AVF-MAE++ (L) Unlabeled Hybrid ~ 43.22 57.69 71.09 70.32

AMetrics - +0.55% +0.68% +0.88% +1.30%

AVF-MAE++ (H)  VoxCeleb2-dev 43.59 57.22 70.45 69.42
AVF-MAE++ (H) Unlabeled Hybrid ~ 44.02 57.79 71.23 70.41
AMetrics - +043% +0.57% +0.78% +0.99%

Table 7. Ablation comparisons on the pre-training data scaling.

60.00 75.00
128 245 uar WAR
048 WAR WAFI
Aetrics AMetrics

0.52 132 134

50.00 70.00

57.02 57.69 S

T1.0¢

.09
7140 70,73 7032 7123 59 41

- 214 2.03
42.96 4322 44.02
40. 65.00
AVF-MAE++ (B) AVF-MAE++ (L) AVF-MAE++ (H)

AVF-MAE++ (B) AVF-MAE++ (L) AVF-MAE++ (H)

(b) MER24-T&V
Figure 3. Ablation explorations on the progressive training.

(a) MAFW

Effectiveness on Data Scaling. As shown in Tab. 7, we as-
sess the effects of pre-training data scaling on AVF-MAE++
using VoxCeleb2-dev [15] and our unlabeled hybrid dataset.
We figure out that data scaling consistently boosts perfor-
mance across all the metrics, emphasizing the importance
of data size and diversity for AVFA mask autoencoding.
Contribution of the PSI Strategy. We investigate the con-
tribution of our introduced PSI strategy, as illustrated in
Fig. 3. The outcomes indicate that AVF-MAE++ demon-
strates superior performance, highlighting its effectiveness
in smooth adaptation from pre-training to fine-tuning.

5. Conclusion and Discussions

In this paper, we aim to investigate the scaling properties of
audio-visual MAE for AVFA. Thanks to our core designs of
dual masking strategy, model architecture, and progressive
training pipeline, we are able to successfully train the first
hundred-million audio-visual MAE denoted AVF-MAE++
on the currently largest AVFA pre-training dataset. Exten-
sive experiments across 17 datasets verify the superiority of
the AVF-MAE++. Our work emphasizes that audio-visual
masked autoencoders are scalable and general AVFA repre-
sention learners. We hope this work can serve as a founda-
tion and inspire more research on AVFA pre-training.
Despite promising results, challenges persist. Overfitting
on small datasets remains a clear bottleneck even with our
PSI strategy, and performance seems to saturate on certain
datasets as the model capacity grows. Moreover, our data
scaling is limited compared to general vision domains [75],
leaving pre-training on amplified AVFA data unexplored.
We focus on tackling these challenges in the future plans.
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