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Abstract

Emotion analysis is a fundamental task in computer vision, but
its practical deployment remains constrained by the privacy risks
inherent to conventional RGB cameras. Bio-inspired event cameras
present a promising hardware-level solution because they capture
asynchronous brightness changes, thereby reducing exposure of
facial identity details while leveraging high dynamic range for
robust perception under challenging illumination conditions. De-
spite these advantages, existing event-based methods struggle in
complex real-world settings due to limited dataset scales, simple
acquisition conditions, and reliance on single-modality visual cues.
To address these, we establish a challenging tri-modal benchmark
with event, audio, and text modalities and propose the Information-
Guided Gated Fusion (IGF) framework, which first pre-trains an
event encoder on the FAU subset of Emo-DVS to capture fine-
grained facial dynamics, then employs adaptive modality gating
to suppress modality-specific noise, and finally leverages mutual
information maximization to align robust cross-modal representa-
tions. To alleviate data scarcity, we introduce Emo-DVS, the first
large-scale event-based emotion analysis dataset, which couples
dynamic illumination with the Facial Action Unit (FAU) subset
and emotion subset. Extensive experiments demonstrate that IGF
achieves state-of-the-art performance. [Code]
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Figure 1: Limitations of RGB sensors and the advantages
of event cameras under challenging illumination scenarios.
(a) (c) Traditional RGB sensors struggle to extract textural
and features under low-light and overexposure. (b) (d) In
contrast, event cameras capture clear facial details under
these lighting conditions.

Cameras. In Proceedings of the 34th ACM International Conference on Multi-
media (MM °26), November 10—14, 2026, Rio de Janeiro, Brazil. ACM, New
York, NY, USA, 10 pages. https://doi.org/10.1145/3767308.3834941

1 Introduction

Emotion analysis serves as a core task in computer vision with broad
applications in psychological assessment [29, 63], human-computer
interaction [28, 58], and intelligent security surveillance [3, 50].
However, most existing methods rely on RGB sensors that capture
identifiable facial details and static textures, inevitably leading to
privacy leakage concerns in real-world deployments [27, 30]. With
growing concerns regarding privacy protection, extracting facial
features via RGB cameras restricts the practical deployment of
emotion analysis systems [10, 36].
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Unlike RGB sensors, bio-inspired event cameras [52, 60] only
record asynchronous brightness changes, emerging as an alterna-
tive to address privacy leakage at the hardware level. This para-
digm naturally filters out static background textures and detailed
facial identities [5], achieving privacy preservation. Furthermore,
as shown in Fig. 1, due to their high dynamic range (HDR), event
cameras exhibit robust perception capabilities under various illumi-
nation conditions, not only in low-light environments [1, 12], but
also under illumination overexposure [45], where RGB sensors fail.

Despite the advantages of privacy protection and illumination
robustness, current event-based emotion analysis methods [2, 6, 37]
perform poorly under such complex settings. We identify three key
reasons: First, existing event-based datasets are limited in scale,
struggling to support the training of deep learning models. Second,
environmental setups are simple, and do not take into account for
real-world variables such as diverse lighting, varying distances,
and occlusion. Third, there is a lack of exploration into multimodal
mechanisms. Human emotion is a multidimensional expression
comprising visual, acoustic, and linguistic cues. Relying solely on a
single visual modality is insufficient to represent high-level seman-
tics and capture the complete generative logic of emotions. Thus, a
dedicated benchmark for these settings, together with a multimodal
emotion analysis model, is needed to advance research.

To this end, we construct Emo-DVS and establish a benchmark.
First, we introduce Emo-DVS, as shown in Fig. 2, a large-scale event-
based emotion analysis dataset with varying dynamic illumination,
which combines real-world recordings with fine-grained FAU anno-
tations to capture low-level physical dynamics, and simulated data
for high-level emotional semantics. Second, based on the proposed
dataset, we establish a challenging multimodal emotion analysis
benchmark. Unlike previous event-based studies limited to a single
visual modality, this benchmark defines a tri-modal emotion classi-
fication task comprising event, audio, and text, aiming to explore
the cross-modal complementary mechanisms between bio-inspired
visual, acoustic and linguistic semantics. Finally, to provide a strong
baseline, we propose an Information-Guided Gated Fusion (IGF)
framework. By first pre-training an event encoder on the FAU sub-
set of Emo-DVS, the framework effectively captures fine-grained
low-level physical dynamics. The extracted spatio-temporal pri-
ors, combined with acoustic and textual features, are then passed
through an adaptive modality gating module to filter specific noises.
Subsequently, it uses mutual information maximization to align
cross-modal representations for emotion analysis.

Extensive experiments on Emo-DVS demonstrate that the pro-
posed framework effectively leverages cross-modal cues, establish-
ing a state-of-the-art performance for privacy-preserving emotion
analysis across varying illumination conditions. Our main contri-
butions are summarized as follows:

o We construct Emo-DVS, the large-scale event-based emotion
analysis dataset that couples dynamic illumination condi-
tions with hierarchical FAU.

e We propose a challenging multimodal emotion classifica-
tion benchmark capable of exploring the complementary
mechanisms among event streams, text, and audio.

e We introduce an adaptive modality gating scheme and a mu-
tual information maximization strategy, forming the robust
IGF framework for cross-modal emotion analysis.
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Figure 2: Examples of Emo-DVS. The left columns show real-
world captured samples, the right shows simulated samples
(based on data from VideoEmotion8, Ekmané, and etc.)

2 Related Work

2.1 Event-based emotion analysis datasets

Event-based emotion analysis has attracted increasing attention,
but public datasets remain scarce. As summarized in Table 1, NEFER
[8], FACEMORPHIC [6], Emo-SNN [37], and ERD [7] provide paired
RGB and event data with different annotations. VETEX [2] further
includes RGB, thermal, and event modalities with Action Unit an-
notations. Other studies [9, 49] simulate event streams from RGB
datasets such as CK+ [35] and MMI [41] using v2e [21]. However,
synthetic data may suffer from domain gaps with real recordings.

Existing datasets are also limited in scale, annotation consistency,
and environmental diversity. To address these issues, we introduce
Emo-DVS, a large-scale event-based emotion dataset featuring di-
verse recording tasks, lighting conditions, and FAU annotations.
It provides a challenging benchmark for emotion recognition in
complex environments.

2.2 Video Emotion Analysis

Video Emotion Analysis (VEA) is a task in affective computing,
with applications in psychological analysis [11, 24, 43, 61], human-
computer interaction [31-33], and intelligent surveillance [23, 33,
64]. Emotion models are categorized into categorical and dimen-
sional approaches. Categorical methods [38, 48, 51] represent emo-
tions as discrete classes, such as Ekman’s six basic emotions [14],
whereas dimensional methods [46] describe them in a continuous
space, typically using Valence, Arousal, and Dominance.

Deep-learning methods increasingly adopt multimodal emotion
analysis [16, 19, 20, 42, 53, 66], but most combine RGB, audio, and
text. Tri-modal emotion analysis using neuromorphic event data
remains underexplored. We address this gap by introducing a bench-
mark that integrates event streams, audio, and text.

3 The Emo-DVS Dataset
3.1 Setting and Protocol

To bridge the gap between laboratory-constrained datasets and real-
world scenarios, we construct Emo-DVS, a large-scale multimodal
event-based benchmark for emotion analysis. The dataset contains
13,066 video clips in total, including 4,042 clips in the FAU set
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Year Dataset Scale Class Users Res.” Synch. Real Occ. Light” Annotations
LMs BBox Emo. AUs

2023 e-CK+ [35] 327 7 93 346 X 260 X X X X v X v v
2023 e-MMI [35] 2,000 9 75 346 X 260 X X X X v X v 4
2022 ERD [7] 455 3 25 640 X 480 v v X X X v X X
2023 NEFER [8] 609 8 29 1280 X 720 v v X X v v v X
2024  FACEMORPHIC [6] 3,148 24 64 1280 X 720 v v X X v v X 4
2024 VETEX [2] 2,506 7 20 346 X 260 v v v v X X X v
2025 Emo-SNN[37] 510 21 7 1280 X 720 v v X v X X X v
2026 Ours (Emo-DVS) 13,066  29+8*  15+2,721* 1280 X 720 v v v v v v v v

Table 1: Comparison of datasets for event-based emotion analysis. Res., Synch., Occ., LMs, BBox, Emo., and AUs denote
resolution, synchronization, occlusion, landmarks, bounding box, emotion, and facial action units. Here, Res.” denotes the
resolution of event camera, Light* indicates whether simulated natural light is present, 29+8” in Class indicates 29 action units
(AUs) and 8 emotion categories, and 15+2,721" in Users denotes 15 participants and 2,721 personalities from public datasets.

and 9,024 clips in the Emotion set. As shown in Fig. 3, Emo-DVS
follows a hierarchical design that couples low-level facial dynamics
with high-level emotional semantics. The FAU set forms the foun-
dational physical layer by focusing on fine-grained facial action
units (FAUs), while the Emotion set captures high-level emotional
semantics under spontaneous and posed expression paradigms.

Collecting natural emotional expressions through real-world

recordings is challenging, since the awareness of being recorded
often introduces psychological cues and self-conscious behavioral
bias, which may compromise expression authenticity. To alleviate
this issue, we construct the Emotion set by curating large-scale web
videos and organizing them into spontaneous and posed paradigms.
This design captures more diverse and natural emotional behaviors
while reducing recording-induced bias. In addition, the real-world
captured event portion of Emo-DVS already provides a solid real-
event foundation for the benchmark.
The FAU set of Emo-DVS. To enrich open-source resources for
event-based emotion analysis, we construct a video subset in which
participants perform specific Action Units (AUs) defined by the
Facial Action Coding System (FACS). This subset contains 29 dis-
tinct AUs, including 21 facial muscle activations and 8 macro ac-
tions involving head movements. Data acquisition follows a guided
elicitation protocol. For each AU, participants first watch a demon-
stration video and then imitate the target action at a natural speed.
Therefore, these labels indicate elicited target actions rather than
expert-certified FACS annotations.

We employ the DVSync hybrid camera system as the capture
framework to ensure high-fidelity multimodal alignment. This sens-
ing platform integrates a Prophesee DVS event sensor at 1280 X 720
resolution with a synchronized IMX415 RGB sensor at 3840 X 2160
resolution within a unified optical architecture. The hardware-level
synchronization resolves the spatial-temporal misalignment com-
monly encountered in neuromorphic data collection. During acqui-
sition, the DVSync system is mounted on a fixed tripod and record-
ings are conducted in diverse environments, including bedrooms,
kitchens, and classrooms to improve environmental diversity and
practical relevance. Unlike previous event-based datasets that focus
only on cropped facial regions, we adopt a multi-distance recording
protocol, including near-distance face-centered views, medium-
distance upper-body views, and far-distance full-body views while
preserving facial visibility. Moreover, to exploit the high dynamic

range of event cameras, data collection is performed under illumi-
nation levels ranging from 100-150 lux down to extreme low-light
conditions of 2-5 lux. Under such minimal illumination, where
conventional RGB sensors often fail, the event camera retains the
ability to capture fine-grained facial dynamics. To further improve
robustness against facial occlusion, participants are recorded both
with and without glasses.

The Emotion set of Emo-DVS. Corresponding to the FAU Set,
the Emotion Set captures higher-level semantics and contains 9,024
video sequences. These sequences cover diverse categorical emo-
tions under two distinct emotion-generation mechanisms, namely
posed and spontaneous. For the posed setting, we collect high-
quality acted performances, including cinematic clips processed
with event simulation methods such as v2e, to capture intention-
driven affective expressions. In contrast, the spontaneous setting
consists of unconstrained real-world recordings in which emotions
are naturally elicited by external stimuli. All sequences are anno-
tated with reliable semantic labels through cross-verification by
independent annotators.

The spontaneous subset contains 3,582 sequences collected from
platforms such as TikTok, YouTube, and Instagram, with each
source contributing about 600 samples. We select unscripted videos
from stimulus-driven scenarios, including sports events, live con-
certs, and lecture halls, covering six emotion categories defined
by Ekman’s criteria [14]. The duration of each sequence is limited
to 10-15 seconds, which matches the natural evolution of emo-
tional expression from onset to peak and offset while avoiding
static frames with limited neuromorphic information. The posed
subset contains 5,442 sequences. Instead of using unscripted record-
ings, it is built from intention-driven performances mainly derived
from the VideoEmotion8 [25] and Ekman6 [54] benchmarks. These
sequences represent scenarios in which facial dynamics are closely
associated with goal-directed semantic expressions.

After collection and cropping, all RGB videos are converted into
event streams using the v2e [21] simulator. All generated event data
are standardized and archived in HDF5 format, ensuring temporal
precision and enabling efficient data loading for model training.

3.2 Annotation Strategy

Text and Audio Modalities Annotation. We developed different
feature extraction methods for each subset, to support multimodal
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Figure 3: The construction of the Emo-DVS dataset. (a) Data collection for the FAU subset. Participants watch demonstration
videos and internalize the target action. Following this cognitive mapping, event cameras record the entire imitation process.
The sensors output raw event streams, which then were converted into event frames. (b) In the spontaneous paradigm, we
select unscripted live streams to ensure the induction of the characters’ emotional states by the external environment. In the
posed paradigm, we select videos dominated by performance, where the expressions of the selected characters are performed
based on experience after receiving instructions. Finally, we convert these selected videos to event streams.

emotion analysis. Within the FAU subset, we built a fine-grained
semantic mapping library alongside a multi-template strategy. This
approach converts discrete action labels into structured natural
language descriptions.For example, we transform the specific label
FAU1 into the descriptive text “a face showing an inner brow raiser”.
This conversion resolves the cross-modal feature alignment limita-
tions in discrete labels. Conversely, for the Emotion set featuring
naturalistic contexts, we used FFmpeg to extract and standard-
ize the audio tracks from the raw videos. Subsequently, applying
Qwen3-ASR [47] which is an automatic speech recognition model
transcribes these tracks into text dialogues. These aligned audio
signals and semantic texts provide vital contextual supplements for
multimodal emotion analysis in complex scenarios.

Bounding Boxes and Facial Landmarks. The lack of absolute
texture and intensity information renders precise spatial localiza-
tion directly on asynchronous event streams a challenge. Using the
hardware-level spatial-temporal alignment of the recording setup
alongside the exact frame-to-event correspondence from the v2e
simulations, we applied face detection algorithm [26] and facial
landmark estimator [59] directly to the aligned RGB video frames,
thereby extracting accurate bounding boxes and dense facial land-
marks. Finally, subjecting all auto-generated spatial annotations
to rigorous frame-by-frame visual validation by domain experts
guarantees absolute accuracy and temporal consistency.
Emotion Annotation. Emotion annotation aims to describe the
emotional states of individuals in the videos. For the FAU subset,
categorical labels were derived using a standard Facial Action Unit
mapping table. For the posed paradigm of the Emotion Set, we di-
rectly inherited validated annotations from the source benchmarks.
For the spontaneous paradigm, initial emotion labels were obtained
from original video tags and contextual cues. Multiple trained anno-
tators then conducted independent cross-checking and voting, and
the final labels for the eight emotion categories were determined by
majority agreement to ensure annotation accuracy and objectivity.
Facial Action Units Annotation. Facial Action Unit annotations
provide fine-grained descriptions of facial muscle activations. In

the FAU subset, video-level labels correspond to the target actions
demonstrated to participants. However, posed expressions may also
trigger unintended non-target action units. We therefore employed
OpenFace [4] to identify the temporal boundaries of these activa-
tions, followed by manual verification by domain experts to ensure
annotation accuracy and reliability.

3.3 Dataset Statistics and Evaluation Protocol

Dataset Statistics. The FAU subset contains 4,042 clips covering
29 distinct AUs, with approximately 140 samples per AU to reduce
long-tail effects. It includes 15 participants aged 25 to 56 years,
with a male-to-female ratio of approximately 2:1. The Emotion
subset contains 9,024 sequences, including 3,582 spontaneous clips
spanning six emotion categories and 5,442 posed clips.

Evaluation Protocol. Given the identity-sensitive nature of the
FAU subset, we adopt a cross-subject splitting strategy to prevent
identity leakage and ensure a reliable generalization evaluation.
Specifically, participants are divided into mutually exclusive train-
ing, validation, and test sets with a ratio of 70%, 10%, and 20%,
respectively. Under this protocol, identities in the test set remain un-
seen throughout model training. For the Emotion subset, we adopt
a 70%/10%/20% split for training, validation, and testing, respec-
tively. Since this subset is collected from large-scale heterogeneous
web videos and benchmark sources, most sequences correspond
to different individuals and distinct scenarios. To reduce potential
data leakage, all clips derived from the same original source video
are assigned to the same split, preventing near-duplicate content
from appearing across training and testing. This source-disjoint
protocol helps mitigate identity overlap and cross-source leakage,
thereby supporting fair evaluation and reproducibility.

3.4 Privacy and Ethical Considerations

To protect participant privacy and ensure ethical research conduct,
this study has obtained formal ethical approval from our institu-
tional research ethics committee. All participants in real-world



Emo-DVS: A Multimodal Benchmark for Privacy-Aware Emotion Recognition with Event Cameras

MM ’26, November 1014, 2026, Rio de Janeiro, Brazil

-
Event Representation Pre-train

Maximum
Ground-Truth

Global Features

Similarity Score

000000

R —— g

[ Temporal Transformer ]

Event Frame

Multimodal Emotion Recognition

Event
Encoder

=
t HUE
' Spatial Features ' H Text Features Multi-Head Attention E’ g
H H i =
000000 |||.||.|.-> Hubert —>— = v =pi2
e A S A e e e 2 g
1 Audio Lo 2|
[ Spatial Encoder ] [ Text Encoder ] Y i i g
Pnsi!ium\lM p—
T T T T C] Encoding 1
5 £ | [~ : et
v Yég’ ) Z:§ ’» Dial C]_> Linear Projection
‘(3 d If' *’ { Head rotated to the left side Text D J
Framel Frame2 Frame3 Text C]

=¥ Temporal Attention Pooling

LayerNorm & Dropout

Figure 4: Overview of our framework. In the pre-training stage, the FAU subset is used for pre-training. Event frames are first
processed by a Spatial Encoder to extract frame-wise spatial features. These features are then combined with a temporal CLS
token and fed into a Temporal Transformer to obtain global representations, which are aligned with text features using a
contrastive loss or similarity-based objective. In the emotion recognition stage, features from the three modalities are extracted
by their respective encoders and aggregated by Temporal Attention Pooling (TAP) to obtain compact modality-specific features.
Modality gate then applied to regulate each modality, and the resulting features are finally fused for emotion classification.

data collection have provided written informed consent for non-
commercial academic usage, with the right to withdraw at any
time. For third-party public video data, we strictly follow academic
research reasonable use specifications and only include content
that is publicly accessible and suitable for research purposes. The
event-based modality inherently suppresses static facial textures
and identity details, providing a low-identity-exposure representa-
tion. Access is restricted to verified academic researchers under a
formal Data Use Agreement (DUA), which strictly prohibits com-
mercial usage, unauthorized distribution, and any attempts to re-
identify participants. Detailed ethical protocols are included in the
supplementary materials.

To ensure full reproducibility and facilitate future research in
this field, we will make our complete codebase publicly available
and release the Emo-DVS dataset to verified academic researchers
under a formal data use agreement.

4 Method

4.1 Preliminaries

Event Camera. Unlike standard frame-based cameras, event cam-
eras [39, 40, 55, 56] asynchronously record per-pixel illumination
changes rather than absolute intensity. Specifically, an event e; =
(i, Yi, ti, pi) 1s triggered when the logarithmic intensity change at
coordinate (x;,y;) exceeds a predefined contrast threshold C > 0,

logI(xi,yi, ti) - logI(xi,yi, ti — At) > pi- C, (1)

where At is the time elapsed since the last event at (x;,y;), and
pi € {+1,—1} denotes the polarity representing brightness changes.
Consequently, the camera outputs a highly sparse, asynchronous
event stream & = {¢; fi 1+ Although this paradigm provides excep-
tional temporal resolution and high dynamic range [15], the sparse
nature of & is inherently incompatible with standard dense neural
networks. To bridge this gap, we aggregate events within a time
window AT into a dense 3D event frame F. The pixel value at (x, y)

is computed by accumulating event polarities,

Fixy)= > pid(x =iy - 1), @
e € 'SAT
where Ear is the event subset within AT, and §(+, -) is the Kronecker
delta function. This dense representation is then directly processed
by subsequent spatial-temporal architectures.

4.2 Event Representation Pre-training

The event stream is sparse and lacks RGB texture, making it suscep-
tible to background noise. To extract robust facial dynamic priors,
we pre-train our event spatial-temporal encoder on a FAU recogni-
tion task, using the FAU subset of the Emo-DVS dataset.

As shown in Fig. 4, we first represent the raw event stream
as a sequence of event frames V € RTXCXHXW by agoregating
events into T temporal bins. Given event frames V, we employ
a frozen pre-trained CLIP spatial backbone ¥ to extract frame-
level representations X, = %5(V) € RT*¢, To accommodate the
non-square input, the pre-trained spatial positional embeddings
are interpolated.

To capture macro-level temporal deformations, we introduce
a lightweight Temporal Transformer ;. We prepend a learnable
temporal class token x5 € R? to X, and inject temporal positional
embeddings P € R(T+D*4 The global video representation v, € R?
is derived from the first output token,

Ve = 7‘;( [xclsixs] + P) [0], (3)

where [-; -] denotes the concatenation operation.

To bridge the modality gap and enhance semantic richness, we
optimize a text-anchored contrastive objective instead of using a
standard linear classifier. Using the frozen CLIP text encoder Fext,
we generate textual anchors t; = Fext(pe) € R4 for each FAU
category c. Here, p. integrates the class name with continuous
learnable context tokens. The pre-training loss is formulated as,

Lrav = Lee(0(Ve, te), y), (4)
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where Lcg is the cross-entropy loss, o is a learnable temperature
scalar, y is the ground-truth label, and (¥, t.) denotes the cosine
similarity between the L,-normalized representations. This vision-
language alignment forces the encoder to capture precise dynamic
cues while resisting modality-irrelevant noise.

4.3 Information-Guided Multimodal Fusion

To achieve robust tri-modal emotion analysis on the emotion subset
of the Emo-DVS, we design an Information-Guided Multimodal
Fusion (IGF) framework which is detailed as follows.

Temporal Attention Pooling. We introduce a Temporal Atten-
tion Pooling (7°) mechanism to distill variable-length sequences
from event-based visual frames X, encoded by a pre-trained event
encoder, alongside acoustic features X, from HuBERT [18] linguis-
tic features X, from RoBERTa [34]. For each modality m € {0, a, t},
the raw sequence is projected into a latent space R? and augmented
with a sinusoidal positional encoding P € R7*?. We define a learn-
able temporal query q € R to aggregate the sequence through a
multi-head attention A(-) followed by a layer normalization N (-),

b = N (.?I(q, Xm,km)), )

where X, denotes the position-aware features. This process yields
a compact unimodal descriptor h,, € R? for each modality by
adaptively attending to the most informative temporal segments.
Dynamic Modality Gating. To dynamically weigh the contribu-
tion of each modality based on the current input context, we design
a modality gate. Initially, the pooled unimodal features are con-
catenated along the channel dimension and fed into a non-linear
mapping network Fyu (), followed by a normalization function
o(-) to compute the adaptive weights for each modality,

g = 0 (Fyate ([hosha;hy])), (6)

where g = [g,, ga, g:] € R3 denotes the modality contribution vec-
tor, Fyare () is an MLP layer, o(-) represents the Softmax activation
function. Subsequently, the raw unimodal features are scaled by
their corresponding weight scalars to obtain the modulated repre-
sentations, h}, = g, - hy,. This mechanism ensures that the network
adaptively focuses on the most discriminative modalities while
effectively suppressing the interference of redundant noise.
Information-Guided Multimodal Fusion. Rather than simply
concatenating the features, we construct a comprehensive fusion
space that captures both modality-specific and shared semantics.
First, the gated features hj, are projected into a common fusion
space via modality-specific mappings to obtain f,,,. A shared repre-
sentation fgj, is derived by projecting the sum of the gated features:
fsn = Fsn(hy,). Furthermore, the gate values themselves are pro-
jected to form a contextual gate feature fys.. The final composite
representation z. is formed by concatenating these components,

Zc = [fm’ fon, fgate] . (7)

The vector z is then processed by an MLP layer 7, (-) to gen-
erate the final fused representation zs,s., which serves as input to
the classification head to predict the emotions.

Optimization. The entire framework is optimized end-to-end via
a joint multi-task objective comprising a primary classification
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loss and three auxiliary constraints. First, to encourage modality-
invariant semantics, we compute a Mutual Information (MI) maxi-
mization loss .L,;, defined as the average of symmetric InfoNCE
losses across all modality pairs,

. . 1 . . . .
Loi(e 2 = 2 (e + e@a™),®)

where z™ represents the gated features h, projected into a con-
trastive space, and £(-,-) is the cross-entropy over temperature-
scaled cosine similarity logits. Then, we incorporate an alignment
loss L4 to align the final fused feature with the shared auxil-
iary representation, and a redundancy-minimization loss £, g4 to
orthogonalize the modality-specific residuals r,,,

Lag=1- P(quse, fsn), Lrea = Z pz(rm,r,,), )

m#n

where r,,, = h,, — % 2ke{oart} Bk and p(+) denotes cosine similarity.
The optimization is the weighted sum of these components,

L=Lee+AnmiLmi + AalgLulg + Ared Lreds (10)

where A.) are the corresponding balancing coefficients.

5 Experiment

5.1 Experimental Setup

Datasets and Baseline Models. We first pre-train our model on
the FAU subset of Emo-DVS, and then conduct downstream emo-
tion classification on the VideoEmotion8* and Ekman6” subsets
of the Emotion subset and FAU subset. As shown in Tab. 2, we
compare our method with representative approaches from multi-
ple perspectives. Since existing event-based methods are mainly
designed for unimodal event streams and there are currently no
event-based tri-modal baselines specifically designed for emotion
classification, we include several representative event-based meth-
ods, including [7], [8], [6], [2], and [37]. We further compare with
RGB-based multimodal methods, including [65], [44], and [62], as
well as video-based emotion classification methods such as [13],
[22], and [17]. To improve comparability, we evaluate all methods
under a unified event-based protocol. Specifically, RGB-based and
event-based methods are adapted to event-frame inputs, and the
adapted models are pre-trained on the FAU subset before down-
stream emotion classification.

Implementation Details. For emotion recognition, we extract
visual, acoustic, and linguistic features using a pre-trained event
encoder, HuBERT [18], and RoBERTa [34], respectively, with feature
dimensions of 768, 1024, and 1024. Unless otherwise stated, these
encoders are kept frozen during downstream training, and only
the temporal aggregation, fusion, and classification modules are
optimized. In our fusion network, both the hidden dimension and
the fusion dimension are set to 128. A dropout rate of 0.4 is applied
to the fusion backbone and projection layers. Raw event streams
are aggregated into event frames using a temporal window of AT =
5000 ps. We train all models with AdamW using an initial learning
rate of 2 X 10™4, a batch size of 32, and 100 epochs. All experiments
are conducted on NVIDIA RTX 4090 GPUs.
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. FAU subset Ekmané6* VideoEmotion8*
Type Method Pubish
Acc mAcc F1 Acc mAcc F1 Acc mAcc F1

MoCov3 [13] ICCV21 27.48 27.39 28.51 32.77 32.77 32.56 28.15 27.42 30.04
VAANet [65] AAAI20 30.34 29.94 29.26 35.29 35.14 35.20 31.49 30.33 31.25
DFAN [44] ICME20 32.15 32.76 32.30 39.11 39.05 38.38 34.15 32.54 35.02

RGB — Event
MGMAE [22] ICCV23 31.01 30.21 29.88 38.03 37.15 38.40 34.11 33.09 31.48
MART [62] CVPR24 36.76 35.73 37.21 40.99 39.83 40.24 35.33 34.21 35.93
MILAN [17] ICASSP25 33.49 33.72 34.01 38.21 37.57 37.62 34.45 33.12 30.52
ERD [7] TII22 20.35 21.77 21.83 19.01 15.53 16.26 23.85 12.50 9.19
NEFER [8] CVPRW23 29.16 28.81 28.04 28.44 27.52 28.69 33.95 24.52 27.66
FACEMORPHIC [6] ECCV24 31.50 29.98 30.14 37.59 29.40 37.28 33.49 25.50 29.82

Event — Event
VETEX [2] ICPR24 28.96 27.61 27.45 28.20 16.67 12.40 24.73 12.50 9.80
Emo-SNN [37] ICCVW25 30.47 22.09 28.27 38.89 19.04 29.13 33.94 27.62 30.62
Ours - 41.05 40.38 40.44 56.40 55.96 55.85 42.54 41.51 42.99

Table 2: Comparison of emotion classification results on the Ekmané6” and VideoEmotion8* in emotion subsets and FAU subset.
The best result for each metric is in bold, and the second-best is underlined. Here, RGB — Event denotes using a RGB-based
method on the event dataset, and Event — Event is defined analogously. Tab. 3 also follows the same conventions.

Ek 6
Type Method man
Acc F1
MoCov3 [13] 47.47 46.81
VAANet [65] 50.24 49.54
DFAN [44] 54.30 52.17
RGB — RGB
MGMAE [22] 51.98 52.36
MART [62] 52.66 52.64
MILAN [17] 50.80 50.40
Event — RGB Ours 59.43 57.12

Table 3: Results of emotion classification on Ekmané.

5.2 Main Results

Tab. 2 and Tab. 3 compare the proposed IGF framework with repre-
sentative baselines on VideoEmotion8*, Ekman6* of emotion subset
and FAU subset. The best results are highlighted in bold. Our main
findings are summarized below (1) Under the unified evaluation
protocol, our method achieves the best performance among the com-
pared methods on both three datasets, reaching 41.05%, 42.54% and
56.40% Acc, respectively. (2) Compared with RGB-based baselines,
our framework shows the advantage of event-pretrained representa-
tions for modeling fine-grained facial dynamics and emotion-related
temporal cues. (3) Compared with existing event-based baselines,
the proposed framework yields clear performance gains, suggesting
that the current benchmark benefits from structured multimodal
modeling rather than unimodal event features alone. (4) As shown
in Tab. 3, we further examine the cross-modal transferability of
the proposed framework on the RGB-based Ekmané6 dataset. Al-
though the model is built upon event-pretrained representations, it
still achieves 59.43% Acc and 57.12% F1 after being transferred to
the RGB emotion classification task, outperforming all compared
RGB-based methods. This suggests that event pre-training does
not merely learn features specific to the event domain, but instead
captures facial dynamic priors that remain useful for RGB emo-
tion recognition, providing evidence of cross-modal generalization.

For brevity, we present the Ekmané results here, while additional
transfer results are provided in the supplementary material.

5.3 Ablation Studies

Effectiveness of Pre-training. As shown in Tab. 4, removing
pre-training on the FAU subset causes a substantial drop of 8.03%.
This result indicates that low-level facial dynamics learned from
FAU provide an important prior for decoding sparse event streams
into higher-level emotional semantics, and confirms the role of
hierarchical pre-training in our framework.

Effectiveness of Temporal Attention Pooling (TAP). Replacing
TAP with standard average pooling (w/o TAP) leads to a 1.76% drop.
This suggests that simple temporal averaging is insufficient for
unconstrained emotion sequences with diverse temporal dynamics,
whereas TAP benefits from a learnable global query that selectively
emphasizes informative temporal segments.

Effectiveness of Dynamic Modality Gating (MG). We further
evaluate a variant without modality gating (w/o MG), where all
modalities contribute equally throughout inference. The perfor-
mance degradation shows that adaptive modality weighting is ben-
eficial, especially when different streams exhibit unequal reliability
or contain modality-specific noise.

Effectiveness of Information-Guided Multimodal Fusion. Fi-
nally, we replace the proposed fusion module with simple feature
concatenation (w/o Fusion). The inferior performance of this vari-
ant indicates that structured cross-modal fusion is more effective
than naive concatenation under the current benchmark, supporting
the benefit of combining gated features with information-guided
constraints for robust multimodal learning.

5.4 Discussion

Hyperparameter and Auxiliary Loss Analysis. As shown in
Fig. 5, we analyze four key hyperparameters: Ap;, 7, Aaig, and Aeq.
In particular, setting A = 0, Aqyy = 0, or A,.q = 0 corresponds to
removing the corresponding auxiliary objective. The results show
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Figure 5: Results of parameter sensitivity experiment.
Case Pre-train TAP MG  Fusion  Results Modality Average Low light Medium light High light
w/o Pre-train v v v 33.24 RGB 27.77 8.93 36.28 35.27
w/o TAP v v v 39.51 Event 38.46 37.35 39.27 38.49
w/o MG v v v 39.43 Table 6: Comparison between RGB and Event modalities un-
w/o Fusion v v v 40.17 der varying illumination on FAU subset of Emo-DVS dataset.
Ours v v v v 42.54
Method Modality Acc macro-acc mAP
Table 4: Ablation study of Pre-train, TAP, MG, and Fusion on LVface [57] RGB 98.34 98.20 99.67
. . - . i ace
the VideoEmotion8” in Emotion subset of Emo-DVS. Event 39.12 31.28 33.74

Modality Ekman* VideoEmotion8*
Acc F1 Acc F1

E 45.27 45.12 29.61 26.23

A 41.74 42.78 32.12 30.80

T 44.90 44.33 33.52 33.27

E+T 54.17 53.33 37.99 37.64

E+A 47.12 45.22 36.59 36.46

A+T 49.35 49.19 39.39 39.46

E+A+T(Ours) 56.40 55.85 42.54 42.99

Table 5: Results of modality ablation on Ekman* and VideoE-
motion8” in Emotion subset of Emo-DVS dataset.

that moderate A,,,; and 7 achieve the best performance, while ex-
cessively large values tend to interfere with the main classification
objective. By contrast, A4y and A,.q are most effective as lightweight
regularizers: small but non-zero values improve consistency and
complementarity, whereas overly strong constraints degrade gener-
alization. Overall, these results suggest that the auxiliary objectives
are beneficial when properly balanced.

Privacy Protection As shown in Tab. 7, when evaluated with
state-of-the-art face recognition method LVface [57] , RGB data suf-
fers a high identification rate of 98.34%, posing significant privacy
risks. Conversely, the event modality decreases the face recogni-
tion accuracy by 66.22%, which suggests that event representations
suppress a large portion of identity-related appearance cues and
therefore provide a more privacy-aware alternative for affective
analysis.

INlumination Conditions. Tab. 6 compares RGB and event modal-
ities under different illumination conditions on the FAU subset. The
event modality consistently outperforms RGB, with the large-scale
gap under low light, RGB drops to 8.93%, whereas event still reaches

Table 7: Comparison of RGB and event modalities for face
recognition on the FAU subset of the Emo-DVS dataset.

37.35%. Under medium and high light, event also remains superior,
achieving 39.27% and 38.49%, compared with 36.28% and 35.27%
for RGB. These results indicate that event representations are less
sensitive to illumination changes and remain more stable across
lighting conditions, especially when RGB appearance cues degrade.
Analysis of Different Modality Settings. We further evaluate
single-modality, bimodal, and trimodal settings on both Ekman*
and VideoEmotion8™ to analyze the contribution of each modality.
As shown in Tab. 5, bimodal settings consistently outperform single-
modality ones on both datasets, indicating clear complementarity
across modalities. On Ekman®*, the best single-modality result is
achieved by E with 45.27% Acc and 45.12% F1, while the best bimodal
setting, E+T, improves the performance to 54.17% Acc and 53.33%
F1. On VideoEmotion8*, the best single modality is T with 33.52%
Acc and 33.27% F1, whereas the best bimodal setting, A+T, reaches
39.39% Acc and 39.46% F1. The full multimodal model achieves the
best performance on both datasets, showing the benefit of jointly
exploiting event, acoustic, and textual information.

6 Conclusion

In this work, we present Emo-DVS, a large-scale event-based emo-
tion analysis dataset, and establish a tri-modal benchmark for
robust emotion analysis in challenge illumination and privacy-
constrained environments. To align multimodal cues, we propose
an Information-Guided Gated Fusion (IGF) framework that extracts
spatio-temporal priors via a pre-trained event encoder and employs
mutual information maximization to classify emotions. Extensive
experiments demonstrate the superiority of our framework over
state-of-the-art methods.
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