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Abstract
Real-world visual data rarely presents as isolated, static in-
stances. Instead, it often evolves gradually over time through
variations in pose, lighting, object state, or scene context.
However, conventional classifiers are typically trained under
the assumption of temporal independence, limiting their abil-
ity to capture such dynamics. We propose a simple yet effec-
tive framework that equips standard feedforward classifiers
with temporal reasoning, all without modifying model archi-
tectures or introducing recurrent modules. At the heart of our
approach is a novel Support-Exemplar-Query (SEQ) learn-
ing paradigm, which structures training data into temporally
coherent trajectories. These trajectories enable the model to
learn class-specific temporal prototypes and align prediction
sequences via a differentiable soft-DTW loss. A multi-term
objective further promotes semantic consistency and tempo-
ral smoothness. By interpreting input sequences as evolving
feature trajectories, our method introduces a strong temporal
inductive bias through loss design alone. This proves highly
effective in both static and temporal tasks: it enhances per-
formance on fine-grained and ultra-fine-grained image clas-
sification, and delivers precise, temporally consistent predic-
tions in video anomaly detection. Despite its simplicity, our
approach bridges static and temporal learning in a modular
and data-efficient manner, requiring only a simple classifier
on top of pre-extracted features.

Code — https://github.com/Darcyddx/time-seq

Introduction
Most classification models are trained under the assump-
tion that data points are independent and identically dis-
tributed (i.i.d.). However, in many real-world scenarios such
as robotics, surveillance, medical imaging, and video anal-
ysis, visual data naturally evolves over time (Wang, Huynh,
and Koniusz 2019; Wang 2023; Zhu et al. 2024; Ding and
Wang 2025). A person might turn their head, lighting con-
ditions may shift, or an object’s state may gradually change.
These temporal variations form coherent, smooth trajecto-
ries in feature space. Yet, standard classifiers treat such tem-
porally structured inputs as static, isolated examples, ignor-
ing the rich temporal dynamics inherent in the data.

*These authors contributed equally.
†Corresponding author.

Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

This mismatch between data reality and training assump-
tions limits the generalization of conventional classifiers,
particularly for tasks requiring robustness to structured per-
turbations or subtle temporal shifts. While sequence models
like RNNs, LSTMs, and Transformers can model temporal
information (Xu, Zhu, and Clifton 2023), they introduce sig-
nificant architectural complexity, require temporally anno-
tated data, and are often ill-suited for scenarios with weak
or missing frame-level labels (Zhu et al. 2024).

In this work, we ask: Can standard feedforward classi-
fiers reason over time without modifying their architecture,
simply through rethinking how we supervise them? We show
the answer is yes. We propose a lightweight, general-purpose
training framework that imparts temporal inductive bias into
static classifiers purely through loss design. Our method op-
erates on smoothly evolving input sequences generated via
temporal augmentations that mimic natural transitions such
as pose changes or appearance shifts. These sequences pass
through a frozen pretrained encoder, followed by a classifier.

At the heart of our framework is a novel Support-
Exemplar-Query (SEQ) learning paradigm that structures
supervision around intra-class temporal patterns. For each
query sequence, we align its predictions to class-specific
temporal prototypes using a differentiable soft Dynamic
Time Warping (soft-DTW) objective. In addition to align-
ment, we incorporate semantic supervision (via cross-
entropy) and a smoothness regularization that penalizes
abrupt prediction changes. This yields a key insight: tem-
poral reasoning can emerge in static feedforward models
purely through supervisory signals, without any architec-
tural modifications or explicit sequence modeling. Our ap-
proach enables such models to learn how class semantics
evolve temporally, bridging static and dynamic tasks in a
unified, modular, and data-efficient manner.

We validate our method on two challenging domains: (i)
fine-grained and ultra-fine-grained visual recognition under
structured augmentations, where modeling temporal consis-
tency improves generalization, and (ii) frame-level video
anomaly detection, where capturing normal temporal behav-
ior enables early and accurate anomaly detection. Our main
contributions are summarized as follows:

i. We introduce SEQ learning, a novel and effective train-
ing paradigm that enables static feedforward classifiers
to capture and use temporal class-specific prototype tra-
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Figure 1: Overview of our framework. (a) Temporally smooth sequences are generated via time-indexed transformations At

(or sourced from natural videos) and processed by a frozen, image-pretrained vision transformer to extract frame-wise features.
A lightweight temporal classifier is then trained to produce feature trajectories. (b) These trajectories are optimized using a
multi-term objective with the Support-Exemplar-Query (SEQ) learning framework (see Fig. 3) to (i) align with class-specific
prototype trajectories that capture typical temporal patterns (violet block), (ii) achieve accurate classification through semantic
supervision (vivid green block), and (iii) ensure smooth and consistent temporal evolution (gray brown block).

jectories, without requiring any architectural changes.
This challenges the common assumption that temporal
reasoning requires specialized sequence models.

ii. We develop a unified, principled objective combining
soft-DTW temporal alignment, semantic supervision,
and smoothness regularization. This framework endows
standard classifiers with robust temporal reasoning capa-
bilities purely through loss design and is, to our knowl-
edge, the first to do so.

iii. We validate our method on diverse and challenging
tasks, including fine-grained and ultra-fine-grained im-
age recognition as well as video anomaly detection. Our
approach shows significant improvements in general-
ization, temporal consistency, and anomaly sensitivity
while using only feedforward architectures.

Related Work
Temporal modeling in classification. Classical approaches
for temporal data rely on architectures explicitly designed
to capture sequential dependencies, such as recurrent neural
networks (RNNs) including LSTMs and GRUs (Hochreiter
and Schmidhuber 1997), and more recently, attention-based
models like Transformers (Vaswani et al. 2017; Bertasius,
Wang, and Torresani 2021; Chen et al. 2024; Raj, Wang, and
Gedeon 2025). These methods excel at modeling time series,
video, and other sequential data but often require complex
architectures, high computational costs, and dense temporal
supervision. Their performance degrades when frame-level
labels are scarce or when temporal ordering is weak or noisy.

In contrast, our method injects temporal inductive bias di-
rectly into the training objective of standard static classi-
fiers, without architectural modifications or recurrent com-
ponents. By aligning prediction sequences to learned tem-
poral prototypes via soft-DTW, we enable temporal rea-
soning within simple feedforward models. This approach
reduces complexity and broadens applicability to settings
where temporal labels or models are unavailable.

Prototype-based learning. Prototype-based classification
methods, central to few-shot and metric learning, represent
classes by exemplars or centroids in feature space, facili-
tating generalization from limited data (Snell, Swersky, and
Zemel 2017; Sung et al. 2018; Wang and Koniusz 2022b).
Extensions to temporal tasks typically learn prototypes with
recurrent or convolutional temporal encoders (Liu, Song,
and Qin 2020; Wang and Koniusz 2022a).

Our work introduces a novel perspective by defining pro-
totypes in the prediction space as class-specific softmax
trajectories over time. Instead of embedding-level compar-
isons, we align entire prediction sequences to these tempo-
ral prototypes using soft-DTW, enforcing not only correct
classification but also coherent temporal evolution of pre-
dictions. This shift enables temporal supervision even when
only static labels are available, representing a significant de-
parture from prior prototype-based methods.
Temporal and smooth augmentations. Data augmentation
techniques improve robustness by exposing models to con-
trolled input variations (Cubuk et al. 2020; Hendrycks et al.
2019). Temporal smoothness regularization and augmenta-
tions that mimic natural transitions have been used in video
and self-supervised learning to encourage continuity and
consistency (Sermanet et al. 2018; Qian et al. 2021; Schi-
appa, Rawat, and Shah 2023; Chen et al. 2024).

We build upon these ideas by using smooth, structured
augmentations to synthesize temporal sequences from static
inputs, simulating natural feature trajectories such as pose
shifts or illumination changes. Crucially, we use these aug-
mentations not only as regularizers but as core supervisory
signals through alignment with temporal prototypes. This
enables temporal inductive bias injection even in the absence
of real temporal data or frame-level labels.
Learning paradigms for temporal and metric learn-
ing. Few-shot and metric learning methods often rely on
episodic training paradigms organizing data into support and
query sets, promoting generalization from limited exemplars
(Snell, Swersky, and Zemel 2017; Sung et al. 2018). Some
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Figure 2: Examples from Flowers-102, SoyAging, Stanford
Dogs, and Cars show how augmentations create temporal
variations from one image. The first column shows origi-
nals (green); others apply augmentations by color: flip (red),
zoom (blue), rotation (purple), color jitter (orange), shear
(brown), translation (pink), blur (gray), and cutout (cyan),
enriching the feature space with varied appearances.

approaches extend these paradigms to temporal data by in-
corporating sequential encoding (Liu, Song, and Qin 2020;
Wang and Koniusz 2022a,b; Wang et al. 2024b).

Our proposed SEQ learning paradigm uniquely struc-
tures training data as temporally coherent feature trajectories
grouped into support, exemplar, and query roles. This design
encourages classifiers to internalize intra-class temporal dy-
namics through alignment with class-specific prediction pro-
totypes. Unlike existing episodic methods, SEQ integrates
soft-DTW alignment on prediction trajectories as a central
supervision signal, enabling temporal reasoning without ar-
chitectural or inference-time complexity. To our knowledge,
this is the first framework to combine sequence-level proto-
type alignment, smooth augmentation-driven trajectory gen-
eration, and static feedforward classifiers into a lightweight,
unified temporal learning paradigm.

Method
Overview
We introduce a novel framework that infuses temporal in-
ductive bias into static classifiers without requiring archi-
tectural changes or recurrent mechanisms, see Fig. 1 for
framework overview. The central insight of our method is
to reinterpret static or sequential inputs as temporally coher-
ent feature trajectories, which are then aligned with class-
specific temporal prototypes using a differentiable sequence
alignment procedure. This enables conventional feedfor-
ward models to exhibit temporal reasoning capabilities, en-
hancing their performance in scenarios where temporal con-
sistency is crucial. It consists of three key components:

i. Feature trajectories extraction. We encode static or
video inputs into smoothly evolving feature sequences
that reflect temporal coherence.

ii. Support-Exemplar-Query (SEQ) learning. We pro-
pose a novel SEQ paradigm that uses intra-class tempo-
ral structure by organizing data into support, exemplar,
and query trajectories, encouraging the model to learn
temporally grounded representations.

iii. Multi-term objective. We optimize a composite loss
function comprising (i) alignment loss for matching fea-
ture trajectories to temporal prototypes, (ii) semantic su-
pervision via class labels, and (iii) a temporal smooth-
ness regularization to maintain consistency across time.

The result is a robust, temporally aware classifier that gener-
alizes effectively across both synthetic and real-world tem-
poral variations, all while maintaining compatibility with ex-
isting architectures. We begin by describing our notation.
Notation. Let Iτ = {1, 2, . . . , τ} denote a time index set
of length τ . A stacked vector of elements αi is written as
[αi]i∈Iτ

, and a matrix formed from elements αij is de-
noted [αij ](i,j)∈II×IJ

. Scalars are represented in standard
font (e.g., x), vectors in bold lowercase (e.g., x), matrices
in bold uppercase (e.g., X), and tensors in calligraphic font
(e.g., X ). The inner product between two matrices Π and D
is defined as the standard Euclidean inner product between
their vectorized forms: ⟨Π,D⟩ ≡ ⟨vec(Π), vec(D)⟩.

Capturing Evolving Feature Trajectories
Smooth temporal augmentations from images. Static im-
ages inherently lack temporal structure, limiting a model’s
capacity to learn temporal dynamics or develop temporal
reasoning. To overcome this limitation, we synthesize vir-
tual temporal sequences from a single image X ∈ RH×W×3

by applying smooth, time-varying augmentations over a vir-
tual time index t ∈ Iτ . Formally, we construct a sequence:

X = [X1,X2, . . . ,Xτ ], with Xt = At(X ), (1)

where At denotes a transformation with parameters θt that
vary smoothly over time. Each augmentation parameter p ∈
θ (e.g., rotation angle, brightness, translation, etc.) evolves
linearly over the sequence length τ :

pt = pstart +
t− 1

τ − 1
(pend − pstart), (2)

where pstart and pend are randomly sampled endpoints. This
linear interpolation ensures that the transformations evolve
continuously across time, mimicking realistic temporal tran-
sitions. The operator At thus combines spatial and photo-
metric effects such as rotation, translation, scaling, bright-
ness, contrast, and blur into a time-indexed transformation:

At = T (θt). (3)

These augmentations emulate plausible temporal changes,
such as gradual pose shifts, or camera zooms, without re-
quiring access to video data or temporal annotations. Fig. 2
shows visualizations of temporal augmentations on images.
Natural temporal sequences from videos. In contrast,
video data naturally provides temporal continuity, capturing
authentic dynamics such as object motion, scene evolution,
and environmental changes. A video clip can be represented
as: X = [X1,X2, . . . ,Xτ ], where each frame Xt is tempo-
rally correlated with its neighbors, forming a coherent se-
quence. This inherent structure encodes rich temporal infor-
mation that can be directly exploited during training.

Extracting frame-wise features. We adopt a frozen
image-pretrained backbone MImg to extract frame-wise fea-
tures from both synthetic and natural sequences. Each frame
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Figure 3: Support-Exemplar-Query (SEQ) models class-
consistent temporal dynamics by constructing a support set
of sequences to form a class-specific exemplar that captures
typical prediction trajectories over time. A query sequence is
then aligned against this exemplar to enforce temporal con-
sistency and reveal deviations from expected class behavior.

Xt is independently processed:

zt = MImg(Xt), (4)

yielding a sequence of feature vectors:

Z = [z1, z2, . . . , zτ ] ∈ Rτ×d, (5)

where d denotes the dimensionality of the extracted features.
We adopt image-pretrained backbones for their rich, trans-
ferable visual representations, stability across domains, and
efficiency benefits, enabling our classifier to focus solely on
learning temporal relationships from strong, frozen features.

We then train a classifier f , typically a fully connected
layer followed by a softmax activation:

ϕt = f(zt;W ), Φ = [ϕ1, . . . ,ϕτ ] ∈ Rτ×C , (6)

where C denotes the number of classes. The output Φ is
used in classification tasks guided by dedicated loss objec-
tives. This clean separation between feature extraction and
temporal modeling maintains architectural simplicity, while
enabling our framework to process both synthetic and real
temporal sequences in a unified and scalable manner.

Support-Exemplar-Query (SEQ) Learning
We propose Support-Exemplar-Query (SEQ) learning, a
novel framework for modeling class-consistent temporal dy-
namics and detecting structural deviations within sequen-
tial data. SEQ is built on three key components: (i) a sup-
port set consisting of class-consistent sequences, (ii) a class-
conditioned exemplar that summarizes temporal regulari-
ties, and (iii) a query set, containing sequences evaluated
against their corresponding class exemplars for consistency.

The SEQ framework operates in two stages (see Fig. 3).
First, a support-query matching phase selects relevant sup-
port sequences for a given query. Second, an exemplar-query
alignment phase measures the temporal similarity between
the query and a synthesized class exemplar via differen-
tiable alignment. The exemplar acts as a dynamic reference

that encodes intra-class temporal coherence, facilitating in-
terpretable matching and anomaly detection.

By explicitly capturing the temporal structure within
each class and comparing incoming sequences against these
learned exemplars, SEQ enables both fine-grained classifi-
cation and structural deviation detection. Importantly, SEQ
uses an episodic training paradigm, inspired by few-shot
learning, which promotes robust generalization to novel
classes and distribution shifts.
Support-query matching. In each training episode, we
sample two disjoint subsets from the training data: a query
set and a support set. The query set, denoted as S∗, con-
sists of sequences from various classes (e.g., a batch of train-
ing samples), simulating real-world inputs that may be am-
biguous or noisy. Given a query sequence Φ∗ ∈ S∗ with
known class label c, we construct the corresponding support
set S• = {Φ•

n}n∈IN
by sampling N additional sequences

from the same class c. These support sequences are used to
synthesize a class exemplar that represents typical temporal
score evolution for class c.

To compare score sequences of variable lengths, we use
the γ-Soft Dynamic Time Warping (Soft-DTW) distance,
a differentiable relaxation of classical DTW. It enables
smooth, gradient-based optimization and aggregates align-
ment costs over multiple plausible warping paths.

Let Φ= [ϕ1, . . . ,ϕτ ] ∈Rτ×C and Φ′ = [ϕ′
1, . . . ,ϕ

′
τ ′ ] ∈

Rτ ′×C denote two sequences of softmax prediction scores.
The Soft-DTW distance is computed as:

d2DTW(Φ,Φ′) = SoftMinγ ({⟨Π,D(Φ,Φ′)⟩ | Π ∈ Pτ,τ ′}) ,
(7)

where Pτ,τ ′ is the set of valid alignment paths between the
two sequences, and the alignment cost ⟨Π,D⟩ is computed
over the distance matrix D ∈ Rτ×τ ′

+ , defined by:

D =
[
d2base(ϕm,ϕ′

n)
]
(m,n)∈Iτ×Iτ′

. (8)

Here, d2base(·, ·) is typically the squared Euclidean distance.
The SoftMin operator is given by:

SoftMinγ(α) = −γ log
∑
i

exp(−αi/γ), (9)

where γ ≥ 0 controls the softness of the alignment. As
γ → 0, it converges to standard DTW; larger γ values yield
smoother, more flexible alignments.
Query-exemplar alignment. To represent the temporal dy-
namics of each class, we synthesize an exemplar sequence
by computing the Fréchet mean (or barycenter) of the sup-
port set under Soft-DTW. This exemplar captures the aver-
age temporal evolution of softmax scores for class c, acting
as a dynamic prototype for alignment.

Given support set S• = {Φ•
n}n∈IN

with possibly varying
sequence lengths τn, the exemplar M• ∈ Rτ̄×C (where τ̄ is
the average length of the sequences in S•) is defined as:

M• = argmin
M•∈Rτ̄×C

N∑
n=1

wn

τn
d2DTW(Φ•

n,M
•), (10)

where wn ∈ R+ are normalized weights satisfying∑N
n=1wn = 1. This formulation jointly aligns and averages
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the support sequences, yielding a smooth, representative tra-
jectory of class-consistent score dynamics.
Episodic training paradigm. In each episode, we select
a query sequence Φ∗, sample a support set S• of size N ,
and compute the corresponding class exemplar M•. We
then align the query to the exemplar using Soft-DTW, ob-
taining a class-conditioned similarity score. Note that for
generated virtual sequences, we ensure that both the query
and its corresponding support sequences undergo identical
temporal augmentations. This consistency preserves align-
ment integrity and allows the model to focus on class-
specific dynamics rather than artificial temporal discrepan-
cies. This alignment-based approach equips the model to
capture temporal consistency, detect deviations from class
patterns, and generalize to new temporal dynamics. Training
across diverse episodes encourages abstraction of temporal
class structure and adaptability to unseen scenarios.

Temporal Classifier with Multi-term Objective
We propose a lightweight yet expressive classifier that op-
erates over temporal sequences of features using a single
fully connected layer followed by softmax. The objective is
to train this model to produce temporally coherent, seman-
tically accurate, and class-consistent prediction trajectories.
Specifically, the output sequence Φ = [ϕ1, . . . ,ϕτ ] should:
(i) align with a class-specific prototype trajectory that en-
codes the typical temporal prediction pattern, (ii) accurately
classify each timestep or sequence via semantic supervi-
sion, (iii) evolve smoothly over time, avoiding abrupt output
changes. We now present the unified multi-term objective.
Temporal prototype alignment. For each class c ∈
{1,. . . ,C} in an episode, we construct a class-specific proto-
type sequence M•∈Rτ̄×C using the Soft-DTW barycenter
method (see equation 10). This prototype captures the char-
acteristic temporal evolution of predictions for class c. To
align each training query sequence Φ∗ with its correspond-
ing prototype M•, we minimize their Soft-DTW distance:

Lalign =
1

|S∗|

|S∗|∑
i=1

d2DTW (Φ∗
i ,M

•
i ) . (11)

Here, S∗ denotes the set of query sequences, with |S∗| as
its cardinality. This alignment encourages the model to pro-
duce temporally structured and class-consistent prediction
sequences, even when the input dynamics are nonlinear.
Cross-entropy supervision. To ensure semantic accuracy,
we apply standard cross-entropy (CE) loss at either the
frame or sequence level, depending on the task:
i. For sequence tasks (e.g., anomaly detection) with frame-

level labels yt, cross-entropy is applied at each timestep:

LCE =
1

τ |S∗|

|S∗|∑
i=1

τ∑
t=1

CE(ϕ∗
i,t, yi,t). (12)

ii. For static tasks (e.g., image classification), predictions
are averaged over time to capture visual variations:

LCE =
1

|S∗|

|S∗|∑
i=1

CE

(
1

τ

τ∑
t=1

ϕ∗
i,t, yi

)
. (13)

This term ensures that predictions convey the correct se-
mantic labels at the appropriate temporal granularity.
Temporal smoothness regularization. We add a smooth-
ness loss to enforce temporal stability by penalizing abrupt
changes between consecutive predictions:

Lsmooth =
1

(τ − 1)|S∗|

|S∗|∑
i=1

τ∑
t=2

∥∥ϕ∗
i,t − ϕ∗

i,t−1

∥∥2
2
. (14)

This encourages the model to produce gradual, interpretable
prediction changes that mirror natural dynamics such as mo-
tion, progression, or transitions.
Final multi-term objective. The complete training loss
combines these three components:

L = Lalign + αLCE + β Lsmooth, (15)

where α and β are hyperparameters that balance semantic
supervision and temporal regularity. In our experiments, we
also incorporate exemplars into both CE loss and temporal
smoothness regularization to enhance robustness against se-
mantic variations, perturbations, and class prototype shifts.
For sequence tasks, exemplars help capture fine-grained
temporal variations within sequences. For image classifi-
cation, they assist in addressing shifts in class prototypes,
thereby improving generalization across diverse conditions.

Experiment
Experimental Setup
Datasets. We evaluate fine-grained recognition on Stan-
ford Cars (Krause et al. 2013), Dogs (Khosla et al. 2011),
Flowers-102 (Nilsback and Zisserman 2008), and the ultra-
fine-grained SoyAging dataset (Yu et al. 2021b). Video
anomaly detection uses MSAD (Zhu et al. 2024) with Pro-
tocol ii, covering various anomaly types and scenarios. All
evaluations follow standard protocols for fair comparison.
Models. Our method trains a single FC on frozen vision
transformer features, without fine-tuning the backbone. We
extract features using CLIP-ViT-L/14/224 (ImageNet-1K)
for Stanford Cars, CLIP-ViT-B/16/224 (ImageNet-1K) for
Oxford Flowers-102, and ViT-B/16/224 (ImageNet-1K) for
Stanford Dogs. For the specialized SoyAging dataset, we use
CLE-ViT (Swin-B/448) pretrained on ImageNet-21K (Yu,
Wang, and Gao 2023) to use its larger corpus for ultra-fine-
grained tasks. For MSAD, frame-level features are extracted
using CLIP-ViT-B/16/224 pretrained on WebImgText.
Setups. In all experiments, the baseline is a static classi-
fier with a single FC layer and softmax. We extend this
by exploring feature trajectories, which represent smooth
feature evolution through synthetic temporal augmentations
(for static images) or natural temporal changes (for videos
like MSAD). Our full model integrates feature trajectories
with SEQ to effectively capture dynamic visual patterns over
time. We benchmark against recent state-of-the-art methods
on each dataset to validate the competitiveness of our results.

Quantitative and Qualitative Evaluation
Hyperparameter evaluation. Fig. 4 shows the impact of
key hyperparameters. The weight α controls the classifica-
tion loss, with performance improving as α increases and

20820



(a) α (b) β (c) γ (d) N

Figure 4: Evaluation of key hyperparameters.

(a) Flowers-102 (b) SoyAging

Figure 5: Visualization of selected FC weight regions shows a clear comparison between the baseline (left) and our temporal
modeling (right). Temporal modeling yields stronger, more distinct patterns, enhancing feature discrimination. Even on the
ultra-fine-grained SoyAging, our approach produces clearer, more structured weights, demonstrating the advantages of temporal
supervision in feature learning.

Stanford Cars Stanford Dogs Oxford Flowers-102 SoyAging
Method Acc Method Acc Method Acc Method Acc

AP-CNN (Ding et al. 2021) 95.4 RAMS-Trans (Hu et al. 2021) 92.4 MGE-CNN (Zhang et al. 2019) 95.9 Cutmix (Yun et al. 2019) 62.3
P2P-Net (Yang et al. 2022) 95.4 PMG-V2 (Du et al. 2022) 90.7 SJFT (Ge and Yu 2017) 97.0 DCL (Chen et al. 2019) 73.2
CP-CNN (Liu et al. 2022) 95.4 ViT-NeT (Kim, Nam, and Ko 2022) 93.6 OPAM (Peng, He, and Zhao 2017) 97.1 ViT (Dosovitskiy et al. 2021) 67.0
TransFG (He et al. 2022) 94.8 TransFG (He et al. 2022) 92.3 Cosine (Barz and Denzler 2020) 97.2 DeiT (Touvron et al. 2021) 69.5
ViT-NeT (Kim, Nam, and Ko 2022) 95.0 IELT (Xu et al. 2023) 91.8 PMA (Song et al. 2020) 97.4 MaskCOV (Yu et al. 2021a) 75.9
DCAL (Zhu et al. 2022) 95.3 LGTF (Zhu et al. 2023) 92.1 DSTL (Cui et al. 2018) 97.6 TransFG (He et al. 2022) 72.2
PMG-V2 (Du et al. 2022) 95.4 ACC-ViT (Zhang et al. 2024) 92.9 MC-Loss (Chang et al. 2020) 97.7 SPARE (Yu, Zhao, and Gao 2022) 75.7
GDSMP-Net (Ke et al. 2023) 95.3 MP-FGVC (Jiang et al. 2024) 91.0 CAP (Behera et al. 2021) 97.7 Mix-ViT (Yu et al. 2023) 76.3
MPSA (Wang et al. 2024a) 95.4 MPSA (Wang et al. 2024a) 95.4 SR-GNN (Bera et al. 2022) 97.9 CLE-ViT (Yu, Wang, and Gao 2023) 79.0*
Baseline 94.7 Baseline 93.5 Baseline 97.6 Baseline 79.6
w/ feat. traj. 95.6 w/ feat. traj. 96.0 w/ feat. traj. 98.4 w/ feat. traj. 79.8
w/ feat. traj.&SEQ 96.1 w/ feat. traj.&SEQ 96.3 w/ feat. traj.&SEQ 98.4 w/ feat. traj.&SEQ 80.0

Table 1: Performance on fine-grained and ultra-fine-grained recognition datasets. Baseline and our methods use a single-layer
classifier. w/ feat. traj. applies smooth temporal augmentations to produce feature trajectories, while w/ feat. traj.&SEQ is our
full model with both sequence and temporal modeling. Bold marks the best. Temporal classifier improves performance across
image datasets, highlighting the value of temporal cues in fine-grained recognition. * indicates reproduced results.

Method
Assault Explosion Fighting Fire Obj. Fall People Fall Robbery Shooting Traffic Acc. Vandalism Water Inc. Overall

AUC AP AUC AP AUC AP AUC AP AUC AP AUC AP AUC AP AUC AP AUC AP AUC AP AUC AP AUC AP
RTFM (I3D) 53.9 66.4 66.0 76.6 79.8 88.6 44.9 71.1 84.6 89.3 45.7 52.6 70.2 88.0 87.5 89.2 64.1 57.7 74.9 73.0 98.1 99.6 86.6 68.4
MGFN (SwinT) 50.2 49.6 50.9 58.1 57.2 67.1 51.4 74.2 41.3 51.6 44.4 40.3 40.1 68.5 51.4 63.9 50.4 42.3 42.6 40.9 58.6 87.2 69.3 33.6
MGFN (I3D) 53.9 60.2 59.1 66.5 80.6 89.5 66.1 82.9 89.9 94.6 53.6 44.9 72.2 85.4 68.3 80.6 66.9 54.7 84.4 78.5 81.9 96.1 81.2 59.3
UR-DMU 56.9 64.5 67.9 74.5 83.9 90.4 61.2 82.9 92.1 95.8 42.5 43.7 63.5 79.3 81.4 87.8 62.0 55.6 84.7 77.0 98.5 99.5 85.0 68.3
EGO 52.2 57.5 57.6 74.4 66.5 72.8 62.9 86.7 92.3 94.8 35.4 43.8 64.8 87.5 68.6 78.4 69.9 64.3 88.1 81.4 81.9 95.4 87.3 64.4
IEF-VAD 66.0 – 66.3 – 79.8 – 49.4 – 75.9 – 42.5 – 66.9 – 86.9 – 70.1 – 75.8 – 88.9 – 82.1 –
Baseline 48.2 51.5 77.3 84.6 73.1 83.9 78.2 94.7 83.7 89.7 49.8 46.3 65.5 86.4 79.8 88.1 63.0 55.2 76.2 75.0 99.6 99.9 86.7 72.2
w/ feat. traj. 50.6 51.1 76.1 85.3 70.5 82.8 76.7 94.5 85.6 90.7 56.2 50.7 67.0 86.2 79.1 88.3 61.4 52.6 84.3 78.3 99.3 99.8 92.1 77.3
w/ feat. traj.&SEQ 59.3 60.2 84.9 88.9 79.8 89.9 81.4 95.6 85.2 90.8 52.3 48.7 68.1 87.4 79.5 88.6 60.6 50.4 85.0 80.3 99.6 99.9 90.5 77.5

Table 2: Performance by anomaly type on MSAD. The best result is marked with bold and underline, and the second-best is
shown in bold. We compare against recent methods, including RTFM (Tian et al. 2021), MGFN (Chen et al. 2023), UR-DMU
(Zhou, Yu, and Yang 2023), EGO (Ding et al. 2025a), and IEF-VAD (Jeong, Park, and Imani 2025), which rely on complex
architectures and spatio-temporal feature extraction. In contrast, our method, despite using only a temporal classifier on top of
frozen features, consistently achieves strong and often superior results across anomaly types. This highlights the effectiveness
of simple temporal modeling in capturing temporal dynamics without heavy architectural complexity.
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Method
Frontdoor Mall Office Parkinglot Pedestr. st. Restaurant Road Shop Sidewalk St. highview Train Warehouse Overall
AUC AP AUC AP AUC AP AUC AP AUC AP AUC AP AUC AP AUC AP AUC AP AUC AP AUC AP AUC AP AUC AP

RTFM (I3D) 81.8 79.3 88.1 76.6 76.6 72.8 80.7 45.8 94.0 48.5 88.3 79.1 84.3 57.9 85.3 75.6 88.3 68.8 72.0 28.5 51.4 3.3 82.7 57.0 86.6 68.4
MGFN (SwinT) 59.5 51.7 18.5 20.1 64.1 52.3 67.9 19.0 75.9 9.7 67.9 44.0 70.6 26.3 62.7 43.0 69.0 25.9 75.3 23.3 65.4 5.2 70.1 30.1 69.3 33.6
MGFN (I3D) 82.5 80.8 73.8 71.3 71.5 58.2 68.9 14.8 94.8 36.2 95.1 91.3 76.5 35.8 85.6 78.4 78.5 57.2 77.9 29.3 40.3 2.1 58.3 24.2 81.2 59.3
UR-DMU 84.8 82.8 91.0 83.8 77.8 67.3 91.4 53.9 81.9 11.5 93.1 87.4 83.0 64.4 81.3 64.5 86.5 64.1 85.0 37.7 59.0 3.1 81.2 59.1 85.0 68.3
EGO 85.2 81.6 82.3 73.4 80.0 71.7 96.8 75.2 97.5 52.0 94.3 73.9 89.8 64.6 83.4 72.2 87.1 45.0 28.2 10.1 80.8 7.8 84.7 46.6 87.3 64.4
IEF-VAD - - - - - - - - - - - - - - - - - - - - - - - - 82.1 -
Baseline 83.9 83.3 90.1 82.0 79.5 76.0 96.3 83.9 49.9 25.4 85.9 77.3 63.1 43.5 92.1 84.7 85.4 67.8 99.7 98.8 91.7 24.2 79.0 45.9 86.7 72.2
w/ feat. traj. 85.2 82.4 90.1 82.0 83.0 75.0 97.0 86.3 46.8 10.7 90.8 81.5 81.4 60.4 90.9 82.0 93.2 80.9 99.9 99.4 95.7 42.9 94.2 69.9 92.1 77.3
w/ feat. traj.&SEQ 86.0 84.6 89.6 84.2 84.5 79.2 92.9 64.4 39.1 10.0 92.2 84.0 79.5 62.4 88.0 79.6 87.3 71.4 99.8 99.2 95.3 36.7 93.5 70.9 90.5 77.5

Table 3: Performance by Scenario on MSAD. We report results on 12 test scenarios, excluding Highway and Park, which do not
contain anomalous events. Our methods, w/ feat. traj. and w/ feat. traj.&SEQ, achieve strong performance across all scenarios.

stabilizing beyond α ≥ 1, underscoring the need to balance
alignment and classification. The smoothness regularizer β
exhibits stable performance across a wide range, indicat-
ing robustness on MSAD. The softness parameter γ in soft-
DTW benefits from moderate values, e.g., 0.1, particularly
on Flowers-102. Lastly, N defines the number of sequences
in the support set for computing class exemplars. Larger N
leads to more reliable temporal estimates, with gains satu-
rating at N = 3 on Flowers-102.
Analysis of learned weights. As shown in Fig. 5, temporal
modeling produces stronger, more structured, and more dis-
tinct weight patterns compared to the baseline. These clearer
weight structures suggest enhanced feature discrimination,
as the model learns to better separate meaningful variations
through temporal supervision. Even on challenging ultra-
fine-grained datasets such as SoyAging, where differences
are inherently subtle, our method leads to more pronounced
and organized weight patterns. This demonstrates that our
approach introduces an implicit temporal inductive bias into
otherwise static classifiers, without requiring architectural
modifications. Instead, this bias is induced through simple
temporal augmentations and sequence-based training objec-
tives, providing a lightweight yet effective alternative to tra-
ditional heavy temporal models.
Fine-grained image recognition. In Table 1, when smooth
temporal augmentations are applied, performance improves
across all datasets. Adding SEQ learning on top of feature
trajectories yields further improvements. This suggests that
modeling temporal dependencies, even in static images, can
enhance feature discrimination by implicitly learning con-
sistent patterns and relationships across augmented views.
Particularly in ultra-fine-grained recognition like SoyAging,
the incremental gains indicate that temporal cues help ad-
dress extreme subtlety in class differences where traditional
spatial cues alone may be insufficient. These findings reveal
that temporal consistency, typically associated with video or
time-series data, can be used as a powerful inductive bias to
improve static image classification, especially in challenging
fine-grained domains, without increasing architectural com-
plexity (Ding et al. 2025b). This insight opens new avenues
for bridging temporal modeling techniques with static image
tasks to push the limits of visual recognition accuracy.
Evaluation on MSAD. Analyzing performance by anomaly
type (Table 2), our method consistently achieves competi-
tive or superior results compared to recent state-of-the-art

approaches, despite using a simple classifier on frozen fea-
tures. This demonstrates the effectiveness of lightweight
temporal modeling in capturing complex anomaly dynam-
ics without relying on heavy spatio-temporal architectures.
Anomalies such as explosions, fires, and vandalism benefit
notably from integrating feature trajectories and SEQ learn-
ing, leading to substantial performance gains (see Fig. 6 for
prediction comparison). The strong performance achieved
without complex architectures further suggests that well-
extracted frozen features, when paired with effective tem-
poral modeling, provide a robust foundation for anomaly
recognition. Across scenarios (Table 3), the model maintains
stable and reliable detection across diverse environments,
from indoor settings like malls and offices to outdoor scenes
such as sidewalks and parking lots. This demonstrates that
temporal modeling via feature trajectories and SEQ learning
adapts well to varied spatial contexts and activity patterns.
On the role of time. Our findings offer new insights into
the importance of time in both visual and video recognition.
Temporal information is not only crucial for video analy-
sis but also enhances static image recognition when prop-
erly used. With simple temporal augmentations and SEQ-
based supervision, standard feedforward classifiers, without
any architectural modifications, can effectively reason over
time. This demonstrates that temporal inductive bias can be
introduced through training strategies rather than architec-
tural complexity. Our experiments consistently show per-
formance gains across diverse datasets, from fine-grained
image classification to video anomaly detection. These im-
provements stem from modeling feature trajectories and en-
forcing temporal consistency, enabling models to capture
subtle dynamics and patterns over time. This lightweight ap-
proach challenges the common belief that temporal reason-
ing requires heavy sequential models like transformers. In-
stead, our results emphasize that the way we supervise tem-
poral information, by aligning it with feature evolution, can
be equally or even more impactful.

Conclusion
We introduced a simple yet effective training framework that
equips standard feedforward classifiers with temporal rea-
soning through a carefully designed loss function, without
altering model architecture. At its core is our SEQ learn-
ing, which aligns prediction sequences with temporal pro-
totypes via soft-DTW, further guided by semantic consis-
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(a) Explosion (b) People falling

(c) Shooting (d) Traffic accident

Figure 6: Anomaly prediction comparison. Grey regions indicate ground-truth anomalies. Blue and red curves show the baseline
and our method. Our approach detects anomalies more accurately and earlier, with scores crossing the 0.5 threshold in closer
alignment with the ground truth.

tency and temporal smoothness objectives. This framework
enables lightweight classifiers to model temporal dynamics,
yielding robust, temporally consistent predictions for both
fine-grained visual recognition and video anomaly detec-
tion. By bridging static classifiers and temporal modeling
through supervision alone, our method offers an efficient al-
ternative to specialized sequence models.

Acknowledgments

Xi Ding, a visiting scholar at the ARC Research Hub for
Driving Farming Productivity and Disease Prevention, Grif-
fith University, conducted this work under the supervision of
Lei Wang. Lei Wang proposed the algorithm and developed
the theoretical framework, while Xi Ding implemented the
code and performed the experiments.

We thank the anonymous reviewers for their invaluable
insights and constructive feedback, which have contributed
to improving our work.

This work was supported by the Australian Research
Council (ARC) under Industrial Transformation Research
Hub Grant IH180100002.

This work was also supported by the National Com-
putational Merit Allocation Scheme 2025 (NCMAS 2025;
Lead CI: Lei Wang) and the ANU Merit Allocation Scheme
(ANUMAS 2025; Lead CI: Lei Wang), with computational
resources provided by NCI Australia, an NCRIS-enabled ca-
pability supported by the Australian Government.

References
Barz, B.; and Denzler, J. 2020. Deep learning on small
datasets without pre-training using cosine loss. In Proceed-
ings of the IEEE/CVF winter conference on applications of
computer vision, 1371–1380.
Behera, A.; Wharton, Z.; Hewage, P. R.; and Bera, A. 2021.
Context-aware attentional pooling (cap) for fine-grained vi-
sual classification. In Proceedings of the AAAI conference
on artificial intelligence, volume 35, 929–937.
Bera, A.; Wharton, Z.; Liu, Y.; Bessis, N.; and Behera, A.
2022. SR-GNN: Spatial relation-aware graph neural net-
work for fine-grained image categorization. IEEE Transac-
tions on Image Processing, 31: 6017–6031.
Bertasius, G.; Wang, H.; and Torresani, L. 2021. Is space-
time attention all you need for video understanding? In
ICML, volume 2, 4.
Chang, D.; Ding, Y.; Xie, J.; Bhunia, A. K.; Li, X.; Ma, Z.;
Wu, M.; Guo, J.; and Song, Y.-Z. 2020. The devil is in the
channels: Mutual-channel loss for fine-grained image classi-
fication. IEEE Transactions on Image Processing, 29: 4683–
4695.
Chen, Q.; Wang, L.; Koniusz, P.; and Gedeon, T. 2024. Mo-
tion meets attention: Video motion prompts. In The 16th
Asian Conference on Machine Learning (Conference Track).
Chen, Y.; Bai, Y.; Zhang, W.; and Mei, T. 2019. Destruction
and Construction Learning for Fine-Grained Image Recog-
nition. In 2019 IEEE/CVF Conference on Computer Vision
and Pattern Recognition (CVPR), 5152–5161.

20823



Chen, Y.; Liu, Z.; Zhang, B.; Fok, W.; Qi, X.; and Wu, Y.-C.
2023. Mgfn: Magnitude-contrastive glance-and-focus net-
work for weakly-supervised video anomaly detection. In
Proceedings of the AAAI Conference on Artificial Intelli-
gence, volume 37(1), 387–395.
Cubuk, E. D.; Zoph, B.; Shlens, J.; and Le, Q. V. 2020. Ran-
daugment: Practical automated data augmentation with a re-
duced search space. In Proceedings of the IEEE/CVF con-
ference on computer vision and pattern recognition work-
shops, 702–703.
Cui, Y.; Song, Y.; Sun, C.; Howard, A.; and Belongie, S.
2018. Large scale fine-grained categorization and domain-
specific transfer learning. In Proceedings of the IEEE con-
ference on computer vision and pattern recognition, 4109–
4118.
Ding, D.; Wang, L.; Zhu, L.; Gedeon, T.; and Koniusz, P.
2025a. Learnable Expansion of Graph Operators for Multi-
Modal Feature Fusion. In The Thirteenth International Con-
ference on Learning Representations.
Ding, X.; and Wang, L. 2025. Do language models under-
stand time? In Companion Proceedings of the ACM on Web
Conference 2025, 1855–1868.
Ding, X.; Wang, L.; Koniusz, P.; and Gao, Y. 2025b. Graph
Your Own Prompt. Advances in Neural Information Pro-
cessing Systems.
Ding, Y.; Ma, Z.; Wen, S.; Xie, J.; Chang, D.; Si, Z.; Wu,
M.; and Ling, H. 2021. AP-CNN: Weakly Supervised At-
tention Pyramid Convolutional Neural Network for Fine-
Grained Visual Classification. IEEE Transactions on Image
Processing, 30: 2826–2836.
Dosovitskiy, A.; Beyer, L.; Kolesnikov, A.; Weissenborn,
D.; Zhai, X.; Unterthiner, T.; Dehghani, M.; Minderer, M.;
Heigold, G.; Gelly, S.; Uszkoreit, J.; and Houlsby, N. 2021.
An Image is Worth 16x16 Words: Transformers for Image
Recognition at Scale. In International Conference on Learn-
ing Representations.
Du, R.; Xie, J.; Ma, Z.; Chang, D.; Song, Y.-Z.; and Guo, J.
2022. Progressive Learning of Category-Consistent Multi-
Granularity Features for Fine-Grained Visual Classification.
IEEE Transactions on Pattern Analysis and Machine Intelli-
gence, 44(12): 9521–9535.
Ge, W.; and Yu, Y. 2017. Borrowing treasures from the
wealthy: Deep transfer learning through selective joint fine-
tuning. In Proceedings of the IEEE conference on computer
vision and pattern recognition, 1086–1095.
He, J.; Chen, J.-N.; Liu, S.; Kortylewski, A.; Yang, C.; Bai,
Y.; and Wang, C. 2022. Transfg: A transformer architecture
for fine-grained recognition. In Proceedings of the AAAI
conference on artificial intelligence, volume 36, 852–860.
Hendrycks, D.; Mu, N.; Cubuk, E. D.; Zoph, B.; Gilmer, J.;
and Lakshminarayanan, B. 2019. Augmix: A simple data
processing method to improve robustness and uncertainty.
arXiv preprint arXiv:1912.02781.
Hochreiter, S.; and Schmidhuber, J. 1997. Long Short-Term
Memory. Neural Comput., 9(8): 1735–1780.

Hu, Y.; Jin, X.; Zhang, Y.; Hong, H.; Zhang, J.; He, Y.; and
Xue, H. 2021. Rams-trans: Recurrent attention multi-scale
transformer for fine-grained image recognition. In Proceed-
ings of the 29th ACM international conference on multime-
dia, 4239–4248.
Jeong, S.; Park, J.; and Imani, M. 2025. Uncertainty-
Weighted Image-Event Multimodal Fusion for Video
Anomaly Detection. arXiv preprint arXiv:2505.02393.
Jiang, X.; Tang, H.; Gao, J.; Du, X.; He, S.; and Li, Z. 2024.
Delving into multimodal prompting for fine-grained visual
classification. In Proceedings of the AAAI conference on
artificial intelligence, volume 38, 2570–2578.
Ke, X.; Cai, Y.; Chen, B.; Liu, H.; and Guo, W. 2023.
Granularity-aware distillation and structure modeling region
proposal network for fine-grained image classification. Pat-
tern Recognition, 137: 109305.
Khosla, A.; Jayadevaprakash, N.; Yao, B.; and Fei-Fei, L.
2011. Novel Dataset for Fine-Grained Image Categoriza-
tion. In First Workshop on Fine-Grained Visual Catego-
rization, IEEE Conference on Computer Vision and Pattern
Recognition. Colorado Springs, CO.
Kim, S.; Nam, J.; and Ko, B. C. 2022. ViT-NeT: Inter-
pretable Vision Transformers with Neural Tree Decoder. In
Chaudhuri, K.; Jegelka, S.; Song, L.; Szepesvari, C.; Niu,
G.; and Sabato, S., eds., Proceedings of the 39th Interna-
tional Conference on Machine Learning, volume 162 of
Proceedings of Machine Learning Research, 11162–11172.
PMLR.
Krause, J.; Stark, M.; Deng, J.; and Fei-Fei, L. 2013. 3D
Object Representations for Fine-Grained Categorization. In
2013 IEEE International Conference on Computer Vision
Workshops, 554–561.
Liu, J.; Song, L.; and Qin, Y. 2020. Prototype rectification
for few-shot learning. In Computer Vision–ECCV 2020:
16th European Conference, Glasgow, UK, August 23–28,
2020, Proceedings, Part I 16, 741–756. Springer.
Liu, M.; Zhang, C.; Bai, H.; Zhang, R.; and Zhao, Y. 2022.
Cross-Part Learning for Fine-Grained Image Classification.
IEEE Transactions on Image Processing, 31: 748–758.
Nilsback, M.-E.; and Zisserman, A. 2008. Automated
Flower Classification over a Large Number of Classes. In
2008 Sixth Indian Conference on Computer Vision, Graph-
ics & Image Processing, 722–729.
Peng, Y.; He, X.; and Zhao, J. 2017. Object-part attention
model for fine-grained image classification. IEEE Transac-
tions on Image Processing, 27(3): 1487–1500.
Qian, R.; Meng, T.; Gong, B.; Yang, M.-H.; Wang, H.;
Belongie, S.; and Cui, Y. 2021. Spatiotemporal con-
trastive video representation learning. In Proceedings of
the IEEE/CVF conference on computer vision and pattern
recognition, 6964–6974.
Raj, A.; Wang, L.; and Gedeon, T. 2025. Tracknetv4: En-
hancing fast sports object tracking with motion attention
maps. In ICASSP 2025-2025 IEEE International Confer-
ence on Acoustics, Speech and Signal Processing (ICASSP),
1–5. IEEE.

20824



Schiappa, M. C.; Rawat, Y. S.; and Shah, M. 2023. Self-
supervised learning for videos: A survey. ACM Computing
Surveys, 55(13s): 1–37.
Sermanet, P.; Lynch, C.; Chebotar, Y.; Hsu, J.; Jang, E.;
Schaal, S.; Levine, S.; and Brain, G. 2018. Time-contrastive
networks: Self-supervised learning from video. In 2018
IEEE international conference on robotics and automation
(ICRA), 1134–1141. IEEE.
Snell, J.; Swersky, K.; and Zemel, R. 2017. Prototypical net-
works for few-shot learning. Advances in neural information
processing systems, 30.
Song, K.; Wei, X.-S.; Shu, X.; Song, R.-J.; and Lu, J.
2020. Bi-Modal Progressive Mask Attention for Fine-
Grained Recognition. IEEE Transactions on Image Process-
ing, 29: 7006–7018.
Sung, F.; Yang, Y.; Zhang, L.; Xiang, T.; Torr, P. H.; and
Hospedales, T. M. 2018. Learning to compare: Relation net-
work for few-shot learning. In Proceedings of the IEEE con-
ference on computer vision and pattern recognition, 1199–
1208.
Tian, Y.; Pang, G.; Chen, Y.; Singh, R.; Verjans, J. W.; and
Carneiro, G. 2021. Weakly-Supervised Video Anomaly De-
tection With Robust Temporal Feature Magnitude Learning.
In Proceedings of the IEEE/CVF International Conference
on Computer Vision (ICCV), 4975–4986.
Touvron, H.; Cord, M.; Douze, M.; Massa, F.; Sablayrolles,
A.; and Jégou, H. 2021. Training data-efficient image trans-
formers & distillation through attention. In International
conference on machine learning, 10347–10357. PMLR.
Vaswani, A.; Shazeer, N.; Parmar, N.; Uszkoreit, J.; Jones,
L.; Gomez, A. N.; Kaiser, Ł.; and Polosukhin, I. 2017. At-
tention is all you need. Advances in neural information pro-
cessing systems, 30.
Wang, J.; Xu, Q.; Jiang, B.; Luo, B.; and Tang, J. 2024a.
Multi-Granularity Part Sampling Attention for Fine-Grained
Visual Classification. IEEE Transactions on Image Process-
ing, 33: 4529–4542.
Wang, L. 2023. Robust human action modelling. Ph.D. the-
sis, The Australian National University (Australia).
Wang, L.; Huynh, D. Q.; and Koniusz, P. 2019. A compar-
ative review of recent kinect-based action recognition algo-
rithms. IEEE Transactions on Image Processing, 29: 15–28.
Wang, L.; and Koniusz, P. 2022a. Temporal-viewpoint trans-
portation plan for skeletal few-shot action recognition. In
Proceedings of the Asian Conference on Computer Vision,
4176–4193.
Wang, L.; and Koniusz, P. 2022b. Uncertainty-dtw for time
series and sequences. In European Conference on Computer
Vision, 176–195. Springer.
Wang, L.; Liu, J.; Zheng, L.; Gedeon, T.; and Koniusz, P.
2024b. Meet jeanie: a similarity measure for 3d skeleton
sequences via temporal-viewpoint alignment. International
Journal of Computer Vision, 132(9): 4091–4122.
Xu, P.; Zhu, X.; and Clifton, D. A. 2023. Multimodal Learn-
ing With Transformers: A Survey. IEEE Transactions on
Pattern Analysis and Machine Intelligence, 45(10): 12113–
12132.

Xu, Q.; Wang, J.; Jiang, B.; and Luo, B. 2023. Fine-Grained
Visual Classification via Internal Ensemble Learning Trans-
former. IEEE Transactions on Multimedia, 25: 9015–9028.
Yang, X.; Wang, Y.; Chen, K.; Xu, Y.; and Tian, Y. 2022.
Fine-grained object classification via self-supervised pose
alignment. In Proceedings of the IEEE/CVF Conference on
Computer Vision and Pattern Recognition, 7399–7408.
Yu, X.; Wang, J.; and Gao, Y. 2023. CLE-ViT: contrastive
learning encoded transformer for ultra-fine-grained visual
categorization. In Proceedings of the Thirty-Second Inter-
national Joint Conference on Artificial Intelligence, 4531–
4539.
Yu, X.; Wang, J.; Zhao, Y.; and Gao, Y. 2023. Mix-ViT: Mix-
ing attentive vision transformer for ultra-fine-grained visual
categorization. Pattern Recognition, 135: 109131.
Yu, X.; Zhao, Y.; and Gao, Y. 2022. SPARE: Self-supervised
part erasing for ultra-fine-grained visual categorization. Pat-
tern Recognition, 128: 108691.
Yu, X.; Zhao, Y.; Gao, Y.; and Xiong, S. 2021a. MaskCOV:
A random mask covariance network for ultra-fine-grained
visual categorization. Pattern Recognition, 119: 108067.
Yu, X.; Zhao, Y.; Gao, Y.; Yuan, X.; and Xiong, S.
2021b. Benchmark Platform for Ultra-Fine-Grained Vi-
sual Categorization Beyond Human Performance. In 2021
IEEE/CVF International Conference on Computer Vision
(ICCV), 10265–10275.
Yun, S.; Han, D.; Oh, S. J.; Chun, S.; Choe, J.; and Yoo,
Y. 2019. Cutmix: Regularization strategy to train strong
classifiers with localizable features. In Proceedings of the
IEEE/CVF international conference on computer vision,
6023–6032.
Zhang, L.; Huang, S.; Liu, W.; and Tao, D. 2019. Learning
a Mixture of Granularity-Specific Experts for Fine-Grained
Categorization. In 2019 IEEE/CVF International Confer-
ence on Computer Vision (ICCV), 8330–8339.
Zhang, Z.-C.; Chen, Z.-D.; Wang, Y.; Luo, X.; and Xu, X.-
S. 2024. A vision transformer for fine-grained classifica-
tion by reducing noise and enhancing discriminative infor-
mation. Pattern Recognition, 145: 109979.
Zhou, H.; Yu, J.; and Yang, W. 2023. Dual memory units
with uncertainty regulation for weakly supervised video
anomaly detection. In Proceedings of the AAAI Conference
on Artificial Intelligence, volume 37, 3769–3777.
Zhu, H.; Ke, W.; Li, D.; Liu, J.; Tian, L.; and Shan, Y. 2022.
Dual cross-attention learning for fine-grained visual cate-
gorization and object re-identification. In Proceedings of
the IEEE/CVF conference on computer vision and pattern
recognition, 4692–4702.
Zhu, L.; Chen, T.; Yin, J.; See, S.; and Liu, J. 2023. Learn-
ing gabor texture features for fine-grained recognition. In
Proceedings of the IEEE/CVF international conference on
computer vision, 1621–1631.
Zhu, L.; Wang, L.; Raj, A.; Gedeon, T.; and Chen, C. 2024.
Advancing Video Anomaly Detection: A Concise Review
and a New Dataset. In The Thirty-eight Conference on Neu-
ral Information Processing Systems Datasets and Bench-
marks Track.

20825


