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Abstract

Cross-modal self-supervised learning has shown strong potential

for learning representations for audio-visual emotion recognition
(AVER). However, most existing methods operate entirely in con-

tinuous embedding spaces, which can inadvertently preserve irrele-

vant patterns, spurious correlations, and modality-specific noise. To

improve robustness and generalization of AVERmodels under noisy

conditions and domain shift, we propose the hierarchical quantized
cross-modal masked autoencoders (HQC-MAE) framework. This

method integrates discrete representation learning into masked

data modeling and contrastive learning via learned codebooks, cre-

ating hierarchical information bottlenecks in a multimodal setting.

We perform cross-modal contrastive learning in a discrete space, en-

couraging semantically aligned audio and video samples to match

in a structured embedding space. Our vector quantization modules

are integrated into pretrained unimodal foundation models (Video-

MAEv2 for video and AudioMAE++ for audio), enabling us to lever-

age large-scale pretrained unimodal models rather than training

them from scratch. Experiments on emotion recognition bench-

marks across diverse settings show that HQC-MAE consistently

outperforms AVER baselines using continuous representations.
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1 Introduction

Audio-visual emotion recognition (AVER) is a critical problem in af-

fective computingwith a variety of applications in human-computer

interaction, robotics, education, and healthcare. The system must
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infer the affective state of people from high-dimensional and noisy

signals [8, 38, 41, 44]. Early studies and modern machine learning

models consistently report that fusing audio and video improves ac-

curacy and robustness for emotion recognition task compared to us-

ing either modality alone [9, 11, 41, 53, 65]. Recently, self-supervised
learning (SSL) has become an appealing way for learning represen-

tations for AVER under scenarios with limited data [5, 13, 27, 28].

However, most SSL frameworks are vulnerable to shortcut learning:

high-capacity models may rely on easy-to-use cues that correlate

with labels in the training data rather than the underlying affec-

tive signal [18]. This issue is amplified in multimodal pretraining

because each modality contains distinct, non-corresponding noise

sources, such as illumination changes, camera viewpoint, and back-

ground motion in videos, and room acoustics, reverberation, and

channel effects in audio [10, 43]. These noises do not reliably align

across modalities, but can still be encoded in continuous embed-

dings. Therefore, the learned representations can be contaminated

by modality-specific noise and spurious correlations, reducing their

transferability and robustness for downstream tasks [64]. Our vi-

sion is that performing SSL in a discrete embedding space can

strengthen cross-modal alignment and improve model robustness

under noisy conditions and domain shifts.

Two families of multimodal SSL objectives are particularly in-

fluential: (i) contrastive learning, such as image-text (e.g., CLIP,

ALBEF, ALIGN), audio-text (e.g., CLAP, AudioCLIP), and video-text

(e.g., VideoCLIP, VATT), and (ii) masked data modeling, such as

MultiMAE and FLAVA [1, 4, 16, 25, 35, 39, 46, 48, 60, 62]. For audio-

visual SSL specifically, a popular approach is to combine masked

data modeling with cross-modal contrastive learning objectives to

learn general-purpose joint representations, such as Audiovisual

masked autoencoders (MAEs), CAV-MAE, and MAViL [19, 24, 30].

Building on these general-purpose learners, several studies adapt

them for AVER and get promising results, such as HiCMAE [50]

and AVF-MAE++ [59]. Despite these gains, all of these frameworks

still operate entirely in continuous embedding spaces, making the

models more vulnerable to noise rather than learning robust, se-

mantically aligned representations.

This study proposes the hierarchical quantized cross-modalmasked
autoencoders (HQC-MAE) framework. The key innovation of this

proposed method is applying vector quantization (VQ) as discrete

information bottlenecks in contrastive learning and masked data

modeling. These bottlenecks discretize representations at multiple

layers, acting as a regularizer that suppresses modality-specific

noise while encouraging robust, structured, and partially disen-

tangled representations. HQC-MAE performs contrastive learning

using compositional discrete representations: each patch token

selects a discrete code, and sample-level features are formed by
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composing (e.g., averaging) the selected codebook vectors. This

token-level discretization forces each audio-visual patch to map

into a semantic primitive, filtering local nuisance factors in video

and audio, and enabling implicit semantic clustering that facilitates

cross-modal alignment. To leverage recent advances in unimodal

masked autoencoders, HQC-MAE integrates pretrained encoders

(VideoMAEv2 for video and AudioMAE++ for audio) rather than

pretraining all components from scratch [55, 63]. We use Gumbel-

Softmax with temperature annealing and a diversity loss to avoid

index collapse in VQ, and achieve a smooth convergence [17, 54].

To the best our knowledge, HQC-MAE is the first self-supervised

AVERmodel that integrates VQ at intermediate layers ofmultimodal

MAEs, performing cross-modal contrastive learning in a discrete

embedding space. For evaluation, we finetune the pretrained model

on AVER benchmarks and apply chunk-level representation aggre-

gation during inference time [42]. We report performance using

weighted average recall (WAR) and unweighted average recall (UAR).
On the MSP-IMPROV corpus, HQC-MAE outperforms strong con-

tinuous baselines, achieving +2.43 WAR / +7.30 UAR over HiCMAE,

and surpassing the state-of-the-art AVF-MAE++ by +2.27 WAR /

+0.94 UAR [10, 15, 50, 59]. We also conduct ablation studies to vali-

date the contribution of quantization in the encoders, the fusion

stage, and the contrastive objective. In summary, our contributions

are:

• We introduce a cross-modal MAE framework that uses mul-

tiple learnable VQ codebooks at intermediate layers of audio,

video, and fusion encoders to create hierarchical discrete

bottlenecks.

• We propose cross-modal contrastive learning on composi-

tional discrete representations, encouraging structured cross-

modal alignment in a discrete geometry to improve general-

ization ability and robustness under noisy conditions.

• We achieved consistent gains over continuous alternatives

and validate the importance of the proposed VQ modules.

2 Related Works

Masked Autoencoders: The MAE is a self-supervised learning

approach that reconstructs heavily masked patches with an asym-

metric encoder-decoder design [27]. The resulting pretrained back-

bones transfer well to diverse downstream vision tasks, including

image classification, object detection, instance segmentation, and

semantic segmentation [26, 40, 49]. This MAE design has been

successfully adapted beyond images. AudioMAE [31] applies MAE-

style pretraining to audio by masking and reconstructing mel-

spectrogram patches. Recent work such as AudioMAE++ [63] shows

that modern transformer components can further improve masked

audio representation learning. For video, VideoMAE adopts tube

masking over spatiotemporal tokens for efficient video pretraining,

while VideoMAEv2 scales masked video modeling with dual mask-

ing [51, 55]. Our method builds on AudioMAE++ and VideoMAEv2,

using their pretrained weights for initialization.

Contrastive Audio-Visual Learning: Contrastive audio-visual

learning is a self-supervised approach that leverages the natural

temporal alignment of audio and video to learn joint representations

by matching corresponding audio-visual segments and contrast-

ing mismatched pairs [37]. Early work framed this supervision as

correspondence classification [3]. Later methods explored alter-

native cross-modal objectives such as cross-modal clustering [2].

More recent approaches use contrastive instance discrimination

explicitly. Audio-visual instance discrimination (AVID) [45] trains

audio and video encoders by treating temporally aligned audio-

visual segments as positive pairs and mismatched segments as

negatives. Video-audio-text transformer (VATT) [1] demonstrates

that Transformer-based encoders can be trained end-to-end with

multimodal contrastive objectives to learn scalable semantic repre-

sentations directly from raw video, audio, and text. Audio-visual

contrastive learning with temporal self-supervision [33] strength-

ens audio-visual contrastive training by adding temporal auxiliary

tasks, such as recognizing playback speed or temporal direction.

Sequential contrastive audio-visual learning (SCAV) [52] moves be-

yond instance level features and performs contrastive learning over

non-aggregated sequences using sequential distances. However,

these methods typically contrast continuous audio-visual embed-

dings directly. Our work instead performs contrastive learning on

compositional discrete representations.

Audio-Visual Emotion Recognition:AVER aims to predict hu-

man emotion from synchronized speech and facial video [20, 21, 23].

Recently, self-supervised audio-visual representation learning has

become a major direction in AVER. For example, VQ-MAE-AV [47]

is a vector quantized masked autoencoder designed for audiovisual

speech representation learning. It first learns VQ-VAE tokenizers

to convert raw audio and visual streams into discrete tokens, then

trains a multimodal MAEs to reconstruct masked tokens, and finally

finetunes the pretrained model for emotion recognition. Hierarchi-
cal contrastive masked autoencoder (HiCMAE) [50] introduces hier-

archical cross-modal contrastive learning inMAEswith hierarchical

skip connections to explicitly encourage emotion-relevant features

at multiple depths. AVF-MAE++ [59] further investigates how to

scale MAE-style audio-visual pretraining for affective facial analy-

sis, proposing architectural and training refinements such as dual

masking, more efficient modality encoders, and explicit correlation-

learning components. In addition to pretraining a unified audio-

visual encoder, VAEmo [14] adopts a two-stage training scheme

that further injects emotion knowledge by aligning audio-visual

features with affective descriptions generated by multimodal large
language models (LLMs). Despite this progress, most MAE-based

AVER frameworks still learn and align continuous embeddings. Our

HQC-MAE is designed to fill this gap with discrete representation

learning. The most related work to ours is VQ-MAE-AV, but this ap-

proach requires a two-stage training and only applies quantization

at the input token level [47].

Discrete Representation Learning: Discrete Representation

learning aims to map continuous signals into a finite set of discrete

units (a codebook) so that the model can reason, compress, or gen-

erate using token-like representations rather than dense vectors. A

common approach is VQ, where an encoder produces a continuous

latent and each latent vector is assigned to a codebook entry, creat-

ing a discrete bottleneck that supports efficient storage and scalable

sequence modeling. VQ has been highly successful in unimodal

settings. In vision, discrete latents enable transformer-based gener-

ation to create high fidelity images (e.g., VQ-VAE and VQGAN) [54].

In speech/audio, discrete units are widely used in self-supervised

pretraining (e.g., vq-wav2vec learns quantized speech units) and
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in token-based generation or codec pipelines (e.g., BigCodec, TS3-

Codec, WavTokenizer) [6, 34, 58, 61]. While discrete tokenizers and

VQ objectives are now well developed for unimodal models, less

explored directions are how to apply VQ inside multimodal repre-

sentation learning pipelines and prevent the issue of index collapse

under cross-modal objectives.

3 Method

This section describes our proposed HQC-MAE for learning noise-

robust representations for AVER. Fig. 1 shows the pretraining frame-

work, which has three main blocks: (i) pretrained modality-specific

encoders, (ii) cross-modal fusion encoder, (iii) decoders. Fig. 2 shows

the finetuning framework during inferences where we discard the

decoders, using only the audio encoder, video encoder, and cross-

modal fusion encoder to produce emotion predictions.

3.1 Pretrained Modality-Specific Encoders

We initialize both audio and video encoders with pretrained uni-

modal models instead of training them from scratch. For video,

we use VideoMAEv2-Base, a 12-layer Vision Transformer with

768-dimensional embeddings pretrained on video frames [55]. For

audio, we utilize AudioMAE++ Tiny, a 12-layer encoder with 192-

dimensional embeddings pretrained on audio spectrograms [63].

Both encoders use their native input resolutions: 224×224 RGB

frames for video with tubelet size 2 and patch size 16x16, and

200×80 mel-spectrograms for audio with patch size 4×16.

Each encoder extracts intermediate features at layers 3, 7, and 11

in addition to the final layer output. All features are projected to a

shared 𝑑-dimensional space (𝑑 = 512) through learned linear projec-

tion layers. This hierarchical feature extraction framework enables

multi-scale representation learning, where early layers capture

low-level details and deeper layers encode high-level semantics.

3.2 Vector Quantization Modules

A main contribution of our method is the introduction of vector

quantization modules in a multimodal setting that discretize repre-

sentations at multiple depths within both audio and video encoders

and after fusion encoders. Our architecture uses 8 learnable code-

books in total:

• Encoder-level codebooks: 3 codebooks in the video encoder

and 3 codebooks in the audio encoder are applied directly

after layers 3, 7, 11 to enable hierarchical discrete represen-

tation learning.

• Fusion-level codebooks: 1 codebook for the audio branch

and 1 codebook for the video branch are applied after the

cross-modal fusion encoder to produce the final quantized

representations (PFVQ in Fig. 1).

Each codebook uses the Gumbel-Softmax [32] quantization with

gradient optimization, allowing end-to-end differentiable training.

Given an input feature sequence z ∈ R𝑁×𝑑
, we compute logits

via a learned projectionW ∈ R𝑑×𝐾 , add Gumbel noise, and apply

softmax to obtain soft code assignments:

z𝑞 = softmax

(
zW + g
𝜏

)
C, (1)

where g ∼ Gumbel(0, 1) is Gumbel noise sampled during training,

𝜏 is the temperature parameter, and C ∈ R𝐾×𝑑
is the learnable

codebook with 𝐾 codes. During training, the forward pass uses

hard assignments while gradients flow through soft assignments.

We apply temperature annealing, starting at 𝜏 = 2.0 and expo-

nentially decaying with a factor 0.999995 per training step to a

minimum of 𝜏 = 0.5. High temperature in early training promotes

broader codebook exploration and helps mitigate index collapse,

while lower temperature in later stages enforces stronger discrete

assignments and stabilizes code selection.

To encourage uniform codebook utilization and prevent index

collapse, we add Kullback-Leibler (KL) divergence regularization
term for each codebook:

LKL =

𝐾∑︁
𝑖=1

𝑝𝑖 log (𝑝𝑖 · 𝐾) , (2)

where 𝑝𝑖 =
1

𝑁

∑𝑁
𝑛=1

softmax(z𝑛W)𝑖 is the average soft assignment

probability for code 𝑖 across all 𝑁 tokens, z𝑛 ∈ R𝑑 denotes the 𝑛-th

token in the input feature sequence z, and 𝐾 is the codebook size.

3.3 Quantized Hierarchical Cross-Modal

Contrastive Learning

The main idea explored in this paper is using the quantized features

for contrastive learning in a multimodal problem. We expect that

this strategy enforces the cross-modal alignment to be expressed

through a discrete and compositional vocabulary. It also encourages

the codebooks to learn semantically meaningful discrete units that

capture audio-visual correspondences, avoiding spurious correla-

tions.

Building on the hierarchical cross-modal contrastive learning
(HCMCL) objective in HiCMAE [50], our HQC-MAE applies VQ on

the continuous intermediate features in modality-specific encoders

for cross-modal contrastive learning. For each selected intermedi-

ate layer 𝑙 ∈ {3, 7, 11}, we pass the continuous features through
the corresponding VQ module to obtain quantized video features

z𝑣,𝑙𝑞 ∈ R𝑁𝑣×𝑑
and audio features z𝑎,𝑙𝑞 ∈ R𝑁𝑎×𝑑

, where 𝑁𝑣 and 𝑁𝑎
are the number of visible video and audio tokens respectively. These

quantized features are then mean-pooled and L2 normalized:

z̄𝑣,𝑙 = norm

(
1

𝑁𝑣

𝑁𝑣∑︁
𝑖=1

z𝑣,𝑙
𝑞,𝑖

)
, z̄𝑎,𝑙 = norm

(
1

𝑁𝑎

𝑁𝑎∑︁
𝑖=1

z𝑎,𝑙
𝑞,𝑖

)
.

Given a batch of size 𝐵, we form the similarity matrix S𝑙 ∈ R𝐵×𝐵
with entries

𝑆𝑙𝑖 𝑗 =
z̄𝑣,𝑙
𝑖

· z̄𝑎,𝑙
𝑗

𝜏𝑐
, (3)

where 𝜏𝑐 = 0.07 is the contrastive temperature. The InfoNCE loss

is computed over the similarity matrix:

L
InfoNCE

=
1

2

∑︁
𝑙∈{3,7,11}

(
CE(S𝑙 , y) + CE((S𝑙 )⊤, y)

)
, (4)

where CE(·, ·) is the cross-entropy loss and y is the ground truth

label vector indicating the matched audio-video pairs (i.e., the diag-

onal entries of S𝑙 , which correspond to positive pairs).
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Figure 1: Overview of the HQC-MAE pretraining architecture. The framework introduces vector quantization modules across

the video encoder, audio encoder, and cross-modal fusion encoder and performs cross-modal contrastive learning in discrete

embedding spaces.

3.4 Gradient Flow Design

A key design choice of our HQC-MAE is to separate the gradient

paths for the VQ codebooks in modality-specific encoders. These

codebooks are optimized only by the contrastive loss and the KL

regularization term. The MAE reconstruction loss does not back-

propagate through these codebooks. This strategy prevents gradi-

ent competition between reconstruction objective and contrastive

objective. In contrast, the codebooks in the cross-modal fusion en-

coders are optimized by the MAE reconstruction loss since the

decoder receives the quantized fusion features.

3.5 Cross-Modal Fusion Encoder

We use a bidirectional cross-attention fusion encoder with two

Transformer layers with 12 attention heads per layer. Let xenc𝑣 ∈
R𝑁𝑣×𝑑

and xenc𝑎 ∈ R𝑁𝑎×𝑑
denote the video and audio feature se-

quences output from their modality-specific encoders. For each

fusion layer, the video branch computes:

x̃𝑣 = xenc𝑣 + CrossAttn(xenc𝑣 , xenc𝑎 ),
x̂𝑣 = x̃𝑣 + SelfAttn(x̃𝑣), x′𝑣 = x̂𝑣 + FFN(x̂𝑣),

The audio branch is symmetric, with 𝑣 and 𝑎 swapped in the above

equations. CrossAttn(x𝑖 , x𝑗 ) denotes multi-head cross-attention

using queries from modality 𝑖 (first argument), and keys/values

from modality 𝑗 (second argument); SelfAttn(·) denotes multi-head

self-attention; and FFN(·) is a two-layer feed-forward network with
Gaussian error linear unit (GELU) activation [29].

3.6 Post-Fusion Vector Quantization (PFVQ)

After fusion, we apply VQ modules to the final outputs of the cross-

modal fusion encoders for the video and audio branches, denoted

as x
𝐿𝑓
𝑣 and x

𝐿𝑓
𝑎 respectively:

z𝑣 = VQ𝑣 (x
𝐿𝑓
𝑣 ; C𝑣), z𝑎 = VQ𝑎 (x

𝐿𝑓
𝑎 ; C𝑎), (5)

where C𝑣 ∈ R𝐾𝑣×𝑑
and C𝑎 ∈ R𝐾𝑎×𝑑

are the video and audio

codebooks with 𝐾𝑣 and 𝐾𝑎 codes, respectively. The quantized repre-

sentations z𝑣 and z𝑎 are then passed to their respective decoders for

masked reconstruction. The motivation of this block is to regularize

fused representations with a discrete bottleneck so that cross-modal

interactions are encoded more compactly before reconstruction.

3.7 Pretraining Objectives

Masked Autoencoding Loss. We apply masking with a ratio of

90% for video and 80% for audio. The reconstruction targets are

patch-normalized video pixels and audio spectrogram values:

LMAE = MSE

(
𝑥mask

𝑣 , 𝑥mask

𝑣

)
+ MSE

(
𝑥mask

𝑎 , 𝑥mask

𝑎

)
, (6)

where x̂mask

𝑣 and x̂mask

𝑎 are the decoder-reconstructed video and

audio patches at masked positions, and xmask

𝑣 and xmask

𝑎 are the

corresponding ground-truth patches.

VQ Regularization. We sum the KL regularization terms across

all 8 codebooks:

LVQ =
∑︁

𝑙∈{3,7,11}

(
L𝑣,𝑙
KL

+ L𝑎,𝑙
KL

)
+ L𝑣,fusion

KL
+ L𝑎,fusion

KL
, (7)

where L𝑣,𝑙
KL

and L𝑎,𝑙
KL

are the KL regularization losses for the video

and audio encoder codebooks at layer 𝑙 , and L𝑣,fusion
KL

and L𝑎,fusion
KL

are the KL regularization losses for the video and audio fusion

codebooks. Each KL term is computed with the definition in Eq. 2.
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Objective. The overall pretraining objective is

L
total

= LMAE + 𝜆𝑐LInfoNCE
+ 𝜆VQLVQ, (8)

where 𝜆𝑐 = 0.0025 is the contrastive loss weight (Eq. 4) and 𝜆VQ =

0.0005 is the VQ regularization weight.

3.8 Finetuning for Emotion Recognition

For downstream AVER, we use the learned hierarchical quantized

representations.

Feature Extraction. For the selected layers 𝑙 ∈ {3, 7, 11} inmodality-

specific encoders, we quantize the intermediate features with the

corresponding VQ modules and obtain token sequences z𝑣,𝑙𝑞 and

z𝑎,𝑙𝑞 . We then compute layer-wise features by mean pooling over

all tokens:

z̄𝑣,𝑙𝑞 =
1

𝑁𝑣

𝑁𝑣∑︁
𝑖=1

z𝑣,𝑙
𝑞,𝑖
, z̄𝑎,𝑙𝑞 =

1

𝑁𝑎

𝑁𝑎∑︁
𝑖=1

z𝑎,𝑙
𝑞,𝑖
. (9)

Fusion-level quantized features are mean-pooled in the same way

to obtain z̄𝑣,fusion𝑞 and z̄𝑎,fusion𝑞 . We then use a learnable weighted

sum to aggregate the layer-wise encoder features:

f𝑣 =
∑︁

𝑙∈{3,7,11}
𝛼𝑣
𝑙
z̄𝑣,𝑙𝑞 , f𝑎 =

∑︁
𝑙∈{3,7,11}

𝛼𝑎
𝑙
z̄𝑎,𝑙𝑞 , (10)

where 𝜶 𝑣 = softmax(w𝑣) and 𝜶𝑎 = softmax(w𝑎) with learnable

w𝑣,w𝑎 ∈ R3
, initialized uniformly.

Classification. We concatenate the aggregated encoder-level fea-

tures with the mean-pooled fusion-level features:

f =
[
f𝑣 ; f𝑎 ; z̄𝑣 ; z̄𝑎

]
∈ R4𝑑 , (11)

where 𝑑 = 512, giving a total dimension of 2,048. This is followed

by a LayerNorm and a linear classification head for multimodal
emotion recognition (MMER).

Objective. The finetuning loss is

L
finetune

= LCE + LVQ, (12)

where LVQ is the sum of KL regularization terms from all 8 code-

books (same as in pretraining; Eq. 7). The VQ modules remain

trainable during finetuning, using the same temperature annealing

schedule as in pretraining.

4 Experimental Settings

4.1 Databases

We use the VoxCeleb2 [15] dataset for pretraining and the MSP-

IMPROV [10], MAFW [43], and CREMA-D [11] corpora for fine-

tuning.

VoxCeleb2 [15] is a large-scale speaker recognition dataset

containing over 1 million video clips from 6,112 celebrities. For

pretraining, we use 1,091,580 video clips in this dataset. All videos

are preprocessed to 25 FPS with audio resampled at a sampling rate

of 16kHz.

MSP-IMPROV [10] is an audio-visual emotion recognition

dataset containing 8,687 video clips with 4 categorical emotions:

Anger (A), Happiness (H), Neutral (N), and Sadness (S). We use

a Leave-one-session-out (LOSO) cross-validation approach with 6

folds. In each fold, we hold out one session as the test set and train

on the remaining sessions. From the training sessions, we reserve

a small, disjoint subset as the validation set. Each fold contains ap-

proximately 6,500 training samples, 1,000 validation samples, and

1,000 test samples.

MAFW [43] is an in-the-wild audio-visual emotion dataset con-

taining 9,156 video clips with 11 categorical emotions. We follow a

5-fold cross-validation with approximately 7,000 training samples,

300 validation samples, and 1,800 test samples per fold.

CREMA-D [11] is an audio-visual emotion recognition dataset

containing 7,438 video clips from 91 actors with 6 categorical emo-

tions: Anger (A), Disgust (D), Fear (F), Happiness (H), Neutral (N),

and Sadness (S). We perform a 5-fold cross-validation following

the standard speaker-independent splits to ensure fair comparison

with the baselines, with approximately 5,500 training samples, 400

validation samples, and 1,476 test samples per fold.

These dataset splits follow the setup used in the baselines (Sec. 4.4)

to ensure fair comparison.

4.2 Evaluation Metrics

For emotion recognition, we report WAR and UAR. WAR represents

overall accuracy weighted by class frequency. UAR is the macro-

averaged recall across all classes, which is particularly important

for imbalanced datasets. The best model is selected based on the

best WAR score on the validation set.

4.3 Training Details

Pretraining. We sample a clip from each input video by randomly

selecting a starting timestamp and extracting 16 frames with a tem-

poral stride of 4 frames. Since we resample all VoxCeleb2 videos

to 25 FPS, the resulting clip duration is approximately 2.6 seconds.

Each frame is resized to 224 × 224 to match the native input reso-

lution of VideoMAEv2-Base [55]. We extract the audio waveform

segment from the same time window as the selected video clip

to ensure audio-video alignment. We convert the waveform to an

80-bin log-mel spectrogram and use an input size of 200 × 80 (time

× mel) to match the input resolution of AudioMAE++ Tiny [63].

We pretrain ourmodel for 200 epochs onVoxCeleb2 usingAdamW

optimizer with a learning rate of 3 × 10
−4

, 5 warmup epochs, and a

cosine learning rate schedule. We apply gradient clipping with a

max norm of 3.0. We use a batch size of 48 on six L40S GPUs.

Codebook sizes. We usemodality-specific codebook sizes in HQC-

MAE. By default, each video codebook contains 𝐾𝑣 = 512 codes and

each audio codebook contains 𝐾𝑎 = 320 codes, since these settings

yield the best AVER performance in our experiments (see Table 4).

Finetuning. When we finetune our pretrained model on AVER

benchmarks, we use the same input sizes as pretraining. We train

for 100 epochs using AdamW optimizer with base learning rate of

1e-3, minimum learning rate of 1e-6, weight decay of 0.05, and 5

warmup epochs, and a cosine learning rate scheduling. We use a

batch size of 12 per GPU on two L40S GPUs.

Given the arbitrary duration of the segments and our fixed anal-

ysis window for inference, we further adopt a chunk-level represen-

tation during inference time, aggregating multiple short segments

to get more robust prediction [42]. This approach better capture the

temporal structure in the externalization of emotions. Specifically,
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Figure 2: Finetuning architecture for speech emotion recognition. We use quantized vectors to get emotion predictions.

we uniformly sample six temporal segments spanning the entire

video and compute the final prediction by averaging the softmax

probabilities at the segment-level.

4.4 Baselines

We benchmarked HQC-MAE to compare the performance of our

model with three other state-of-the-art self-supervised AVER frame-

works: HiCMAE [50], AVF-MAE++ [59], and VAEmo [14]. We

choose these models as our baselines because they all combine

masked data modeling with contrastive learning for self-supervised

audio-visual representation learning.

To highlight the benefit of large-scale self-supervised pretraining,

we also include a strong supervised baseline, RAVER [22], which is

trained directly on labeled emotion data without a pretraining stage.

RAVER has shown better performance than other fully supervised

models, so we compare only against RAVER in this category. It uses

WavLM [12] for audio encoding and MobileNetV3 [36] for visual

encoding with cross-modal attention for multimodal fusion.

We reproduced RAVER and HiCMAE using the same training

environment to ensure a fair comparison. We were not able to

fully reproduce AVF-MAE++ and VAEmo because their source code

or pretrained encoders were unavailable. Nevertheless, compari-

son with their reported results remains fair and informative be-

cause these methods rely on stronger supervision or additional data.

AVF-MAE++ adopts a three-stage pipeline, uses datasets beyond

VoxCeleb2, and has substantially more parameters. VAEmo fur-

ther relies on LLM-generated emotion descriptions for knowledge

injection, which our method does not use.

5 Results

5.1 Results on AVER Benchmarks

In this section, we evaluate the performance of HQC-MAE on AVER.

Each experiment is repeated three times, and we report the average

performance. Table 1 summarizes the results on the MAFW, MSP-

IMPROV, and CREMA-D datasets.

Comparison with SSL Baselines. As shown in Table 1, HQC-MAE

performs consistently well across MSP-IMPROV, CREMA-D, and

MAFW datasets, demonstrating that learning discrete representa-

tions provides stronger and more transferable features than pre-

vious SSL frameworks that rely on only continuous embeddings.

HQC-MAE significantly improves performance over HiCMAE [50]

on all three datasets (MAFW: +2.53% WAR, +3.27% UAR; MSP-

IMPROV: +2.43% WAR, +7.30% UAR; CREMA-D: +1.35% WAR,

+1.11% UAR), demonstrating the benefit of introducing VQ as a

regularizer to encourage cross-modal alignment and suppress noise.

In addition, HQC-MAE achieves comparable performance to AVF-

MAE++ [59] while using approximately 74% fewer parameters,

suggesting a strong parameter efficiency and leaving room for fur-

ther gains by scaling up the model. HQC-MAE also consistently

outperforms VAEmo [14] on all benchmarks (MAFW: +0.77% WAR,

+0.86% UAR; MSP-IMPROV: +1.55% WAR, +4.87% UAR; CREMA-D:

+0.33% WAR, +0.18% UAR). While VAEmo is more lightweight than

our model, it relies on a two-stage training pipeline and additional

multimodal LLMs to generate affective descriptions for knowledge

injection.

Comparison with Supervised Learning Baseline. HQC-MAE sub-

stantially outperforms the state-of-the-art fully supervised baseline

RAVER [22] across all datasets (MAFW: +20.01% WAR, +15.31%

UAR; MSP-IMPROV: +2.27% WAR, +1.14% UAR; CREMA-D: +6.75%

WAR, +6.55% UAR). These clear improvements demonstrate that

self-supervised pretraining on large-scale audio-visual data, com-

bined with discrete cross-modal alignment, provides significantly

better initialization than training from scratch using only limited

emotion-labeled data.

5.2 Ablation Studies

We study the contribution of VQ in HQC-MAE with a focus on

its roles in quantized contrastive learning and cross-modal fusion

encoder. In addition to the full model, we consider three variants

for ablation studies: (i) HQC-MAE without VQ, (ii) HQC-MAE with

vector quantized contrastive learning (VQCL) only (i.e., VQ in the

encoders), and (iii) HQC-MAE with post-fusion vector quantization
(PFVQ) only. All variants are pretrained on the Voxceleb2 dataset

and finetuned on the MSP-IMPROV corpus with the same hyperpa-

rameters and procedures.
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Table 1: Performance comparison on categorical emotion recognition datasets MAFW, MSP-IMPROV, and CREMA-D. * denotes

results reproduced by us. Through out the paper, we highlight the best result in Bold.

MAFW MSP-IMPROV CREMA-D

Method SSL Mod. #Params(M) UAR WAR UAR WAR UAR WAR

AVF-MAE++ (Wu et al., 2025) ✓ A+V 521 46.05 60.24 70.05 76.07 86.02 85.95

VAEmo (Cheng et al., 2025) ✓ A+V 39 45.67 58.91 66.12 76.79 85.71 85.68

RAVER* (Goncalves et al., 2026) × A+V 348 31.22 39.67 69.85 76.07 79.34 79.26

HiCMAE* (Sun et al., 2024) ✓ A+V 81 43.26 57.15 63.69 75.91 84.78 84.66

HQC-MAE (ours) ✓ A+V 136 46.53 59.68 70.99 78.34 85.89 86.01

Table 2: Ablation study on vector quantization modules eval-

uated on MSP-IMPROV. VQ: Vector Quantization, VQCL: Vec-

tor Quantized Contrastive Learning, PFVQ: Post-Fusion VQ.

VQ VQCL PFVQ UAR WAR

× × × 66.76 76.38

✓ ✓ × 70.75 76.72

✓ × ✓ 68.93 76.46

✓ ✓ ✓ 70.99 78.34

Table 3: Ablation study on loss weights. For 𝜆𝑐 , 𝜆VQ is fixed

at 0.0005. For 𝜆VQ, 𝜆𝑐 is fixed at 0.0025.

Setting UAR WAR

𝜆𝑐 = 0.001 69.24 76.25

𝜆𝑐 = 0.0025 70.01 77.36

𝜆𝑐 = 0.01 68.41 75.57

𝜆VQ = 0.0001 69.53 77.18

𝜆VQ = 0.0005 70.01 77.36

𝜆VQ = 0.001 69.50 76.11

As shown in Table 2, removing VQ modules causes a clear degra-

dation. Compared to HQC-MAE without VQ, our full HQC-MAE

achieves a +1.96% improvement inWAR and +4.23% improvement in

UAR. Applying VQ to only one component (either VQCL or PFVQ)

yields smaller gains compared to HQC-MAE without VQ, demon-

strating that applying VQ to both hierarchical contrastive learning

and cross-modal fusion encoder provides complementary benefits.

Specifically, VQ in the contrastive objective enables stronger cross-

modal alignment by creating discrete cluster centers in the embed-

ding space. Moreover, VQ in the cross-modal fusion encoder regular-

izes the fused representations and mitigates overfitting. Therefore,

the combination of both mechanisms produces more structured

and discriminative emotion representations.

Ablation Study on Loss Weights. We study the effect of the two

loss weights in the pretraining objective (Eq. 8): the contrastive

loss weight 𝜆𝑐 and the VQ regularization loss weight 𝜆VQ. For these

ablations, all models are finetuned onMSP-IMPROV, and UAR/WAR

are reported on the MSP-IMPROV validation set.

As shown in Table 3, 𝜆𝑐 = 0.0025 gives the best validation per-

formance when 𝜆VQ is fixed at 0.0005. A smaller value (𝜆𝑐 = 0.001)

weakens the cross-modal alignment signal, while a larger value

(𝜆𝑐 = 0.01) over-emphasizes contrastive learning and hurts re-

construction. When fixing 𝜆𝑐 = 0.0025, the best performance is

Table 4: Effect of codebook size on MSP-IMPROV. These re-

sults are reported on the validation set.

𝐾𝑣 𝐾𝑎 UAR WAR

256 160 69.14 75.88

512 320 70.01 77.36

1024 512 69.55 76.83

2048 1024 68.72 77.01

also achieved with 𝜆VQ = 0.0005. A smaller value (𝜆VQ = 0.0001)

provides weaker regularization and may reduce codebook diver-

sity, whereas a larger value (𝜆VQ = 0.001) over-regularizes the

codebooks and limits their representational capacity. Thus, we use

𝜆𝑐 = 0.0025 and 𝜆VQ = 0.0005 as the default settings.

5.3 Effect of codebook sizes

We analyze how the codebook sizes for video and audio affect

downstream AVER on the validation set. As shown in Table 4, the

model performance is not monotonic with respect to video and au-

dio codebook sizes (𝐾𝑣 and 𝐾𝑎). An intermediate codebook setting

(𝐾𝑣=512, 𝐾𝑎=320) achieves the best results (77.36% WAR, 70.01%

UAR). Reducing and increasing codebook sizes both degrade model

performance, suggesting that a moderately compact discrete em-

bedding space provides a better trade-off between representational

capacity and regularization. This trend is consistent with previous

findings that VQ can act as regularizers by constraining latents

and encouraging semantically similar inputs to share codes, while

overly large codebooks can weaken this constraint and hurt gener-

alization [56, 57]. Moreover, our audio codebook size (𝐾𝑎=320) is

in line with common choices in speech quantization [7]. Therefore,

we use 𝐾𝑣=512 and 𝐾𝑎=320 as a default setting in HQC-MAE.

5.4 Robustness under Noisy Test Conditions

To examine whether introducing VQ into contrastive learning im-

proves robustness, we evaluate the HQC-MAE (VQCL) variant

under noisy test conditions by keeping the training and validation

sets clean and adding Gaussian noise only to the MSP-IMPROV

test set at inference time. We consider two noise settings: 𝜎𝑣 = 0.1,

𝜎𝑎 = 0.02 and 𝜎𝑣 = 0.4, 𝜎𝑎 = 0.2. This setting is more challenging

than standard within-corpus evaluation because the model must

recognize emotions from corrupted audio-visual inputs.

As shown in Table 5, HQC-MAE (VQCL) achieves the best per-

formance under noisy test conditions. Compared with HiCMAE,

HQC-MAE improves UAR/WAR by +7.14%/+1.84% under moderate
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Table 5: Performance comparison on MSP-IMPROV under

different Gaussian-noise conditions.

𝜎𝑣 = 0.10

𝜎𝑎 = 0.02

𝜎𝑣 = 0.4

𝜎𝑎 = 0.2

Method SSL Mod. #Params(M) UAR WAR UAR WAR

RAVER [22] × A+V 348 68.98 73.80 60.11 62.41

HiCMAE [50] ✓ A+V 81 64.33 75.80 51.77 71.38

HQC-MAE (VQCL) ✓ A+V 136 71.47 77.64 63.39 76.64

Table 6: Cross-corpus evaluation with training on MSP-

IMPROV and testing on CREMA-D.

Method SSL Mod. #Params(M) UAR WAR

RAVER [22] × A+V 348 66.12 65.55

HiCMAE [50] ✓ A+V 81 69.40 68.80

HQC-MAE (VQCL) ✓ A+V 136 72.90 72.85

Table 7: Average codebook perplexity and normalized utiliza-

tion across codebook sizes.

Modality Avg. PPL (Init) Avg. PPL (End) 𝑈Init 𝑈End

Video (𝐾𝑣 = 256) 199.7 251.8 95.5% 99.7%

Video (𝐾𝑣 = 512) 312.1 495.1 92.1% 99.5%

Video (𝐾𝑣 = 1024) 417.8 956.3 87.1% 99.0%

Video (𝐾𝑣 = 2048) 518.7 1775.7 82.0% 98.1%

Audio (𝐾𝑎 = 160) 92.3 154.7 89.2% 99.3%

Audio (𝐾𝑎 = 320) 127.7 298.8 84.1% 98.8%

Audio (𝐾𝑎 = 512) 154.1 457.7 80.8% 98.2%

Audio (𝐾𝑎 = 1024) 173.3 805.8 74.4% 96.5%

noise and +11.62%/+5.26% under severe noise, suggesting that incor-

porating VQ into cross-modal contrastive learning produces more

robust representations. HQC-MAE also outperforms the supervised

baseline RAVER by +2.49%/+3.84% and +3.28%/+14.23%, respectively,

showing that self-supervised pretraining with discrete cross-modal

alignment improves robustness under noisy test conditions.

5.5 Cross-Corpus Evaluation

To assess whether introducing VQ into contrastive learning im-

proves generalization, we finetune the HQC-MAE (VQCL) vari-

ant on MSP-IMPROV and directly testing on CREMA-D. We keep

only the four shared emotion categories between the two corpora:

Anger, Happiness, Neutral, and Sadness. The CREMA-D labels are

remapped to the same label space as MSP-IMPROV. This setting

is more challenging because the training and test data differ in

speaker population and recording conditions.

As shown in Table 6, HQC-MAE (VQCL) achieves the best cross-

corpus performance. Compared with HiCMAE, HQC-MAE im-

proves performance by +3.50% UAR and +4.05%WAR. It also outper-

forms the supervised baseline RAVER by +6.78% UAR and +7.30%

WAR. These results suggest that the discrete cross-modal represen-

tations learned by HQC-MAE transfer better across corpora.

5.6 Codebook Perplexity after Pretraining

To assess how effectively the codebooks use their entries during

pretraining, we compute codebook perplexity. For a codebook of

size 𝐾 and a batch of 𝑇 = 𝐵 × 𝑁 tokens, each token 𝑡 is assigned to

one code via Gumbel-Softmax with hard straight-through estima-

tion, producing a one-hot vector h𝑡 ∈ {0, 1}𝐾 . The empirical usage

of code 𝑘 is

𝑝𝑘 =
1

𝑇

𝑇∑︁
𝑡=1

ℎ𝑡,𝑘 , 𝑘 = 1, . . . , 𝐾, (13)

and the codebook perplexity is

PPL = exp

(
−

𝐾∑︁
𝑘=1

𝑝𝑘 log𝑝𝑘

)
. (14)

Perplexity ranges from 1 (complete collapse) to 𝐾 (uniform use of

all codes), and can be interpreted as the effective number of active

codebook entries. We also report the normalized utilization

𝑈 =
ln PPL

ln𝐾
, (15)

where𝑈 ∈ [0, 1]. We report the average codebook perplexity and

normalized utilization at the beginning and end of pretraining

for video and audio codebooks with different codebook sizes, as

summarized in Table 7. The averages are computed over VQCL-

3, VQCL-7, VQCL-11, and FPVQ, where higher perplexity values

closer to the codebook size indicate better codebook usage.

For both modalities, the average perplexity increases substan-

tially during pretraining across all codebook sizes, showing that

the codebooks remain well utilized rather than collapsing. We ob-

serve that normalized utilization decreases as the codebook size

increases, indicating a trade-off between representational capacity

and codebook usage efficiency. The learned discrete units also ex-

hibit emotion-selective behavior; e.g., one code is selected for 99.9%

of happy samples but is rarely selected for sad samples, suggesting

that the codebooks capture semantically meaningful discrete units.

6 Conclusions

In this paper, we presented HQC-MAE, a self-supervised learn-

ing framework for audio-visual emotion recognition. HQC-MAE

is a first attempt to introduce vector quantization at intermediate

layers of modality-specific encoders and the cross-modal fusion

encoder. We further explore quantized cross-modal contrastive

learning to encourage audio and video samples to align under a

discrete structure. Due to computational constraints, we use light-

weight pretrained encoders. Scaling to larger backbones remains

promising but computationally expensive. Future work will extend

HQC-MAE to other multimodal tasks, such as audio-visual speaker

diarization, where discrete cross-modal alignment is also beneficial.

7 Responsible Innovation Statement

This paper aims to advance self-supervised multimodal representa-

tion learning for audio-visual emotion recognition. This technol-

ogy has many beneficial applications in healthcare and education,

but it also carries risks if misused for surveillance and workplace

monitoring without informed consent. We encourage responsible

implementation and deployment with clear consent, transparency,

and fairness considerations.
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