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Robust Low-Rank Sparse Framework for
Video-Based Affective Computing

Feng-Qi Cui, Jinyang Huang®, Sirui Zhao, Xinyu Li, Xin Yan, Ziyu Jia, Xiaokang Zhou

Abstract—Video-based Affective Computing (VAC) is central
to emotion understanding and emerging consumer electronics
applications, yet it often suffers from unstable optimization
and representational degradation under complex, non-stationary
affective dynamics in the wild. A key challenge is that short-
term behavioral fluctuations can convey different affective mean-
ings under different long-term emotional contexts, whereas
most existing VAC models entangle heterogeneous factors in
a single latent space, leading to component mixing and cross-
scale inconsistency. We propose the Low-Rank Sparse Emotion
Understanding Framework (LSEF), a plug-and-play framework
grounded in the low-rank sparse principle that models affective
dynamics as the composition of long-term emotional bases and
sparse transient perturbations. Specifically, LSEF consists of four
modules: the Stability Encoding Module (SEM) extracts low-
rank bases by emphasizing slow-varying context patterns; the
Dynamic Decoupling Module (DDM) isolates sparse transients via
temporal routing and orthogonalized relational propagation; and
the Consistency Integration Module (CIM) restores multi-scale
coherence between stability and reactivity under hierarchical
aggregation. We further propose a Rank Aware Optimization
(RAO) strategy that adaptively modulates perturbation strength
according to rank- and sparsity-sensitive structure to improve
training stability and generalization. Experiments on discrete
and continuous VAC benchmarks show consistent gains in ro-
bustness and dynamic discrimination across general CNN-based
backbones, validating hierarchical low-rank sparse modeling as
a principled foundation for video affect understanding.

Index Terms—Video-based Affective Computing, low rank
sparse modeling, representation learning.

I. INTRODUCTION

Since showing great potential in real-world applications
[1], e.g., psychological assessment [2] and human—computer
interaction [3]-[5], video-based Affective Computing (VAC)
has attracted growing attention. It aims to model the dynamic
evolution of human emotions from video sequences, enabling
automatic perception and analysis of affective states [6], [7].
VAC is also increasingly relevant to consumer electronics,
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Fig. 1: Illustration of the inherent low-rank sparse structure of affective
dynamics. The smooth low-rank curve (blue) represents stable emotional
states, while the sparse curve (red) highlights transient expressive surges.

such as in-vehicle systems [8], [9] and service robots [10],
where affect-aware interaction enhances personalization and
user experience.

According to different affect representation paradigms, VAC
research can be broadly categorized into two main directions,
categorical emotion recognition and dimensional emotion re-
gression [11], [12]. The former aims to recognize represen-
tative emotional expressions (e.g., facial expressions [I3],
[14]) from videos to determine the overall emotion category,
which is particularly useful for affective interaction and social
signal recognition. The latter maps emotions onto a continuous
multidimensional space, such as the valence arousal plane
[15], to capture temporal variations in emotional intensity and
psychological fluctuation, providing a more realistic character-
ization of continuous affect generation mechanisms. Despite
different outputs, both settings require models to preserve
long-term affective trends while being sensitive to short-lived
discriminative cues. Benefiting from the rapid development of
deep spatiotemporal modeling techniques, the performance of
video-based affect analysis has seen significant improvements.
For instance, representative studies have constructed unified
3D convolutional networks [16] or spatiotemporal attention
networks [17], [18] to jointly capture spatial structures and
temporal dynamics of video signals, thereby improving model
robustness and generalization in complex real-world scenarios
[19]. However, these methods typically learn heterogeneous
dynamics in a shared representation pathway, which can be
fragile under non-stationary affective evidence and noisy in-
the-wild videos common in consumer devices [20], [21].

Although VAC has achieved remarkable progress in both
categorical recognition and dimensional regression, pioneer
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approaches still struggle to achieve robust and interpretable
affect understanding due to the lack of structured modeling of
emotional dynamics. This is because there are not only long-
term emotional tones but also short-term emotional fluctua-
tions that affect recognition results. Psychostatistical theories
decompose emotions into stable components that reflect persis-
tent psychological states and transient components driven by
momentary stimuli [22]. From the perspective of structured
signal modeling, this emotional process can be characterized
using a low-rank sparse framework, where long-term trends
and short-term fluctuations jointly contribute to the affective
dynamics [23]. As illustrated in Fig. 1, the low-rank emo-
tional field describes smooth and persistent affective baselines,
while sparse high-frequency perturbations correspond to brief,
localized, and discriminative emotional variations. This view
also matches practical usage: users exhibit relatively stable
baselines during a session, while key affective events appear
as bursts. Without explicit disentanglement, models may over-
react to spurious high-frequency artifacts or oversmooth subtle
fluctuations, harming reliability in real-time applications.
However, mainstream methods typically learn these hetero-
geneous components jointly within a unified feature space,
leading to multi-level representational entanglement and opti-
mization instability. Specifically, this fundamental mechanism
deficiency manifests in three key issues for visual affect
analysis: 1) Structural Component Mixing: Stable emotional
trends and localized transient variations interfere with each
other within the representation space, making it difficult to
preserve coherent affective trajectories while capturing fine-
grained changes. 2) Dynamic Propagation Coupling: Without
isolating stable and transient components during propagation,
the two dynamics become cross-contaminated across spa-
tiotemporal dimensions, weakening independent pathways for
long-term tones and transient bursts. 3) Cross-scale Structural
Inconsistency: As features propagate to deeper layers and
are aggregated across scales, stable trends may be diluted
while sparse variations are over-smoothed, especially un-
der efficiency-driven operations (downsampling/pooling) often
used for on-device deployment. These biases hinder maintain-
ing global stability and local sensitivity simultaneously, result-
ing in unstable optimization and degraded representations.
To address these challenges, we revisit affective video
modeling from the perspective of low-rank sparse emotional
organization and develop the Low-Rank Sparse Emotion
Understanding Framework (LSEF), a unified architecture
grounded in the low-rank sparse principle that can be seam-
lessly integrated into general video backbones. LSEF follows
a structured dynamic hierarchical decomposition paradigm,
constructing a systematic pathway from stable encoding to dy-
namic decoupling and consistency integration. First, the Stabil-
ity Encoding Module (SEM) extracts stable emotional bases
via frequency-aware decomposition with low-rank priors, sup-
pressing random perturbations to form a coherent affective
field. Second, the Dynamic Decoupling Module (DDM) de-
couples dynamics through temporal gating and graph orthog-
onalization, disentangling sparse transient signals to improve
discriminability and generalization. Third, the Consistency
Integration Module (CIM) aligns stability and reactivity via

multi-scale fusion and relational aggregation, mitigating scale
drift and over-smoothing. Finally, Rank Aware Optimization
(RAOQ) adaptively regulates perturbations to balance low-rank
smoothness and sparse sensitivity, improving training stability
and generalization under heterogeneous and noisy affective
patterns relevant to consumer videos.

Our main contributions are summarized as follows:

o To the best of our knowledge, this paper is the first to
introduce the low-rank sparse principle into VAC and
propose the LSEF framework, reformulating affective
dynamics as a low-rank sparse compositional process and
providing a unified lens bridging stability and sensitivity
for both categorical and dimensional affect tasks.

e« We design hierarchical plug-and-play modules SEM,
DDM, and CIM to enable structured decomposition,
independent propagation, and multi-scale integration, ad-
dressing component entanglement, propagation coupling,
and scale imbalance.

o We propose a RAO strategy that regulates perturbations
in a rank- and sparsity-aware manner, offering an effec-
tive trade-off between stability and adaptability during
optimization.

« Extensive experiments on multiple video affective bench-
marks demonstrate that LSEF achieves SOTA perfor-
mance in both classification and regression, with superior
robustness and generalization, indicating practical poten-
tial for affect-aware consumer electronics systems.

ITI. RELATED WORK
A. Video-based Affective Computing

VAC aims to understand human emotions from dynamic
video sequences by modeling temporal and structural vari-
ations in affective expressions. According to the affective
representation paradigm, VAC research can be categorized into
Discrete and Continuous VAC tasks [24].

Discrete VAC focuses on mapping facial and related cues
to a finite set of emotional categories (e.g., happiness, anger,
sadness). Early studies relied on handcrafted features [25],
which were later replaced by CNN-RNN frameworks inte-
grating spatial extraction and temporal modeling [26]. The
emergence of 3D CNNs [27] and Transformer architectures
[17], [18] further advanced spatiotemporal representation, en-
abling models to capture complex dynamics more effectively.
In addition, recent works explored multi-instance learning,
part-based modeling, temporal attention, and cross-clip ag-
gregation to mitigate sparse evidence issues, where only a
few frames provide discriminative cues while the rest are
neutral or noisy [l16]. Beyond backbone upgrades, recent
DFER studies have also leveraged stronger pretraining and
fine-grained adaptation to better exploit scarce discriminative
frames, e.g., FineCLIPER introduces CLIP-based fine-grained
modeling for dynamic expression recognition, highlighting the
benefit of richer visual priors under in-the-wild noise [28].
To address practical challenges such as sample heterogeneity,
label noise, and domain shift, a growing line of research incor-
porated robust optimization, uncertainty-aware learning, and
weak supervision [20], [29], [30], improving model stability
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and generalization. Nevertheless, despite stronger backbones
and training recipes, most existing methods still treat affective
dynamics as a unified latent process and propagate features
through coupled pathways. This design tends to mix slowly-
varying affective trends with short-lived bursts, leading to
representational aliasing, sensitivity to nuisance perturbations,
and limited interpretability when handling rapidly changing
affective patterns.

Continuous VAC, based on dimensional emotion theory,
projects emotions into a continuous valence—arousal space
and models temporal evolution via regression. Mainstream
approaches employ recurrent structures or temporal Trans-
formers [24] to capture long-term dependencies and smooth
affect trajectories. Recent works further explore alternative
long-sequence modeling architectures for continuous VA esti-
mation, such as Mamba-style state space modeling to improve
temporal dependency capture under non-stationary affect dy-
namics [31]. However, continuous VAC is often challenged
by non-stationary dynamics: affective states may drift slowly
over time, but can also exhibit abrupt transitions triggered
by momentary stimuli. Purely sequential modeling without
structural decomposition often over-smooths transient shifts or
becomes sensitive to short-term noise, resulting in trajectory
jitter and optimization instability. Moreover, continuous re-
gression is typically more sensitive to cross-subject and cross-
device variability and thus benefits from representations that
explicitly preserve global context while remaining responsive
to salient local changes. Overall, a key limitation persisting
through these advances is the lack of a structured modeling
principle that explicitly disentangles stable emotional baselines
and transient fluctuations, and further ensures their indepen-
dent yet coordinated propagation across depth and scale.

B. Low-Rank Sparse Modeling for Emotion Representation
Learning

Low-rank sparse modeling originates from high-
dimensional statistics and signal decomposition theory,
aiming to separate complex observations into a low-rank
global structure and a sparse local perturbation for structured
information extraction and noise suppression. Robust
principal component analysis (RPCA) [32] first formalized
this concept by representing data as the sum of a low-rank
matrix and a sparse matrix, offering a theoretically grounded
decomposition for separating global trends from outliers.
Under incoherence conditions, this decomposition ensures
identifiability and robustness to noise [33], which makes it a
natural choice for modeling signals with stable backgrounds
and bursty events. Beyond classical RPCA, subsequent works
in sparse representation and structured regularization further
extended low-rank and sparsity priors to dynamic settings,
where temporal continuity and spatial locality can be jointly
exploited for more reliable decomposition.

This principle has been widely applied to video repre-
sentation learning, motion segmentation, and dynamic scene
analysis, showing strong generalization and stability [34]. In
these applications, low-rank structures often correspond to
slowly changing scene content or consistent motion patterns,

while sparse components capture salient events, local motion
discontinuities, or rare but informative observations. Recent
studies extended this idea to deep models via low-rank atten-
tion, low-rank factorization, and sparse graph modeling, which
reduce redundancy while preserving expressive power [35].

From a theoretical viewpoint, the low-rank sparse principle
naturally aligns with the generative nature of affective signals.
Psychostatistical and affect theories suggest that emotional
expressions consist of a stable affective baseline and sparse
transient bursts [22], corresponding to the low-rank and sparse
components, respectively. Affective signals also exhibit tempo-
ral sparsity and spatial locality, since emotions are often acti-
vated only in a few key frames or localized facial regions [36].
Therefore, low-rank sparse modeling provides an interpretable
mechanism to preserve global affective context (stability)
while amplifying discriminative short-lived cues (reactivity),
rather than forcing a single latent space to explain both. In ad-
dition, its inherent robustness can mitigate common nuisances
in real-world videos, such as background clutter, illumination
variations, and subject-dependent expression styles [34].

Overall, the low-rank sparse principle offers a theoretically
grounded and structurally interpretable foundation for VAC,
motivating our LSEF to explicitly disentangle, propagate, and
integrate stable and transient affective dynamics in a unified
and robust manner.

III. METHODOLOGY

We propose the LSEF, a unified and interpretable framework
for video-based affective representation learning. As shown in
Fig. 2, LSEF extends X3D [37] with a hierarchical pathway
from stability encoding to dynamic decoupling, consistency
integration, and rank aware optimization. SEM first extracts
low-rank affective bases that capture invariant emotional struc-
tures and suppress noise, forming a coherent global field.
Then, DDM disentangles sparse temporal perturbations from
the stable component, enabling independent propagation of
transient affective cues. Next, CIM fuses stable and dy-
namic representations through multiscale consistency align-
ment, achieving low-rank sparse equilibrium between global
stability and local sensitivity. Finally, RAO adaptively regulates
gradient perturbations according to the rank sparsity balance,
which ensures stable and generalizable optimization. Totally,
these modules form a theoretically consistent and practically
robust framework to jointly modeling steady affective states
and different fine-grained temporal fluctuations across various
heterogeneous video conditions.

A. Stability Encoding Module

As shown in Fig. 3, the goal of SEM is to construct a
structurally consistent emotional base by emphasizing low-
rank temporal trends while regularizing transient variations,
thereby providing a clean foundation for subsequent dynamic
decoupling. This module is designed to (i) stabilize affective
trajectories by extracting slow-varying components that encode
global emotional context, and (ii) preserve informative short-
term dynamics without amplifying noise-like high-frequency
artifacts. Given the input video feature X € REXCXTxHxW
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Fig. 2: An overview of the proposed Low-Rank Sparse Emotion Understanding Framework (LSEF).
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Fig. 3: The Stability Encoding Module.

where B is batch size, C' is channel dimension, and (7', H, W)
denote temporal length and spatial resolution, we decompose
X into two complementary components:

X = Xiow + Xhigh, (1

where X, denotes the low-rank structural component cap-
turing stable emotional trends (long-term tone), and X pigp, Tep-
resents sparse transient perturbations corresponding to short-
lived expressive changes. This decomposition provides an
explicit separation between stability-oriented and reactivity-
oriented signals, making the subsequent modeling stages more
controllable and interpretable.

To realize this separation in a differentiable and efficient
manner, we perform Gaussian-based frequency decomposition:

Xiow =G x X,  Xhigh = X — Xow, 2

where G is a 3D Gaussian kernel with window size k&
and * denotes 3D convolution. As a principled low-pass
operator, G, extracts temporally smooth and spatially coherent
tendencies, which align with low-rank affective bases under
the assumption that stable emotional context varies slowly
and exhibits strong redundancy across frames. The residual
branch X'y, captures high-frequency variations, including
both meaningful transient affect cues (e.g., brief muscle acti-
vations) and nuisance perturbations (e.g., illumination flicker,
camera jitter, compression artifacts). Therefore, instead of
naively suppressing X'pign, We introduce a selective refinement
mechanism to retain informative transients while attenuating
noise-like fluctuations.

Specifically, we apply energy modulation and channel at-
tention:

Xhigh = 0(CA(Xhign)) © E(Xhigh), 3)
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Fig. 4: The Dynamic Decoupling Module.

where £() denotes depthwise energy gating, CA(-) is channel
attention, o (-) is the sigmoid function, and ® denotes element-
wise multiplication. Intuitively, £(-) performs a lightweight
dynamic response filtering: channels/locations with weak or
noisy activations are suppressed, while salient responses are
preserved to maintain sensitivity to transient affective bursts.
Meanwhile, CA(-) reweights channels according to their affect
relevance, encouraging the refined high-frequency branch to
focus on semantically meaningful dynamics rather than back-
ground variations.

Finally, the low- and high-frequency representations are
adaptively fused:

Xfused:/\'xlow+(1_)\)'j:'higha (4)

where A € (0,1) is a learnable fusion coefficient that controls
the balance between low-rank stability and sparse sensitivity.
This adaptive fusion is crucial because the relative importance
of stable context and transient cues varies across videos,
emotion categories, and affect intensity: for slowly evolving
affect, a larger \ stabilizes trajectories; for highly dynamic
segments, (1 — \) allows transient cues to contribute more
effectively.

Through frequency-aware decomposition and selective re-
finement, SEM produces a structurally coherent emotional base
that preserves essential affective dynamics while suppressing
disruptive noise, providing a reliable foundation for subsequent
dynamic decoupling and cross-scale consistency modeling.

B. Dynamic Decoupling Module

Building upon the stable emotional bases provided by the
SEM, the DDM further processes the feature tensor to achieve
explicit separation between sparse temporal perturbations and
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stable components. As shown in Fig. 4, the key idea is
to construct a decoupled propagation pathway: stable bases
should remain globally coherent, while transient cues should
be selectively routed and propagated without contaminating
the stable manifold. Concretely, DDM consists of a temporal
routing gate that filters and reweights temporal evidence under
an information bottleneck principle, and a spatial relational
interaction block that enforces approximate orthogonality be-
tween propagation subspaces to reduce cross-contamination.

We first construct a temporal routing gating mechanism
that achieves adaptive temporal weighting through information
bottleneck principles:

Gi=0(W2-6(Wi-P(X))), (5)

where P(-) denotes spatial average pooling, which compresses
spatial redundancy and yields a compact temporal descrip-
tor that reflects how affective evidence evolves over time.
W1, Wy € RT*T are fully-connected projection matrices, &
is ReLU, and ¢ is sigmoid. The gate G; € (0,1)Bx1xT>x1x1
(after proper reshaping/broadcasting) acts as a soft temporal
selector: it suppresses uninformative or noisy frames while
emphasizing key moments that carry discriminative transient
affective evidence. The temporally routed representation is
obtained via Hadamard product: X = X ® G;. Importantly,
this routing is content-adaptive: rather than assuming uniform
relevance across time, it learns to allocate representation
capacity to short-lived affective bursts, which are common
in in-the-wild videos and are critical for dynamic affect
understanding.

To further decorrelate local semantic patterns from dynamic
responses, DDM constructs a spatial graph interaction system
based on manifold orthogonalization:

QZEQ((I)Q(‘%)% @:CZ((I)O(‘%))» (6)
X graph = O @ Softmax (QT@) , @)

where ®,, @, are independent convolutional projection oper-
ators and Lo denotes L2 normalization. Let N = H x W be
the number of spatial positions; the similarity QT@ € RVXN
builds a relational map between spatial nodes, and the Softmax
normalizes it into propagation weights. Due to L2 normaliza-
tion, the inner-product similarity effectively measures angular
consistency, which encourages stable and transient channels
to occupy different directions in the representation manifold.
This design enforces approximate orthogonality between graph
channels, thereby reducing redundancy and preventing tran-
sient activations from being diffusely propagated into the
stable pathway (and vice versa). From a geometric standpoint,
this yields a more disentangled propagation behavior on the
Riemannian manifold induced by normalized features, improv-
ing interpretability and robustness.

Finally, DDM integrates three complementary feature sub-
spaces through tensor concatenation and convolution:

Xow = Vix1 ([Xlocala Xgrapm XglobalD ’ (3

where Xjoca = @1oca1(-5( ) represents local dynamic features
preserving fine-grained, spatially localized affect cues, and
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Fig. 5: The Consistency Integration Module.

X global = Ogiopal (X)) denotes global temporal context features
capturing long-range affective dependencies. W14 adaptively
fuses them and restores channel capacity. This multi-subspace
design provides complementary signals: local captures micro-
variations, graph captures relational propagation under orthog-
onalized constraints, and global maintains context consistency.
Through temporal routing, manifold orthogonalization, and
multi-subspace fusion, DDM progressively decouples stable
trends from transient dynamic variations, ensuring indepen-
dent and interpretable propagation pathways while producing
structurally coherent dynamic features for subsequent multi-
scale consistency integration.

C. Consistency Integration Module

As shown in Fig. 5, CIM aims to achieve cross-scale
consistency alignment between the low-rank stable field and
sparse dynamic representations based on the decoupling from
preceding modules, constructing hierarchical and structurally
balanced spatiotemporal affective representations. Therefore,
CIM explicitly coordinates multi-scale structural cues, tem-
poral consistency, and relational dependency aggregation to
maintain a low-rank sparse organization throughout depth.

First, we construct a family of multi-scale depthwise sepa-
rable operators {0}/ | that capture structural dependencies
from fine to coarse granularity through variable scale spatial
kernels:

K
Kns = Pruse | P Vs, (X) ] ©)
=1

where @ denotes channel concatenation and @y, is a fusion
convolution. Depthwise separable operators provide an effi-
cient way to enrich receptive fields while controlling computa-
tion, which is also favorable for deployment-oriented settings.
The multi-scale family { ¥, } encourages the representation to
preserve both local discriminative patterns (small kernels) and
global affective layouts (large kernels), thereby improving the
structural completeness of affective cues.

To enhance cross-frame emotional consistency, CIM intro-
duces a temporal attention recalibration mechanism based on
global affective consistency:

Xp=XmsO0 (Flemp(xms)) 5

where I'emp(-) is a composite operator of temporal pooling
and sequential attention mapping. This mechanism acts as a

(10)
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consistency-aware temporal filter: it strengthens temporally
stable affect segments that should dominate the emotional
bases, while still allowing sharp transient variations to pass
when they are consistently supported by the multi-scale rep-
resentation. In practice, this helps reduce jitter in predicted
trajectories and prevents unstable bursts caused by nuisance
perturbations.

Finally, we construct a non-local graph relational modeling
operator that achieves cross-scale dependency aggregation
through feature projection and relational weighting:

T
A = Softmax (W) , (11)
Xouw = Fgraph(A7 Xta)a (12)

where © and ® are projection operators and I'grpn is the
graph aggregation operator. The affinity matrix .A establishes
long-range relational consistency among spatiotemporal nodes,
allowing distant but semantically consistent affect evidence
to reinforce each other. This is particularly beneficial when
transient cues are spatially localized or temporally short-lived:
relational aggregation helps recover coherent semantics by
linking them to supportive contexts across space and time. By
jointly integrating multi-scale structural cues, global temporal
consistency, and relational graph modeling, CIM achieves a
representational equilibrium between low-rank stability and
sparse dynamic sensitivity, yielding a unified affective embed-
ding that is globally coherent yet locally responsive.

D. Rank Aware Optimization

To achieve stable yet adaptive optimization under het-
erogeneous affective representations, we propose the RAO,
which constructs a structure-aware perturbation mechanism for
robust gradient-based learning. Unlike homogeneous pertur-
bation strategies that use a uniform perturbation radius for all
parameters [38], RAO modulates the perturbation intensity in a
parameter-group-aware manner by explicitly characterizing the
structural complexity and sparsity sensitivity of each weight
tensor. The underlying intuition is that different parameter
groups exhibit different optimization sensitivities under het-
erogeneous affective dynamics; therefore, imposing the same
perturbation magnitude on all tensors may be suboptimal and
may introduce unnecessary directional instability.

For each parameter tensor W, we first reshape it into
a matrix W,, € R™*", For convolutional kernels W &
RCouxCinxkiXknXkw —we yse the matricization W,, €
RCoux(Cunkiknkw)  Baged on W,,, we define a rank-aware
structural ratio

_ [ eWn) > 7) ],

min(m, n)

T

. 13)

where o(W,,) denotes the singular value vector of W,,, and
7, is a threshold for identifying effective singular components.
To reduce computational overhead, the dominant singular val-
ues can be approximated using randomized SVD. We further
define a sparsity-sensitive ratio

_ <)l

Ps NOWV) ; (14)

Algorithm 1: Rank Aware Optimization

Input: Parameter set © = {W ("}, base optimizer
O, base radii {p\") .} coefficients a, 3,
Output: Updated parameters ©

Compute clean loss Ljean(®) and gradients
{VW(i)Eclean}iil;

for i =1 to M do

Estimate structural statistics:

,07(})7 Pgi) — Fslrucl(W(i));
Compute dynamic perturbation radius:

phon < phake (1 anf? — Bpl?)
Normalize gradient:

vW(’i)ACclean
“vw(i)ﬁclean|‘p +e

Construct perturbation:

g

e« pli . gt

AE)ply joint perturbation:

WO wl e j=1... M

Compute perturbed 10ss Lper(©) and corresponding
gradients;
Update parameters with the base optimizer:

O + 0(0,VLyen(©))
Compute perturbation-response factor:
|£pen - »Cclean‘
Eclean +e
Optionally adapt the base perturbation radii:

0+

pg?ie <_pl();)se(1+ry(5)a 1=1,.. M

return ©;

)

where N (W) denotes the number of elements in W, and 7
is the near-zero threshold.

Intuitively, a larger p, indicates that the current tensor
retains richer effective structural capacity, for which a moder-
ately larger perturbation can be tolerated to explore flatter local
neighborhoods. In contrast, a larger ps implies that the tensor
contains more near-zero and potentially brittle entries, for
which overly aggressive perturbations may harm optimization
stability. Accordingly, for the i-th parameter tensor, we define
the structure-aware perturbation radius as

(@) (4)

ion = P (1 a0 = B0, (1)

where pl();)se is the base perturbation coefficient for the i-th
parameter group, and «, 8 control the balance between rank-
aware perturbation amplification and sparsity-aware perturba-
tion suppression.

Subsequently, RAO performs a dual-phase perturb-and-
update procedure, as summarized in Alg. 1. Given the clean
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loss Lclean, We first compute the gradient with respect to
the current parameters and construct a structure-aware per-
turbation for each parameter tensor. All perturbations are
then jointly applied to obtain a perturbed parameter set, on
which a perturbed loss Lper is evaluated. The final parameter
update is performed by the base optimizer using the gradients
induced by Lpe. Then, a perturbation-response factor can be
introduced as
o |£pert - Eclean|

Letean + €

which measures the relative loss variation under the imposed
perturbation and can be used to adapt the perturbation scale
across iterations.

In this way, RAO integrates structure-aware perturbation
with adaptive feedback, so that tensors with richer structural
capacity are allowed to explore flatter neighborhoods more
actively, while sparsity-sensitive tensors are updated more
conservatively. This balancing strategy is particularly suitable
for VAC, where heterogeneous affective dynamics may induce
non-uniform curvature and optimization sensitivity across pa-
rameter groups. Through RAO, LSEF encourages optimization
trajectories that are more compatible with the low-rank sparse
structural prior, thereby improving stability and generalization
for both categorical and dimensional VAC tasks.

) ; (16)

IV. EXPERIMENTS
A. Experimental Setup

1) Datasets: We conduct experiments on three represen-
tative in-the-wild video affective computing benchmarks, in-
cluding two categorical datasets DFEW [39] and FERV39k
[48] and one dimensional dataset VEATIC [12].

DFEW and FERV39k are large-scale categorical datasets
collected from real-world movies and diverse scenes, covering
seven basic emotion categories, happy, sad, neutral, angry,
surprised, disgusted, and fearful. DFEW contains over 16000
clips from more than 1500 films with significant variations in
illumination and pose, while FERV39k extends to 38935 clips
across four major scenes and 22 subdomains, annotated by
30 professional raters to ensure label reliability. For contin-
uous emotion regression, we adopt VEATIC, a video-based
valence—arousal dataset that captures fine-grained temporal
variations of affect under unconstrained conditions, enabling
evaluation of our framework’s generalization from categorical
recognition to continuous affect prediction.

2) Metrics: To maintain consistency with prior works, we
evaluate categorical emotion recognition using weighted aver-
age recall (WAR) and unweighted average recall (UAR), and
assess continuous emotion regression with root mean square
error (RMSE) and Pearson correlation coefficient (PCC). WAR
measures overall recognition accuracy weighted by class fre-
quency, reflecting real world effectiveness under imbalanced
emotion distributions, while UAR equally averages recall
across all categories to assess balanced performance.

For continuous valence—arousal estimation, RMSE quanti-
fies the deviation between predicted and ground-truth trajec-
tories, where lower values indicate more precise modeling of
fine-grained emotional dynamics. In addition, PCC measures

the linear correlation between predicted and ground-truth tra-
jectories for each dimension (valence/arousal), complementing
RMSE by characterizing temporal trend consistency rather
than absolute magnitude error; higher PCC indicates stronger
agreement in affective dynamics.

3) Implementation Details: Our entire framework is imple-
mented using PyTorch-GPU and trained on 4 NVIDIA RTX
A6000 GPUs. In our experiment, all images are resized to
112x112. The model is trained using AdamW as the base
optimizer in combination with a cosine scheduler. The learning
rate is set to le-4, with a minimum learning rate of S5e-6.
For discrete datasets (DFEW and FERV39k), we uniformly
sample T'=16 frames per clip and train for 100 epochs; for
the continuous dataset (VEATIC), we use T'=5 and train for
20 epochs. For fair comparison, we adopt the same training
configuration across datasets and evaluate all methods under
the official splits and metrics.

The RAO is used as a perturbation wrapper on top
of AdamW. We set («a,,7) = (0.2,0.15,0.1) and use
(7,7s) = (1073,1073) for rank/sparsity sensitivity computa-
tion. The rank ratio is estimated by kernel matricization with a
lightweight randomized SVD of rank =32, and the structural
sensitivities are refreshed every K=100 training iterations and
cached between refreshes.

B. Comparison with the State-of-the-art Methods

1) Results on Discrete VAC Tasks: We evaluate LSEF on
two large-scale discrete video affective categorization bench-
marks, DFEW and FERV39k, under the official split protocols.
As shown in Tab. I and Tab. II, LSEF achieves consistent
SOTA performance on both datasets across WAR and UAR
metrics. Compared with recent transformer-based and hybrid
spatiotemporal models, LSEF delivers not only stronger over-
all recognition accuracy (WAR) but also more balanced class-
wise performance (UAR), indicating that the proposed hierar-
chical low-rank sparse modeling alleviates the over-dominance
of majority classes and improves robustness under class imbal-
ance. In particular, the gains on UAR suggest that LSEF better
preserves discriminative cues for minority or visually subtle
emotion categories, which are often overwhelmed by dominant
coarse affect patterns when representations are learned in a
fully entangled manner. This effect is consistent with our
motivation: stable emotional bases provide a coherent global
context, while sparse transient fluctuations capture short-lived,
discriminative bursts; disentangling them prevents transient
cues from being washed out by global averaging and prevents
stable trends from being corrupted by noisy perturbations.

Overall, these results verify that explicitly modeling affec-
tive dynamics as a hierarchical low-rank sparse composition
yields more transferable and reliable video emotion under-
standing than purely monolithic feature learning.

2) Results on Continuous VAC Tasks: We further evaluate
LSEF on the continuous video affective regression benchmark
VEATIC, where frame-level valence—arousal trajectories are
estimated. As presented in Tab. III, LSEF achieves the lowest
RMSE on both valence and arousal dimensions, surpassing the
compared continuous VAC baselines. These improvements are
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TABLE I: Comparison (%) of our LSEF with the SOTA methods on DFEW 5-fd (Bold: Best, Underline: Second best).

Method ‘ years Accuracy of Each Emotion(%) Metrics (%) ‘ FLOPs (G)
Hap. Sad. Neu. Ang. Sur Dis. Fea. | WAR UAR

ResNet18+LSTM [39] | ACM MM’20 | 78.00 40.65 53.77 56.83 45.00 4.14 21.62 | 53.08 42.86 7.78
EC-STFL [39] ACM MM’20 | 79.18 49.05 57.85 6098 46.15 276 21.51 | 56.51 45.35 8.32
Former-DFER [17] ACM MM’21 | 84.05 6257 67.52 70.03 5643 345 31.78 | 65.70 53.69 9.11
STT [18] arXiv’'22 87.36 6790 6497 7127 53.10 349 34.04 | 66.45 54.58 N/A
Logo-Former [40] ICASSP’23 85.39 66.52 68.94 7133 5459 0.00 32.71 | 66.98 54.21 N/A
NR-DFERNet [41] arXiv’'22 88.47 64.84 70.03 75.09 61.60 0.00 1943 | 68.19 54.21 6.33
GCA+IAL [42] AAAT23 87.95 6721 70.10 76.06 6222 0.00 2644 | 69.24 55.71 9.63
M3DFEL [16] CVPR’23 89.59 6838 67.88 7424 59.69 0.00 31.63 | 69.25 56.10 1.65
T-MEP [43] T-CSVT’24 N/A  N/A NA N/A  N/A NA N/A | 68.85 57.16 24.70
LG-DSTF [44] T-MM’24 N/A N/A NA N/A N/A NA N/A | 69.82 58.89 N/A
CFAN-SDA [45] T-CSVT’24 | 90.84 7091 6572 6997 57.86 13.10 35.36 | 69.19 57.70 N/A
RDFER [46] T-BIOM’25 89.69 69.22 70.18 7147 62.08 0.69 28.71 | 69.73 56.93 N/A
ST-RDGCN [47] T-AFFC’25 89.57 69.92 62.17 7931 62.24 20.69 30.39 | 69.37 59.18 30.38
LSEF (Ours) | - | 89.77 69.93 66.03 7686 6749 17.93 39.19 | 7171 61.12 2.80

Fig. 6: Visualization of the learned feature maps.

TABLE II: Comparison (%) of our LSEF with the SOTA methods on
FERV39k.

Method | Metrics (%)

WAR UAR

2C3D [48] 41.77 30.72
ResNet18+LSTM [48] 42.59 30.92
2ResNet18+LSTM [48] 43.20 31.28
VGG13+4LSTM [48] 43.37 32.42
2VGG13+LSTM [48] 44.54 32.79
Former-DFER [17] 46.85 37.20
M3DFEL [16] 47.67 35.94
Logo-Former [40] 48.13 38.22
LG-DSTF [44] 48.19 39.84
GCA+IAL [42] 48.54 35.82
RDFER [46] 4860  36.47
CFAN-SDA [45] 49.48 39.56
ST-RDGCN [47] 49.03 40.48
HDF [20] 50.30 4049
LSEF (Ours) | 5073 41.26

particularly notable for continuous VAC because regression is
highly sensitive to temporal instability: small errors in model-
ing transient shifts can accumulate into trajectory drift, while
over-smoothing can suppress meaningful affective transitions.

In contrast, LSEF explicitly separates stable emotional trends
(low-rank bases) from short-term affective shifts (sparse fluc-
tuations) and then reconstructs cross-scale coherence through
consistency integration, which jointly reduces trajectory noise
and preserves salient local changes.

From an affect-dynamics perspective, valence often reflects
longer-term mood-related tendencies, while arousal is more
reactive to momentary stimuli; the consistent RMSE reduction
in both dimensions indicates that LSEF can simultaneously
maintain global stability and local sensitivity. This is aligned
with our framework design: SEM stabilizes affective baselines
by suppressing noisy high-frequency artifacts, DDM prevents
transient bursts from contaminating stable representations
while preserving discriminative temporal perturbations, and
CIM coordinates multi-scale aggregation to avoid diluting
bases or over-smoothing fluctuations. Overall, LSEF provides
a unified modeling paradigm capable of delivering robust
and interpretable affective understanding across both discrete
and continuous VAC scenarios, which is desirable for real-
world consumer-facing affect applications requiring stable yet
responsive predictions. In addition to RMSE, we report the
PCC. The improved overall PCC indicates that LSEF not only
reduces absolute errors but also better preserves the temporal
trend consistency of affect trajectories, mitigating drift while
retaining meaningful transitions.

Overall, LSEF provides a unified modeling paradigm capa-
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TABLE III: Comparison of our LSEF with the commonly used Continuous VAC methods on VEATIC.

Method \ RMSE PCC
‘ Valence Arousal Overall Valence Arousal Overall
EMOTIC [49] 0.3219 0.2645 0.2931 0.6133 0.5906 0.6120
X3D [20] 0.3136 0.2516 0.2826 0.5971 0.5994 0.5983
VEATIC [12] 0.3107 0.2453 0.2780 0.6250 0.6012 0.6131
LSEF (Ours) l 0.3094 0.2369 0.2732 l 0.6244 0.6138 0.6191
Hap. ®Sad. ®Neu ®Ang. ®Sur ® Dis. Fea. highlights that the benefit of hierarchical low-rank sparse

Fig. 7: Illustration of the learned feature distribution.

ble of delivering robust and interpretable affective understand-
ing across both discrete and continuous VAC scenarios, which
is desirable for real-world consumer-facing affect applications
requiring stable yet responsive predictions.

C. Ablation Studies

1) Effectiveness of Each Module: We conduct ablation
studies to assess the contribution of each component in LSEF.
As shown in Tab. IV, the baseline without any module
performs the weakest, highlighting the limitation of learning
affective dynamics in a single entangled pathway. Introduc-
ing SEM significantly improves both discrete and continuous
metrics by enhancing low-rank stability and reducing noise-
driven fluctuations. This supports our hypothesis that stabi-
lizing long-term emotional bases provides a more coherent
contextual field, which benefits both category decision making
and continuous trajectory regression.

Adding DDM brings further gains by decoupling sparse
temporal perturbations and improving the discriminability of
transient affect dynamics. Notably, the improvements after
SEM +DDM suggest that stability and reactivity should not
be optimized in a coupled manner: when transient fluctu-
ations are routed and orthogonalized, the model becomes
better at preserving short-lived discriminative cues without
distorting the stable affective baseline. The incorporation of
CIM provides additional improvements through cross-scale
coordination, aligning global stability with local sensitivity.
This indicates that hierarchical aggregation, while necessary
for semantic abstraction, can introduce structural drift if stable
and transient components are not explicitly reconciled across
scales; CIM helps to maintain a consistent low-rank sparse
organization throughout the network depth.

Finally, integrating RAO yields the best overall performance
by maintaining balanced optimization between smooth low-
rank components and sensitive sparse dynamics. This result

modeling is not only architectural but also optimization-
related: when gradient perturbations are adaptively regulated
according to rank/sparsity-sensitive structure, training becomes
more stable and generalization improves.

Overall, these observations suggest clear interaction effects
among the proposed components: SEM first improves temporal
coherence by stabilizing the low-frequency emotional base,
which creates a more reliable context for subsequent modeling;
DDM then becomes more effective by isolating and orthogo-
nalizing transient perturbations, reducing stability—sensitivity
interference and improving discriminability of short-lived
cues; CIM further reinforces this benefit by reconciling stable
and transient representations across depth to mitigate multi-
scale drift introduced by hierarchical aggregation; finally, RAO
complements the architecture at the optimization level by
regulating perturbations according to rank/sparsity-sensitive
structure, yielding more stable training and stronger gener-
alization. Together, the modules form a coordinated stability—
reactivity pipeline that supports both robust classification and
accurate affect regression.

In addition, we summarize the per-module efficiency over-
head in Tab. IV. Overall, SEM, DDM, and CIM introduce
only lightweight architectural overhead, with modest increases
in parameters and computation as modules are progressively
enabled. The added cost is dominated by DDM due to its
relational interaction, while SEM and CIM remain relatively
inexpensive. These results suggest that the accuracy improve-
ments are achieved with a favorable accuracy—efficiency trade-
off, and the end-to-end latency remains practically tractable
under a consumer electronics-oriented deployment budget.

2) Accuracy and Overhead of RAO: We report the added
wall-clock and GPU-memory overhead of RAO relative to
AdamW and SAM on DFEW under identical settings. Tab. V
indicates that perturbation-based training yields consistent
accuracy gains over the AdamW baseline, and RAO provides
the strongest improvement among the compared methods. In
terms of cost, RAO introduces a moderate increase in wall-
clock time compared with AdamW, while the peak GPU
memory is comparable to SAM. SAM is generally more time-
efficient than RAO due to its simpler perturbation rule, but
its overall accuracy gain is smaller. These results highlight a
clear accuracy—efficiency trade-off that RAO attains the best
accuracy with small memory overhead at the expense of
additional training time.

3) Sensitivity Analysis of Key Hyperparameters: We ana-
lyze the sensitivity of LSEF to key design choices in SEM
on DFEW, including the Gaussian kernel size k used for
frequency decomposition and the fusion coefficient A that bal-
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TABLE IV: Ablation study of different components in LSEF on DFEW (fd5) and VEATIC.

Method ‘

DFEW | VEATIC |

Params(M) ' FLOPs(G)

| WAR 7 UAR 1 |RMSE | | |
base. | 68.12 5821 | 02826 | 298 | 2.60
+ SEM 68.88 59.15 | 02812 | 299 2.64
+ SEM + DDM 7072 60.57 | 02787 |  3.03 2.72
+ SEM + DDM + CIM 7188 60.86 | 02753 | 3.09 2.80
+ SEM + DDM + CIM + RAO (LSEF)| 7222 62.65 | 02732 | 3.09 2.80

TABLE V: Training overhead comparison of optimizers under identical
settings. Time is reported as a relative multiplier normalized by AdamW.

Optimizer WAR T UAR1T Time| Mem(GB) |
AdamW 71.88 60.86 1.00x 11.51
SAM 72.06 61.43 2.14x 11.55
RAO (ours) 72.22 62.65 2.57x% 11.59

TABLE VI: Sensitivity analysis on DFEW.

Factor Setting WAR 1+ UAR T
k=1 71.84 62.39

. k = 3 (default) 72.22 62.65

SEM kernel size k k=5 7209 6241
A=0.3 72.16 62.33

A = 0.5 (default) 72.22 62.65

Fusion coefficient A A=0.7 72.35 62.57

ances the low-frequency base and high-frequency perturbation-
enhanced branch. Note that A is implemented as a learnable
scalar in our SEM; thus we evaluate sensitivity to its initial-
ization. As shown in Tab. VI, the performance remains stable
within a reasonable range, indicating that LSEF is not overly
sensitive to these hyperparameters and can maintain consistent
accuracy under moderate configuration changes.

D. Visualization.

1) Learned Feature Maps Visualization: To further demon-
strate the effectiveness of the proposed LSEF (red) com-
pared to the baseline (blue) in modeling both discrete and
continuous affective representations, we visualize the learned
feature maps on DFEW and VEATIC. As shown in Fig. 6,
LSEF focuses more precisely on emotion-relevant facial areas
such as the eyes and mouth, while effectively suppressing
redundant background activations, indicating improved spatial
compactness and semantic consistency brought by low-rank
structural encoding. Compared with the baseline, LSEF ex-
hibits cleaner attention distributions with reduced spurious
responses on non-informative regions, which suggests that
SEM-driven stabilization helps the model filter out high-
frequency nuisance factors (e.g., illumination flicker, slight
camera motion, background clutter) that frequently occur
in real-world videos. Moreover, LSEF produces temporally
smoother and spatially coherent activations across consecutive
frames, highlighting the model’s capability to maintain stable
affective dynamics while remaining responsive to short-term
expression changes. This behavior is consistent with the low-

rank sparse principle: low-rank bases encourage coherent long-
term patterns, while sparse transients allow localized bursts to
be selectively emphasized rather than diffusely propagated.

In addition, the observed robustness under variations in
illumination, pose, and expression intensity provides practical
evidence that LSEF can maintain stable attention even under
capture variability, which is especially relevant to consumer
electronics scenarios where cameras, viewpoints, and lighting
conditions are highly diverse. Overall, these results confirm
that the low-rank and sparse aware mechanism enhances
both spatial discriminability and temporal robustness in VAC,
providing more reliable and interpretable affective evidence
for downstream prediction.

2) t-SNE Visualization: We employ t-SNE [50] to visualize
the learned affective embeddings of the baseline (blue) and
LSEF (red), as shown in Fig. 7. The baseline produces scat-
tered and overlapping clusters, indicating weak structural com-
pactness and limited discriminability among affective states.
This suggests that when stable trends and transient cues are
entangled, the learned embedding space may encode mixed
factors that blur the boundaries between affect categories and
degrade regression consistency.

In contrast, LSEF generates more distinguishable manifolds,
where emotion categories exhibit tighter intra-class cohe-
sion and more distinct inter-class boundaries. The improved
clustering pattern implies that LSEF reduces representation
redundancy and suppresses nuisance variations by organizing
affective dynamics into a more structured low-rank (global
context) and sparse (local bursts) composition. As a result,
samples from the same affect state become more compact
even under large appearance diversity, while different affect
states are better separated, reflecting stronger dynamic dis-
criminability and structural consistency. These observations
qualitatively support our quantitative improvements on both
WAR/UAR and RMSE, and further validate that hierarchical
low-rank sparse modeling provides a more robust embedding
geometry for video-based affective understanding.

V. DISCUSSION

The experimental results validate that explicitly disentan-
gling affective dynamics into a low-rank stable base and sparse
transient perturbations provides a fundamental advantage over
traditional entangled feature learning. By isolating long-term
emotional tones from short-lived reactions, LSEF effectively
mitigates feature drift and cross-contamination during propa-
gation. This structural decoupling explains its consistent supe-
riority in both discrete categorical recognition and continuous
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trajectory estimation under heterogeneous conditions. Despite
its robust performance, LSEF encounters boundary challenges
in extreme in-the-wild scenarios. When affective cues are
exceptionally subtle (e.g., micro-expressions) or obscured by
severe illumination degradation and heavy occlusions, the
mathematical boundary between informative sparse perturba-
tions and environmental noise can blur, potentially mixing vital
micro-cues with nuisance artifacts. Moving forward, address-
ing these limitations requires more adaptive, context-aware
routing strategies to salvage subtle perturbations under severe
noise. Furthermore, extending this low-rank sparse mechanism
to tokenized representations in Vision Transformers, alongside
rigorous on-device deployment profiling, will be critical steps
toward advancing reliable affective perception for consumer
electronics.

VI. CONCLUSION

We propose LSEF, a unified low-rank sparse representa-
tion learning framework for VAC. By decomposing affective
dynamics into low-rank stable structures and sparse transient
variations, LSEF achieves a structured representation of both
persistent and fluctuating emotional patterns. Through hierar-
chical modules, SEM for stable encoding, DDM for dynamic
disentanglement, CIM for consistency integration, and RAO for
adaptive optimization, our framework establishes a principled
bridge between robustness and plasticity. Extensive experi-
ments on discrete and continuous VAC datasets demonstrate its
superior generalization under complex real world conditions.
In future, we will extend this paradigm toward multi-modal
affective representation learning and efficient deployment for
real time emotion analysis.
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