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ABSTRACT Audio-visual emotion recognition (AVER) often performs well under ideal conditions but faces
significant challenges in scenarios with missing modalities (e.g., missing frames of audio and/or video).
Addressing these challenges is crucial for the effective deployment of AVER systems in human-computer
interaction (HCI) applications, where robustness can significantly impact user experience. This study intro-
duces a novel approach that enhances AVER robustness by leveraging a decoder-like summarizer structure.
This structure processes audio and visual content and generates contextual summaries that effectively capture
emotional cues even when modalities are degraded. To enhance system resilience against missing modalities,
we integrate modality dropout during training, enabling the summarizer to adaptively handle these scenarios.
We define the context summary length as the number of learnable query tokens used in the summarizer, a
fixed hyperparameter in our model. We analyze how varying context summary lengths affect performance,
identifying an optimal balance between compression and expressiveness. In addition to improving robustness,
we systematically evaluate model calibration across emotions in current state-of-the-art (SOTA) AVER
methods. Our experiments on the MSP-IMPROV and CREMA-D databases demonstrate that our model
achieves superior performance across macro-, micro-, and weighted-F1 scores, both under ideal conditions
and in scenarios with modality losses. Additionally, we conduct ablation studies to assess the impact of
different context lengths on our summarizer structure in terms of overall AVER performance.

INDEX TERMS Multimodal learning, missing modality, emotion recognition, audio-visual sentiment analy-

sis, affective computing, emotion analysis, multi-label classification, model calibration.

I. INTRODUCTION

Human communication benefits significantly from recogniz-
ing emotional signals expressed through speech and facial
expressions, which are crucial for enhancing the message
conveyed during interactions. Therefore, to optimize emotion
recognition systems, it is often important to involve the inte-
gration of cues from both speech [1], [2], [3], [4] and facial ex-
pressions [5], [6]. Audio-visual emotion recognition (AVER)
relies on acoustic and visual signals to recognize emotions.
However, the input signals could be corrupted or missing
when AVER systems are integrated into realistic applica-
tions, such as human-computer interaction (HCI) systems.
Addressing robustness to missing modalities plays a vital role

in making these systems deployable in actual applications.
In practice, visual information may be unavailable or unre-
liable due to occlusion, head pose (non-frontal views), motion
blur, or cropping. Likewise, acoustic information may also
be missing (e.g., target speakers listening to their interlocu-
tors). Such segments should be treated as missing frames. The
multimodal model should attend only to reliable frames and
down-weight or ignore unreliable ones before fusion, unify-
ing missing-modality and missing-frame cases under a single
framework. The problem of missing frames or modality is also
an important challenge in other multimodal tasks, including
audio-visual question answering, representation learning, di-
arization, and multimodal sentiment prediction [7], [8], [9],
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[10]. In addition to high performance, another desirable prop-
erty of AVER systems is to have a calibrated system, where
the model’s predicted probabilities reflect the true likelihood
of the outcomes. A few studies have evaluated in-depth per-
formance biases related to model calibration. An uncalibrated
system can perpetuate existing biases or underperform in
non-ideal conditions [11]. Our vision is that multimodal sys-
tems should handle missing modalities, providing calibrated
predictions.

Multimodal emotion recognition leverages diverse informa-
tion from various modalities to enhance model performance.
However, these systems face challenges when modalities
are missing, often necessitating the presence of all relevant
modalities to properly function, particularly in real-world
applications [12]. Issues such as packet losses in speech
signals or missing acoustic and visual frames can degrade
the performance of applications such as automatic speech
recognition (ASR) and multimodal systems [11], [13]. To
compensate, techniques such as data cancellation and gen-
eration [14], [15], cascaded enhancements [16], and joint
representation learning [17] are used. Research has also
explored handling missing data through strategies such as
feature interpolation [18] and ensemble fusion [19]. Stud-
ies have explored training modifications such as modality
dropout, which involves zeroing out portions of the data to im-
prove the robustness and performance in deep learning models
[20], [21].

This study proposes a robust in audio-visual emotion
recognition (RAVER) framework. The key innovation of the
proposed method is a context summarizer implemented with
an attention mechanism. The strategy consists of a decoder-
like network that dynamically focuses on the most relevant
segments of the input features, learning how to address cases
where input information is missing. This approach can ex-
tract relevant information even in extreme conditions where
most of the frames are missing. The effectiveness of our
proposed method is validated through experiments conducted
on the MSP-IMPROV [22] and CREMA-D [23] datasets.
Our proposed method enhances the robustness of AVER
systems under conditions of missing modalities. Compared
to five established state-of-the-art (SOTA) AVER baselines,
our system demonstrates superior resilience and reliabil-
ity, ensuring more consistent performance even in extreme
scenarios where 95% or more of acoustic or visual in-
puts are missing. The evaluation also examines the overall
model calibration of RAVER in comparison to the base-
lines. RAVER not only achieves SOTA performance but also
has lower bias than other existing AVER systems. In this
study, lower performance bias refers to reduced disparity in
performance across emotions. RAVER shows smaller gaps
between emotional classes and a lower Brier score, indicating
better calibration and more equitable predictions across all
categories.

To the best of our knowledge, RAVER is the first AVER
model to utilize a decoder-style contextual summarizer with
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learnable query tokens that selectively retrieve salient frames
and explicitly compress variable-length sequences, improving
robustness when audio and/or visual inputs are missing. We
pair this strategy with a modality dropout approach during
training. We evaluate our solution under extreme random
masking and a two-state Markov packet-loss setting, and an-
alyze calibration (Brier) in addition to standard metrics. Our
contributions are threefold:

® We introduce a decoder-style contextual summarizer
with learnable queries that enhances robustness to miss-
ing inputs in AVER.

® We present consistent gains under extreme masking (up
to 100%) and bursty Markov packet loss, including cases
where one modality is partially or entirely absent.

e We report the Brier score and per-emotion metrics to-
ward transparency and better calibration: on CREMA-D,
RAVER attains the lowest Brier (0.119) and shows re-
duced emotion-specific variability.

Il. RELATED WORK AND BACKGROUND

This paper focuses on enhancing robustness in AVER sys-
tems. This section reviews previous studies, focusing on
emotion recognition formulations, strategies to mitigate per-
formance loss due to missing modalities, and existing SOTA
AVER studies.

A. MULTI-LABEL EMOTION RECOGNITION
Most studies working on AVER systems rely on labels de-
rived from human-rated perceptual evaluations. Given the
differences in the perception of emotion, it is common to
observe disagreement in the labels among public emotional
databases [22]. To deal with the disagreement among raters,
most studies [24], [25] utilized majority vote or plurality rule
to aggregate a single emotional class for each sample, re-
moving samples that have no consensus emotional class [26].
This common practice in the field of AVER [20], [27] regards
disagreements among raters as noise. However, emotion per-
ception is subjective and people have different interpretations
of the expressed emotional behaviors, influenced by their gen-
der, unique emotional experiences, or different culture [26].
Also, studies in psychology reveal that emotion perception
is high-dimensional, overlapped, and blended [28]. In this
context, it is appealing to consider emotion recognition as a
multi-label recognition task.

Several studies have formulated emotion recognition as
a multi-label classification task. For example, studies have
revealed that human facial expressions can simultaneously
convey multiple emotions instead of a single emotion
[29], [30]. Chou et al. [31] computed distributional labels
based on the frequency that each emotion was selected by
the annotators as ground truth for training speech emotion
recognition (SER) systems. They used a threshold to convert
the distribution of the selected emotions by the annotators
into binary decisions, defining the threshold as 1/C, where
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C represents the number of emotional classes. We follow this
approach in this study.

B. MISSING MODALITY

During human-human interactions, modalities used for emo-
tion recognition may be intermittently missing or unreliable
due to factors such as facial occlusion or acoustic noise
[32], [33]. Traditional multimodal methods often assume
ideal conditions and do not account for these challenges.
However, recent studies have proposed various strategies to
handle missing modalities [11], [20], [21]. For instance, Mit-
tal et al. [12] proposed using canonical correlation analysis
(CCA) to generate proxy features for missing modalities.
Chen et al. [34] introduced a heterogeneous graph-based hy-
pernode framework for multimodal fusion of incomplete data.
Liu et al. [35] and Zuo et al. [13] utilized contrastive learn-
ing and mapping representation techniques, respectively, to
enhance modality-invariant features to capture and compen-
sate for missing inputs. In audio-visual speech recognition
(AVSR), Dai et al. [36] showed that applying video-dropout
improves robustness to missing frames but can introduce
modality bias. They proposed a knowledge-distillation frame-
work to mitigate the bias. In speaker diarization, Cheng and
Li [37] proposed a multi-input multi-output farget speaker
voice activity detection (TSVAD) model capable of oper-
ating in audio-only, video-only, or audio-visual modes by
dynamically adapting to missing inputs. Other approaches
have used generative models to reconstruct missing modali-
ties [13], [15], [17], [38], [39], [40], [41], [42]. For example,
Du et al. [15] developed a semi-supervised multiview deep
generative framework that treats missing modalities as latent
variables to be integrated during inference. Pham et al. [17]
treated missing modalities as a translation problem, learning
to map between source and target modalities. A cycle consis-
tency loss is used to ensure that translating from one modality
to another and back retains the original information, promot-
ing accurate reconstruction and preserving essential features
across modalities.

Ma et al. [43] utilized the Hirschfeld-Gebelein-Rényi
(HGR) maximal correlation to extract common information
between audio-visual modalities. Parthasarathy and Sun-
daram [21] focused on visual input ablations during training,
where visual frames were randomly removed. Unfortunately,
this approach does not address the problem when acoustic fea-
tures are missing. More recently, Goncalves and Busso [20]
investigated the simultaneous dropout of both audio and visual
modalities during training to enhance robustness to missing
modalities. Unlike previous methods that rely on dropout as
a form of implicit regularization or use generative methods to
reconstruct missing modalities, our approach explicitly learns
to reweight and summarize representations based on the avail-
able data. By integrating modality dropout with our context
summarizer, the model not only generalizes better to missing
modalities but also minimizes performance loss across vary-
ing missing data conditions.
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C. AUDIO-VISUAL EMOTION RECOGNITION

In the domain of AVER, various frameworks have been
developed to address the challenges of multimodal data in-
tegration and emotion recognition under diverse conditions.
Tsai et al. [44] developed MulT, a multimodal transformer that
facilitates cross-modal interactions between modalities. The
approach generates bimodal representations that are concate-
nated and further processed for prediction tasks. Goncalves
and Busso [20], [45] introduced the AuxFormer architec-
ture, a transformer-based framework that enables cross-modal
representations through transformer layers. This model used
cross-modal layers to transfer representations from queries
in one modality to the keys and values of another. This
strategy improves robustness through modality dropout and
auxiliary networks, enabling effective operation when one or
both modalities are available.

Chumachenko et al. [46] presented a method using self-
attention fusion for audio-visual (SFAV) emotion recognition,
designed to perform optimally in scenarios where data from
either audio or visual modalities might be incomplete. The
architecture utilizes advanced fusion techniques, such as late
and intermediate transformer fusion, to robustly integrate
features across modalities, highlighting the importance of
adaptable fusion mechanisms in AVER. Additionally, Huang
et al. [47] proposed the transformer and long short-term
memory (TSLTM) approach, which combines the transformer
architecture’s ability to capture long-term dependencies with
long short-term memory (LSTM) networks, enhancing emo-
tional recognition across temporal sequences. This model
employs multi-head attention to merge modalities into a co-
herent semantic space, demonstrating enhanced performance
over traditional methods. More recently, Goncalves et al. [48]
introduced the versatile audio-visual learning (VAVL), uti-
lizing a blend of acoustic-only and visual-only layers that
process audio-visual content independently before merging
into shared layers for joint learning.

Our model incorporates robust training techniques, such as
modality dropout, designed to enhance performance in en-
vironments where modalities may be partially or completely
absent. In contrast to previous works, we introduce a context
summarizer to learn how to handle varying modality input
conditions and handle sequential data summarization using
attention.

D. RELATION TO PREVIOUS WORK
While cross-modal attention and modality dropout are widely
used in multimodal learning, RAVER introduces a distinct
contribution through its contextual summarizer. Unlike prior
frameworks such as AuxFormer [20] and VAVL [48], which
rely on standard attention or pooling for temporal aggre-
gation, RAVER employs decoder-style learnable query to-
kens to dynamically summarize relevant segments from each
modality.

Additionally, while modality dropout was utilized in Aux-
Former as a training strategy to improve performance under
missing modalities, RAVER integrates it more tightly with
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FIGURE 1. The figures show an overview of our proposed RAVER framework. (a) Architecture with feature extractor, context summarizer, cross-modal
transformers, self-attention, pooling layers, and emotion prediction head; (b) detailed decoder-based structure of the context summarizer.

the summarization process. The contextual summarizer learns
to reweight and extract informative features even under high
levels of modality degradation. This fusion of dropout and
summarization enables RAVER to remain effective in extreme
scenarios (e.g., 95% frame loss), where earlier models tend to
degrade sharply.

This summarization mechanism enables robust perfor-
mance under missing modality conditions, as shown in
Section V-A. To our knowledge, this is the first use of
attention-based summarization for enhancing robustness in
audio-visual emotion recognition.

1l1l. METHODOLOGY

This section describes our proposed approach for enhanc-
ing the robustness of an AVER system in scenarios with
missing modalities. Fig. 1(a) depicts the overall frame-
work. The proposed framework has three main blocks:
(1) separate encoders for acoustic and visual modalities
to extract features, (2) transformer-based context summa-
rizers to extract relevant information from the available
frames, and (3) cross-modal attention mechanisms to perform
AVER.

A. FEATURE EXTRACTION
The first block in RAVER extracts modality-specific represen-
tations. We employ pre-trained feature encoders with frozen
parameters to process audio and visual inputs separately. For
acoustic features, we use WavLM [49], extracting hidden
states from all 24 transformer layers and its 1D CNN encoder.
This process yields a feature set x, € RNax23x1.024 " where
N, is the sequence length, 25 is the number of extracted
layers, and 1,024 is the hidden state dimensionality. For a
4-second clip, N, is approximately 200, based on 20 ms frame
hops.

For the visual feature extraction, we use MobileNetV2 [50].
The faces are detected using the MTCNN toolkit [51] and

VOLUME 7, 2026

aligned to normalize eye orientation before cropping. The
processed images are then passed through the frozen model,
extracting a 1,280-dimensional feature vector from the post-
global pooling layer. This process results in a feature set x, €
RN > 1.280 “where N, is the sequence length (considering all
frames in 30 fps videos) and 1,280 is the feature dimensional-
ity. For a 4-second video, N, is approximately 120 frames at
30 fps.

Once the features for the modalities are extracted, the
feature representations are x, € RNax25x1.024 g1 acoustic
features, and x, € RV > 1280 61 visual features. To ensure
consistency for feature dimensions across modalities, we ap-
ply distinct operations to the audio and visual inputs. For the
audio features, we use a learnable weighted sum (LW-Sum)
layer, as used in Wu et al. [49], which aggregates the 25
extracted layers into a feature matrix z, € RNe*1:92% per audio
sequence. For the visual features, a 1D convolution (Conv1D,
k = 1) reduces the feature dimension from 1,280 to 1,024,
resulting in z, € RV>*10%* With k = 1, ConvID acts as a
time-distributed linear projection, equivalent to applying the
same fully connected layer to each frame, preserving temporal
order without adding extra nonlinearity before the contex-
tual summarizer. These features are then processed by two
independent context summarizers, which refine the resulting
acoustic and visual features with learnable tokens that build a
summarized context from the most useful cues present in each
modality.

B. CONTEXT SUMMARIZER

The structure of the context summarizer is based on the de-
coder layout of the Transformers [52], as shown in Fig. 1(b).
We draw inspiration from lashin et al. [53]. In our work, we
define N« as the number of learnable tokens per modality,
which is set to 128 based on the experiments we highlighted in
Section IV-F. These tokens, Q, € R¥x*? and Q, € RNewxd,
serve as trainable queries in a cross-attention mechanism that
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“pulls” relevant information from the acoustic and visual fea-
ture sequences:

¢a = Decoder(Q,, A) € RNexx 1,024, (1
¢y = Decoder(Qy, V) € RNewwx1.024, (2)

where A € R¥*? and V e RM*¢ are the flattened audio and
video features, respectively. Because Nyix << N,, Ny, the sum-
marizer condenses the original sequences into a more compact
set of representations, effectively ignoring empty or irrelevant
frames (e.g., from missing data). This architecture enables
the summarizer to learn compressed representations from the
most informative frames, which is critical in non-ideal sce-
narios with missing or noisy data. Unlike standard pooling,
the learnable tokens dynamically attend to useful segments
within each modality stream.

C. CROSS-MODAL TRANSFORMER LAYERS

The learned output contexts from each modality are processed
through cross-modal transformers (CMT). The embedded
context features for each modality are used to generate the
Q, V, and K matrices. To compute attention scores from one
modality to another, we use cross-modal attention as pre-
sented in Tsai et al. [44]. Using CMT layers is ideal for our
purpose. When one modality is entirely missing, the cross-
modal sublayer creates a near-zero update and, via the residual
connections inside the transformer layers, it preserves the
representation of the available modality. Then, the layers to
follow operate in a unimodal manner.

Subsequently, the cross-modal outputs are input into the
self-attention layers that have a structure similar to that of the
cross-modal attention layers. However, there is no exchange
of information from one feature modality to another. The Q,
V, and K matrices are contained within their respective self-
attention layers, computing separate feature representations.
The use of self-attention modules after the cross-modal layers
helps our model to emphasize areas of the cross-modal con-
texts that are more useful for our discriminative task. At this
stage, the outputs of the self-attention layers are still shaped
as ¢, € RVexx1.024 anq ¢ o RNewxx 1,024,

Lastly, these representations are passed through two sep-
arate pooling layers to obtain flattened representations for
each modality sequence, shaped as h, € R!*19%4 and h, €
R!*1.024 " These pooling layers employ attentive statistics
pooling (AS-Pool) [54], which utilizes an attention mecha-
nism to allocate varying weights to different frames. This
technique enables the calculation of both weighted means
and standard deviations for the frames sourced from each
self-attention layer. The processed outputs from the pooling
layers are subsequently concatenated and fed into a series of
fully connected (FC) layers for emotion prediction.

IV. EXPERIMENTAL SETTINGS

A. DATASETS

This study employs the CREMA-D corpus [23] and the MSP-
IMPROV corpus [22] for training and evaluation. We selected
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these corpora because their labels are based on perceptual
evaluations from several evaluators, and the sessions include
clear audio recordings and frontal facial views of the par-
ticipants. These conditions are not present in some of the
other multimodal databases (e.g., the IEMOCAP corpus [55]
has only three annotators per sentence and does not provide
frontal face videos of the participants).

The CREMA-D is an audio-visual database featuring high-
quality video clips of 91 actors from diverse gender, racial,
ethnic, and age groups. The dataset comprises 7,442 video
clips (we exclude four corrupted files). There are 2,443 unique
raters. Each speech sample was annotated on average by 9.84
annotators (the maximum number of annotators per sample
was 12 and the minimum was 6). The lengths of the clips
vary, with an average duration of 2.54 seconds (the max-
imal duration is 5.01 seconds and the minimal duration is
0.51 seconds). We defined the task within the CREMA-D
dataset using ‘“speaker-independent” splits for six-category
multi-label classification task, involving the emotions anger,
disgust, fear, happiness, sadness, and neutral state similar to
the setup presented in Chou et al. [56].

The MSP-IMPROYV corpus [22] serves as the second audio-
visual resource that we consider. This corpus was devised to
probe the nuances of emotional perception in conversational
scenarios. Rather than simply instructing actors to repeat
sentences with varied emotions, a protocol was employed
to create authentic emotional interaction turns by designing
hypothetical two-person scenarios that would prompt a par-
ticipant to utter the target sentence with the desired emotion.
With 20 target sentences spanning four emotional states (hap-
piness, sadness, anger, and neutrality), 80 unique scenarios
were produced. This segment of the corpus includes 652
speech instances. Additionally, the corpus encompasses all
other interactions leading up to the target utterance (4,381
spontaneous speech turns) and natural interactions between
the actors during the breaks of the improvisations (2,785 nat-
ural speech turns). It further consists of read renditions of the
target sentences in the four emotions (620 rehearsed speech
instances). In total, the MSP-IMPROV corpus comprises
7,818 spontaneous speech instances and 620 read phrases. The
annotation was conducted through a crowd-sourcing protocol,
with a minimum of five workers annotating each sentence.
Similar to the CREMA-D setup, we defined the task within the
MSP-IMPROV dataset using “speaker-independent” splits.
The only difference is that this dataset provides four emotions:
anger, sadness, happiness, and neutral state, leading us to set
up a four-category multi-label classification task.

B. TASK DEFINITION

This work formulates the emotion recognition task as a
multi-label problem, which differs from the common single-
label classification approach used in previous AVER studies.
For this purpose, we first consider all emotional ratings to
compute the distribution of the labels using the counts of
the selected emotions. Then, we follow the work of Riera
et al. [57] and Chen et al. [58] to use a threshold, 1/C (where
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TABLE 1. Example of an Annotation From the CREMA-D Corpus in Which
Six Raters Selected Anger (A) and Two Raters Selected Sadness (S). Other
Emotions (Disgust (D), Fear (F), Happiness (H), and Neutral State (N)) Were
Not Selected.

‘ Raw Annotation ‘ A*6, S*¥2
Label Processi
AbeT FIOCESSINE 1 1 abel for Training Stage | (0.75,0.25,0.0,0.0,0.0,0.0)
Label for Testing Stage (1,1,0,0,0,0)

C is the number of emotions) to binarize the presence of each
emotion in the speech signal, creating hard-decisions for each
emotion. Taking as example one of the datasets utilized in this
study, for CREMA-D the number of target emotions is six, so
the value of the threshold is set to 1/6. This “ad-hoc” design
can mitigate the potential noise problem in the labels. Table 1
shows one example of the label processing approach used in
this study. The labels are distributional labels for the training
stage and are converted into binary vectors when the values
are higher than the defined threshold.

C. EVALUATION METRICS

1) PERFORMANCE METRICS

Our evaluation framework employs macro-F1, micro-F1, and
sample-precision scores to provide a clear assessment of the
AVER systems’ performance. These F1 metrics effectively
measure both recall and precision rates. Macro-F1 computes
the F1 score independently for each emotional class and
averages the results, treating all classes equally. Micro-F1 ag-
gregates counts across all classes before computing the score,
giving more weight to frequent classes. Including both met-
rics provides complementary insights to evaluate the overall
performance of the models. During evaluation, a prediction is
considered correct if the emotion(s) present in the sentence
according to the thresholding approach described in Sec-
tion IV-B. This approach allows precise F1 score calculations,
capturing the systems’ ability to recognize a diverse range of
emotions in imbalanced class scenarios.

2) CALIBRATION

We use probabilistic calibration, which is defined as the
agreement between predicted probabilities and empirical fre-
quencies in the predictions. Among predictions made with
confidence p for an emotion e, approximately a fraction p
should be correct. We quantify calibration with the Brier score
(BS) [59], which is defined as the mean squared error between
predicted probabilities and binary targets. For a multi-label
setting with N samples and C emotions, we compute a macro-
averaged BS as

1 ¢ PO Y2
_ e e
B = e 2, 20

where pge) € [0, 1] is the probability for emotion ¢ on sam-
ple i, and yl@ € {0, 1} is the corresponding target. Lower

BS indicates better calibration [60]. Note that calibration is
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complementary to thresholded recognition metrics (e.g., F1);
a model can be well-calibrated but show different per-emotion
F1, and vice versa.

D. IMPLEMENTATION DETAILS

The section describes how we implement the models in detail,
including feature extraction, model configuration, training
strategy, and baseline methods.

1) FEATURE EXTRACTORS DETAILS

For the visual feature extraction, we employ the pre-trained
MobileNetV2 model [50], which has been fine-tuned on
the AffectNet corpus [61]. AffectNet is a large-scale facial
expression dataset containing more than one million facial
images collected from the internet and annotated for eight
discrete emotions (e.g., happiness, sadness, anger) as well as
continuous valence and arousal values. We fine-tune the Mo-
bileNetV2 architecture on the 8-class emotion classification
task to be used for feature extraction. The images are pro-
cessed through MobileNetV2 to extract a 1,280-dimensional
feature vector from the global pooling layer for each im-
age, denoted as x, € RN"XI’ZSO, where N, represents the
total frames per sequence. For the acoustic features, we
use the pre-trained WavLM-large model [58], available at
“microsoft/wavlm-large.”.! This process yields an acoustic
feature set x, € RNa*2x1.024 (ith N, as the sequence length,
1,024 as the dimensionality of the hidden states, and 25 rep-
resenting the number of layers of hidden states used.

2) MODEL CONFIGURATION AND TRAINING SETTINGS

Fig. 1(a) illustrates the framework of the model. The con-
text summarizer is configured with 128 learnable tokens, 6
layers with multi-head attention blocks (8 heads each), a
dropout of 0.1, and an embedding dimension of 1,024. Both
the cross-modal and self-attention layers have the same struc-
ture, featuring 3 layers, 8 heads, an embedding dimension of
1,024, an embedding dropout of 0.25, and dropouts for atten-
tion and residuals at 0.1. The prediction head includes three
FC layers with 2,048, 1,024, and 256 dimensions. Adopting
the approach of modality dropout strategy outlined in previ-
ous AVER studies [20], we implemented modality dropout
during training to ensure our approach can properly handle
non-ideal environments where modalities might be partially
or completely absent. Specifically, for each training batch,
we randomly zero out acoustic features 20% of the time,
visual features 20% of the time, and leave features unchanged
60% of the time. This training strategy prepares the model
to handle scenarios not encountered under optimal condi-
tions. We train on a 6-class or 4-class emotion classification
task, using the class balanced objective function, detailed in
subsection IV-D3, for 60 epochs at a learning rate (1r) of
1 x 107>, We utilize the AdamW optimizer with a weight

Thttps://huggingface.co/microsoft/wavim-large
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TABLE 2. Overview of Models’ Performances on the CREMA-D and MSP-IMPROV Datasets. The Columns Show the Average macro-F1 (Macro-F1),
micro-F1 (Micro-F1), and Sample-Precision (Sample-Precision). In Brackets, We Present the Lower and Upper Bounds of the Confidence Interval Between

2.75% and 97.5% for Each Result.

Model | CREMA-D | MSP-IMPROV
‘ Macro-F1 Score 1 Micro-F1 Score T Sample-Precision 1 ‘ Macro-F1 Score T Micro-F1 Score 1 Sample-Precision 1
TLSTM [47] 0.710 (.704, .716) 0.705 (.699, .711) 0.705 (.699, .711) 0.648 (.639, .657)  0.710 (.703, .716) 0.733 (.725, .741)
SFAV [46] 0.731 (.725, .737) 0.731 (.725, .736) 0.728 (.723, .734) 0.642 (.633, .650) 0.708 (.703, .715) 0.716 (.709, .724)
MulT [44] 0.743 (738, .750) 0.743 (.738, .749) 0.741 (736, .748) 0.651 (.643, .659) 0.710 (.703, .716) 0.728 (.720, .735)
AuxFormer [20] 0.742 (737, .748) 0.742 (737, .748) 0.741 (734, .747) 0.672 (.663, .680) 0.728 (.722, .734) 0.740 (.733, .748)
VAVL [48] 0.772 (767, .778) 0.770 (.765, .775) 0.770 (.765, .775) 0.680 (.673, .689) 0.749 (741, .754) 0.771 (.766, .776)
RAVER ‘ 0.777 (.771, .782) 0.772 (.766, .777) 0.772 (.766, .777) ‘ 0.692 (.683, .700) 0.752 (.746, .758) 0.779 (.772, .786)

TABLE 3. Comparison of macro-F1 Scores Between Single-Modality
Methods and Multimodal Models Under 100% Missing Audio or Video

Conditions

100% Missing 100% Missing
Model

Audio (FER) Video (SER)
FER [65] 0.658 (0.652, 0.665) -
SER [66] - 0.709 (0.703, 0.714)
AuxFormer [20]  0.710 (0.708, 0.711)  0.704 (0.703, 0.706)
SFAV [46] 0.673 (0.671, 0.674)  0.644 (0.642, 0.645)
TLSTM [47] 0.699 (0.697, 0.700)  0.678 (0.676, 0.680)
MulT [44] 0.705 (0.704, 0.707)  0.678 (0.676, 0.680)
VAVL [48] 0.659 (0.657, 0.661)  0.706 (0.704, 0.707)

RAVER (Ours)

0.737 (0.736, 0.739)

0.751 (0.750, 0.753)

decay of 5 x 1077 and beta parameters of 0.95 and 0.999, and
utilizing a batch size of 32. Experiments were conducted on
an NVIDIA A100 GPU.

3) CLASS-BALANCED OBJECTIVE FUNCTION

This study not only takes model accuracy into account but also
cares about the reliability and robustness of AVER systems.
Miscalibrated systems mainly result from the imbalanced
annotation distributions, so we follow Chou et al. [62] to
introduce the class-balanced cross-entropy (CBCE) loss to
mitigate the miscalibration of models’ predictions. The CBCE
was originally proposed by Cui et al. [63], and the main
operation of the CBCE is using a weighting factor to control
the loss values of each class during the training phase. The
weighting factor is defined as 117;/5%[., where n; is the number
of positive samples in the i’ emotional class in the training
set, the C is the number of emotional classes and 8 € (0, 1] is
a hyperparameter. The number of weighting factors equals the
number of target emotions. The CBCE value can be calculated
using (3):

3)

c
1- i
Lcpce = Z <1_—’3€l ﬁ(ci") ’

i=1

where ﬁg}s is the value of the cross-entropy loss [64] for the
i'" emotion.
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E. BASELINES

We benchmarked our proposed model with five AVER frame-
works, utilizing code from their respective repositories or
specifications from associated papers.

VAVL: Proposed by Goncalves et al. [48], the VAVL model
employs a versatile combination of acoustic-only and visual-
only layers that process audio-visual content before merging
into shared layers for joint learning discriminative features for
AVER.

MulT: Proposed by Tsai et al. [44], the MulT model uses
a cross-modal transformer framework designed for human
language time series. We adapt this architecture to generate bi-
modal representations by focusing only on visual and acoustic
features, excluding the textual branch.

SFAV: Chumachenko et al. [46] presented a model
for audio-visual emotion recognition that adapts to in-
complete data by using robust fusion techniques such
as late and intermediate transformer fusion for feature
integration.

AuxFormer: Presented by Goncalves and Busso [20], the
AuxFormer model uses transformer layers to create cross-
modal representations, incorporating unimodal auxiliary net-
works and modality dropout to enhance robustness. This
approach achieves strong performance in both multimodal and
unimodal scenarios (e.g., audio-only or video-only).

TSLTM: Proposed by Huang et al. [47], the TSLTM
model combines transformers and LSTM networks in their
architecture for continuous emotion recognition, leverag-
ing multi-head attention to fuse audio and visual data into
a shared semantic space to model long-term emotional
dynamics.

F. CONTEXT LENGTH OF RAVER SUMMARIZER

Our method involves one key parameter: the context size
of the summarizer. Initial experiments on the development
set explored various context sizes, including 16, 32, 64,
128, and 256. Fig. 2 presents the average of performances
across different context lengths, simultaneously considering
both audio and visual missing frames. To generate this plot,
we averaged the results on CREMA-D from acoustic ab-
lations and visual ablations at different percentage levels
of missing frames. These findings suggest that while the
performance across various context lengths is generally sim-
ilar, a context size of 128 consistently achieved the highest
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TABLE 4. Overview of Recognition Performances and Model Calibration of the AVER Systems for Each Emotion on the CREMA-D Dataset

Model ‘ Brier Score | ‘ Anger T Sadness 1 Disgust T Fear 1 Neutral 1 Happiness T
TLSTM [47] 0.143 0.742 (.729, .753) 0.610 (.596, .624) 0.632 (.620, .643) 0.673 (.663, .684) 0.782 (.774, .790) 0.884 (.874, .892)
SFAV [46] 0.134 0.742 (.727, .757) 0.617 (.597, .637) 0.648 (.631, .664) 0.708 (.695, .723) 0.788 (.777, .800) 0.880 (.867, .892)
AuxFormer [20] 0.134 0.752 (.735, .768) 0.654 (.636, .673) 0.668 (.653, .684) 0.697 (.682, .712) 0.810 (.801, .821) 0.873 (.860, .886)
MulT [44] 0.128 0.765 (.749, .782) 0.637 (.617, .656) 0.666 (.649, .682) 0.713 (.699, .729) 0.803 (.793, .814) 0.875 (.861, .888)
VAVL [48] 0.128 0.789 (.774, 804)  0.669 (.651, .687) | 0.735 (.720,.748)  0.726 (.712, .740) | 0.815 (.804, .825)  0.900 (.888, .911)
RAVER ‘ 0.119 ‘ 0.796 (.782, .812) 0.669 (.650, .688) 0.733 (.717, .747) 0.736 (.721, .751) 0.805 (.795, .816) 0.922 (.910, .932)
DN
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FIGURE 2. Preliminary experiments exploring the optimal context length.
Y-axis represents macro-f1 scores on the CREMA-D dataset.
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(a) Missing % of acoustic modality  (b) Missing % of visual modality

FIGURE 3. Analysis of our system’s performance when modalities are
masked from the CREMA-D dataset. The macro-F1 results (y-axis) are
obtained from masking acoustic or video frames from 0% to 100% (x-axis).
Note that the x-axis uses a step size of 10% from 0 to 90 and 1% from 90
to 100 to provide finer granularity in extreme cases. Results are plotted
with the mean, lower, and upper bound values.

macro-F1 score under various conditions of missing audio and
video on the development set. Therefore, we proceed with
the experimental results and analysis of RAVER with these
settings.

V. RESULTS AND ANALYSES

We aim to evaluate performance scores and bias of AVER
systems across emotions. To fairly compare the effective-
ness of the proposed method, we also show the results
of the five different existing SOTA AVER systems men-
tioned in Section IV-E. Table 2 summarizes overall results
on both the CREMA-D and MSP-IMPROV emotion datasets.
As observed, RAVER consistently outperforms the other
models across both datasets, demonstrating significant im-
provements over the SOTA AVER methods. In the following
sections, we further explore the effectiveness of the proposed
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frames. State N:1 indicates that the frame is received, and state L:0
indicates that the frame is lost.

model under non-ideal conditions, such as missing modali-
ties, and conduct emotional state bias analyses against SOTA
AVER methods. Due to space limitations, we present de-
tailed results from the CREMA-D database, although similar
performance trends were observed with the MSP-IMPROV
dataset.

A. MISSING MODALITY CONDITIONS

This section evaluates the performance of the AVER models in
scenarios where modalities are missing. We use two methods
to simulate missing data conditions: random masking and
packet loss.

1) SIMULATION BY RANDOM MASKING

We simulate missing data conditions by randomly masking
either visual or acoustic information at the frame level. As de-
picted in Fig. 3, we progressively mask input frames, starting
from 0% and increasing to 90% in 10% increments, following
previous studies [11], [20]. To further examine performance
under extreme conditions, we apply masking from 95% to
100% in 1% increments. This analysis provides insight into
how model performance varies with reduced audio-visual data
and evaluates the model’s ability to handle severe data ab-
sence.

Fig. 3 demonstrates that our proposed approach achieves
the best AVER performance across all baselines and main-
tains strong performance across varying missing content
percentages. Unlike VAVL, SFAV, or MulT, RAVER does not
experience sharp performance drops, even in extreme cases
(e.g., 95% or more missing content).

While Table 2 shows only a slight improvement of
RAVER over the VAVL framework under ideal condi-
tions, noticeably, our missing modality analysis reveals a
larger gap under degraded scenarios. VAVL’s performance
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FIGURE 5. Overview of macro-F1 scores (Y-axis) on the CREMA-D dataset using the Markov chain packet-loss simulation of missing audio and video
frames. The figure reports the approximated percentage of dropped frames (ADF) in the X-axis. The X-axis also reports the parameter values of the

Markov chain packet-loss model used for each scenario (P., Py).

significantly drops as missing frames increase, whereas
RAVER maintains superior robustness, making it more ef-
fective for real-world applications with modality degradation.
The results underscore the effectiveness of our proposed
RAVER method, which leverages context summarization and
modality dropout to ensure robustness even under extreme
conditions.

2) SIMULATION BY A MARKOV CHAIN PACKET-LOSS
Simulating random missing frames is not always a proper
strategy representing practical applications. For example,
when transmitting frames over the Internet, the probability of
missing frames increases if the previous frame was missed. To
simulate audio-visual testing scenarios with missing data, we
utilize the two-state Markov Chain packet-loss model, com-
monly used to simulate packet loss on the Internet. Following
the strategy employed in other studies for emotion recognition
tasks [11], [67], we establish frame-level probabilities for
packet loss (pr) and transmission (py ), generating a randomly
sampled binary sequence mask for the test sentence. Fig. 4
shows this model. The initial frame always begins in the
non-loss state. This simulation masks audio and visual content
simultaneously within the same regions.

Fig. 5 illustrates the comprehensive test results across
varying values of p; and py. The figure also includes the
approximated percentage of dropped frames (ADF). As ob-
served, the proposed RAVER achieves the best performance
in all conditions compared to the baselines, demonstrating
the effectiveness and resilience of the proposed method to
audio-visual missing scenarios.

An interesting possible scenario is asynchronous cases of
missing modalities. In practice, audio and video may be miss-
ing at different times. Our architecture also supports this
setting. We maintain independent frame-level masks for audio
and video (m,, m,); each modality’s contextual summarizer
attends only to unmasked frames, and cross-modal fusion
operates after summarization. Consequently, intermittent and
unsynchronized drops in either modality are handled without
modifying the model architecture or training strategy.
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3) COMPARISON WITH SINGLE-MODALITY EMOTION
RECOGNITION

To contextualize the robustness of our framework under ex-
treme missing modality conditions, we compare RAVER to
recent single-modality models for speech emotion recognition
(SER) [66] and face emotion recognition (FER) [65]. Table 3
summarizes the macro-F1 scores under the 100% modality
loss scenarios on the CREMA-D dataset.

Table 3 shows that RAVER consistently outperforms the
strongest unimodal baselines, particularly under the 100%
missing visual or acoustic input. The SER model in Chou
et al. [66] uses WavLM as the speech representation. Notably,
RAVER exceeds this SER model despite both relying on the
same acoustic features. This evaluation demonstrates that our
architecture’s summarization and fusion design provides ro-
bustness and generalization even in single-modality scenarios.
During multimodal training, the models can learn robust rep-
resentations that bring advantages even when only a single
modality is available. For example, we have observed in our
previous work that multimodal models evaluated with a single
modality outperform the performance of their corresponding
unimodal models [20], [68].

We attribute RAVER’s resilience under extreme missing
modality conditions to its contextual summarizer. The learn-
able query tokens within the summarizer enable the model to
focus on the remaining informative frames even when 95%
or more of the input is missing. This strategy stands in con-
trast to traditional models that rely on uniform pooling or
full-sequence attention.

B. MODEL CALIBRATION AND PER-EMOTION RESULTS

In this work, we allow samples to have more than one emo-
tion (multi-label formulation). This section aims to verify
the calibration of the model’s predictions and the recognition
performance for each emotion. Table 4 presents measures
of model calibration using the Brier Score and performance
evaluations using the macro-score. RAVER outperforms all
baseline models on four of the six emotion classes, indicating
a stronger ability to generalize across emotional categories.
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While the overall performance of RAVER achieves a Macro-
F1 score of 0.77 for CREMA-D, as detailed in Fig. 2, we
observe performance disparities between emotions, such as
happiness (with a sample-F1 score of 0.922) and sadness (with
a sample-F1 score of 0.669). Despite these performance dis-
parities, Table 4 shows that RAVER achieves the lowest Brier
Score (0.119) among the tested models. Therefore, RAVER
not only achieves the best performance but also is the most
well-calibrated model across emotions. This result highlights
that RAVER not only improves overall robustness but also re-
duces emotion-specific variability more effectively than prior
methods. While RAVER makes improvements, these results
highlight the need for further effort to achieve equal perfor-
mance across different emotions during training.

VI. CONCLUSIONS AND FUTURE WORK

This paper aims to enhance the robustness of an audio-visual
emotion system under missing modality. Our approach shows
robustness in handling missing modalities. It outperforms five
current SOTA AVER systems, particularly in scenarios where
over 95% of the input modality signals are absent.

In future research, we plan to address the fairness of AVER
systems, motivated by our findings of bias in current lead-
ing AVER models. Our goal is to intentionally modify our
architecture and training strategies to create models that are
not only robust but also fair. Additionally, we intend to in-
tegrate the textual modality into the systems, as suggested
by the study of Schmitz et al. [69], which indicates that the
text modality exhibits less bias compared to audio and visual
modalities. The CREMA-D corpus is particularly valuable
as it includes demographic information about the speakers.
Future advancements can be achieved by incorporating this
feature in new data collections.
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