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Abstract
Online Action Detection (OAD) requires real-time prediction
of ongoing actions without access to future frames, posing
challenges in balancing computational efficiency and long-
term dependencies modeling. Existing methods either suffer
from slow training and limited temporal receptive fields, or
face high computational costs and delayed inference, lack-
ing the capability to tackle extra-long video inputs. Thus, we
present a novel Mamba-based OAD framework (MOAD) that
efficiently and effectively performs OAD. The hierarchical
memory mechanism is introduced to intelligently store high-
value scene and action frames based on motion-aware sim-
ilarity metrics, preserving essential historical knowledge in
an online manner. To further reduce storage space, we de-
sign a memory quantization method to compress the stored
historical features. Additionally, the temporal soft pruning
strategy built upon the memory bank is proposed to dynam-
ically remove redundant features, reducing temporal redun-
dancy while maintaining temporal coherence. Sufficient ex-
periments on four challenging benchmarks prove our method
significantly outperforms existing methods.

Introduction
Online Action Detection (OAD) (De Geest et al. 2016) aims
to identify actions in real time from streaming video with-
out access to future frames. Since its practicality, OAD
has attracted considerable attention and shows significant
potential in various applications in real-world, including
autonomous driving and human-robot interaction systems
(Bahl et al. 2023). Unlike offline approaches (Li et al. 2025;
Mu et al. 2025) utilizing the entire video sequence, OAD
methods detect ongoing actions based solely on partial ob-
servation of the action. Therefore, the crucial challenge lies
in effectively modeling long-range temporal dependencies.

Early OAD methods (Eun et al. 2020; Dey and Salem
2017; Xu et al. 2019) primarily apply RNN (Cho 2014).
However, their sequential processing nature limits paral-
lelization and causes memory decay over time. Recent ap-
proaches (Wang et al. 2021; Xu et al. 2021; Zhao and
Krähenbühl 2022; Wang et al. 2023) apply Transform-
ers (Vaswani 2017) to better capture long-range tempo-
ral structures. However, Transformers suffer from quadratic
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Figure 1: Examples of how extra-long-range dependencies
and local features influence current action detection: (1) The
ongoing action depends on both long-range scene and ac-
tion features. (2) For example, the action of pouring milk re-
lies on extra-long-range memory (over 2,000 frames), such
as picking up the milk. Thus, we introduce a hierarchical
memory mechanism to store high-value features, including
both scenes and actions to support long-term historical de-
pendency as a complement to local interaction.

computational complexity, leading to excessive parameters
and slow inference speeds, which fail to meet the real-time
requirements. Therefore, a module capable of efficiently and
effectively tackling long videos is essential for OAD task.

We further analyze the influence of extra-long-range fea-
tures for scene and action features. As shown in figure 1, the
ongoing action depends on both scene and action features
and relies on extra-long-range memory (over 2,000 frames).
Therefore, more refined extraction of historical memory is
critically important, which is lacking in existing methods.

Besides, we observe temporal redundancy in long se-
quences. In figure 2: the distribution of action frame ratios
varies both within and across datasets. Some videos contain
a large proportion of non-action or irrelevant frames, partic-
ularly in the THUMOS’14 dataset, where most videos con-
tain only 30% action frames. Thus, how to use key frames
and remove redundant frames is another problem for OAD.
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Figure 2: Action frame ratio on THUMOS’14 and EK100
datasets. The distribution of action frame ratios varies both
within and across datasets.

To address the mentioned challenges above, we intro-
duce a novel framework named MOAD, which tackles OAD
with the trade-off between accuracy and efficiency. Based
on Mamba (Gu and Dao 2023), an innovative State Space
Model (SSM) to model long-range sequences with linear
complexity, we propose a novel framework with a hierarchi-
cal memory mechanism to store critical historical frames.

Specifically, the hierarchical memory mechanism consists
of both action and scene memory banks, which preserve the
features of key frames and the surrounding ones, constrain-
ing the evolution of behaviors or events. Memory banks are
updated using similarity metrics with a motion-aware trigger
to more accurately capture changes in actions. We further
employ feature dimensionality reduction and quantization to
improve efficiency. A pruning strategy integrated with the
Mamba block is proposed to reduce temporal redundancy
and improve inference speed. Since direct physical pruning
may disrupt the temporal coherence of input sequences, we
introduce a temporal soft pruning algorithm that uses quan-
tized features as compensatory information to replace the
pruned frames.

In summary, the main contributions of this work are:

• We pioneer Mamba-based modeling for Online Action
Detection, introducing MOAD—a unified module that
integrates two key innovation for effective long-term de-
pendencies modeling.

• A hierarchical memory mechanism and a temporal soft-
pruning algorithm are introduced to precisely model crit-
ical scene and action memories and remove temporal re-
dundancy.

• The proposed method is tested on 4 challenging datasets
and proves effectiveness and efficiency with 5% accu-
racy improvement and 4% computation burden.

Related Work
Online Video Understanding. Online Action Detection
(OAD) (De Geest et al. 2016) aims to predict ongoing ac-

tions in real-time by utilizing information from past frames
up to the current moment, without accessing future frames.
Early approaches primarily relied on Recurrent Neural Net-
works (RNNs) (Cho 2014) such as TRN (Xu et al. 2019)
and IDN (Eun et al. 2020). While MiniROAD (An et al.
2023) introduced a RNN-based architecture that effectively
addressed the training-inference discrepancy to tackle the
task. Recently, transformer-based architectures (Wang et al.
2021; Xu et al. 2021; Zhao and Krähenbühl 2022; Kim,
Kang, and Kim 2022; Rangrej et al. 2023; Wang et al. 2023;
Cao et al. 2023; Reza et al. 2025; Guermal et al. 2024;
Xu et al. 2024b,a) become the mainstream. For example,
OadTR (Wang et al. 2021) employed a transformer encoder-
decoder architecture to capture long-term temporal struc-
ture through self-attention, while LSTR (Xu et al. 2021) im-
proved performance by introducing a two-stage feature com-
pression framework. TeSTra (Zhao and Krähenbühl 2022)
improved computational efficiency by integrating tempo-
ral smoothing kernels. MAT (Wang et al. 2023) introduced
a novel paradigm to model the entire temporal structure.
While HAT (Reza et al. 2025) enhances the synergy between
long-term and short-term information by integrating histori-
cal context.
Mamba for Vision. The evolution of sequence modeling
has a significant impact on computer vision, with models
like ViT (Dosovitskiy et al. 2020) successfully adapted for
visual tasks. Gu et al. (Gu, Goel, and Ré 2021) proposed the
Structured State-Space Sequence (S4) model, which have
demonstrated strong potential in modeling long-range de-
pendencies with only a linear increase in computational
cost. Recently, State Space Models (SSMs)—particularly
Mamba (Gu and Dao 2023) emerged as competitive alter-
natives for long-sequence modeling due to their linear com-
putational complexity. Mamba-based architectures (Huang
et al. 2024; Li, Singh, and Grover 2024; Yang et al.
2024) demonstrate state-of-the-art performance across ma-
jor vision benchmarks. Vim (Zhu et al. 2024) introduces
a new vision backbone incorporating bidirectional Mamba
blocks, enhancing spatially-aware processing. Similarly,
VMamba (Liu et al. 2024) integrates Visual State-Space
(VSS) and 2D Selective Scan modules to collect contextual
information from multiple perspectives by bridging 1D and
2D data structures. MambaVision (Hatamizadeh and Kautz
2025) enhances long-range spatial dependency capture by
integrating Mamba with Vision Transformers (ViTs). And
EfficientVMamba (Pei, Huang, and Xu 2025) combines an
atrous-based selective scan method to capture both global
and local representative features.

Preliminaries
Problem Formulation
In Online Action Detection (OAD), the objective is to pre-
dict ongoing actions from a video stream in real time without
access to future frames. Given a video stream V = {vt}Tt=0,
where vt denotes the video frame at time step t, the goal
is to predict the action instances at each time step t. Let
Y = {y1, y2, . . . , yk} denote the set of predefined action
categories. The task can be formally described as learning a
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function f that maps a sequence of frames to an action label
yt ∈ Y at time step t:

f({v1,v2, . . . ,vt}) → yt. (1)

State Space Models (S4)
SSMs are based on continuous systems that map one-
dimensional input sequences x(t) ∈ RL to outputs y(t) ∈
RL through a hidden state h(t) ∈ RN :

h′(t) = Ah(t) +Bx(t),

y(t) = Ch′(t),
(2)

with matrix A(t) ∈ RN×N , B(t) ∈ RN×1 and C(t) ∈
R1×N . Models like S4 and Mamba use an ordinary differen-
tial equation to model input data, Mamba discretizes contin-
uous systems by using a timescale parameter ∆, converting
parameters through zero-order hold (ZOH) as follows:

h(t) = exp (∆A)h(t− 1)+

(∆A)−1(exp (∆A)−E) ·∆Bx(t),

y(t) = Ch(t),

(3)

where matrix A defines the evolution of the hidden state, B
and C control how input xt influences the state ht and how
the state affects the output yt. The step size ∆ determines
the input discretization resolution of SSMs, which forms the
foundation for heuristic gating mechanisms.

Inspired by S5 (Smith, Warrington, and Linderman 2022),
Mamba introduced parallel scan algorithm rather than con-
volution to perform model iteration, reducing the time com-
plexity to O(n/t):

K̄ = (CB̄,CĀB̄, . . . ,CĀL−1B̄),

y = x ∗ K̄.
(4)

Method
Figure 3 presents our proposed architecture, which consists
of three core components. The first part combines the ex-
tracted features with positional encoding, completing the
data preprocessing. Next, the hierarchical memory bank is
managed and updated through feature quantization and sim-
ilarity metrics. Finally, the temporal soft pruning algorithm
is introduced to reduce temporal redundancy, retain key in-
formation. We now introduce the details of each component.

Data Preprocessing
We use each input video features extracted by a pre-trained
feature encoder (e.g., I3D (Carreira and Zisserman 2017))
as the input of our model. At each time step t, the feature
can be represented as F = {ft}0t=−L+1 ∈ Rl×d, where l
and D are the length and dimension of the feature sequence,
respectively (Xu, Yan, and Deng 2025). To be more specific,
the feature sequence is concatenated by RGB feature and
optic flow feature, F = [FRGB,Fflow], where [·, ·] denotes
concatenation along the feature dimension.

To better capture different temporal features, following
(Xu et al. 2021), the feature sequence is divided into two

continuous and non-overlapping memory segments: histor-
ical features Fh = {ft}−lc

t=−lc−lh+1 and current features
Fc = {ft}0t=−lc+1, with lc ≪ lh. Since the feature extractor
lacks order information, we incorporate sinusoidal position
encoding Epos ∈ Rl×d:

F̃ = Linear(F) + Epos (5)

where F̃ represents the position-augmented feature. For sim-
plicity, we omit channel indices in this formulation.

Hierarchical Memory Mechanism (HMM)
To enable fine-scale memory management, we introduce a
hierarchical memory mechanism which decomposes stored
frames into discrete action (na slots) and scene (ns slots)
feature banks, enabling controlled memory consumption.
It first performs feature dimension reduction, compression
and quantization to minimize storage requirements. Subse-
quently, we employ similarity metrics to identify and retain
high-value frames. While a motion-aware change detection
module is designed to precisely update the action bank.

Dimensionality reduction and quantization First, we
employ a Mamba module to perform global information
modeling (Dong et al. 2022) on the input sequence F̃ =
f̃−l+1, f̃−l+2, . . . , f̃0} = {f̃1, f̃2, . . . , f̃l}, obtaining coarse-
grained features:

Xi = Mamba(F̃i), ∀i ∈ {1, 2, . . . , l} (6)
where X = {x1,x2, . . . ,xL} ∈ Rl×d is the output feature
sequence. To reduce computational overhead and enhance
inference efficiency, we compress features before storing
them in the memory bank through dimensionality reduction.
PCA is applied to each frame feature:

zi = WT (Xi − µ) (7)
where W ∈ Rd×k is the PCA projection matrix and µ is
the mean vector. This yields compressed feature sequence
Z = {z1, z2, . . . , zl} ∈ Rl×k with reduced dimension k.

To further minimize storage requirements and accelerate
similarity computations, we quantize the compressed fea-
tures Z using a discrete codebook. This involves:
1. Codebook Construction: Learning m centroids C =

{c1, c2, . . . , cm} ⊂ Rm×k;
2. K-Means Optimization: Optimizing centroid positions

to minimize feature quantization error:

min
C

n∑
i=1

min
j∈{1,...,m}

∥zi − cj∥22;

3. Feature Mapping: Encoding features via nearest-
neighbor assignment:

qi = argmin
j∈{1,...,m}

∥zi − cj∥2,

where C represents the codebook of centroids, and qi is the
index of the nearest centroid to the feature zi. In the vec-
tor quantization stage, instead of storing the entire feature
vector, we only store the integer index qi, which reduces the
storage space to log2 m bits, where m is the number of cen-
troids in the codebook.
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Figure 3: The proposed MOAD architecture. We first process the extracted RGB and optical flow features through a linear layer
with positional encoding, then concatenate them as the input to the first block. The output undergoes feature quantization. By
computing the similarity between the quantized features and a learnable codebook with an auxiliary motion-aware network,
we determine the update triggers for the hierarchical memory bank. Based on feature similarity, a mask matrix is generated to
prune redundant frames. Finally, the output is passed to a classifier for action detection.

Similarity Measurement We employ a similarity-based
selection criterion for memory bank updates (Dong et al.
2024). Following feature quantization to discrete indices,
we compute the cosine similarity between each frame’s as-
signed centroid vector in the codebook:

sim(qx, qm) = cos(cqx , cqm) =
cqx · cqm

∥cqx∥∥cqm∥
(8)

qx and qm denote the quantized indices of the input frame
feature and a memory bank-stored feature, respectively, cqx

and cqm represent their corresponding codebook centroids.
To further accelerate the inference stage, we can pre-

compute the similarity matrix of codebook centroids S ∈
Rm×m, where Sij = cos(ci, cj). In this way, for feature
similarity computation St at each time step, we can directly
refer to the precomputed table, eliminating the need for real-
time computation. Thus, at each time step the similarity-
based update flag S(t) = min (sim(qxi , qmk

)).
To better and more accurately capture the action cate-

gories, we have designed an action-aware network as aux-
iliary information:

Xflow = σ(Cov1d(Linear(Fflow))) ∈ Rl×c, (9)

where Cov1d represents the Causal Depthwise Conv1d,
which can effectively preserve the temporal information of
1-D time sequences. It also prevents future information from
affecting current anticipation. And σ is the SiLU activation
function (Ramachandran, Zoph, and Le 2017). We employ a
dynamic threshold mechanism to precisely determine which
frames should be retained or updated, thereby enhancing

both inference efficiency and accuracy. First, an energy sig-
nal E(t) is calculated for each timestep:

E(t) =
1

C

C∑
c=1

|M(t, c)| ∀t ∈ [1, L], (10)

where C is the number of channels. An adaptive threshold
τ(t) is computed using local statistics of the energy signal:

τ(t) = µE(t) + α · σE(t), (11)

with µE being the temporal mean of the energy signal, σE its
temporal standard deviation, and α a scaling factor control-
ling the threshold sensitivity. The action-based update flag
a(t) is determined by comparing the energy signal against
this dynamic threshold:

a(t) =

{
1 if E(t) > τ(t),

0 otherwise.
(12)

The final update procedure incorporates dual criteria:
First, similarity-based update flag S(t) must fall below a
predefined threshold θ, indicating novel event occurrence.
When this condition is met, the update flag a(t) determines
the target memory bank:

M(t) =


ActionBank if S(t) < θ ∧ u(t) = 1,

SceneBank if S(t) < θ ∧ u(t) = 0,

NoUpdate if S(t) ≥ θ,

(13)

where S(t) denotes the cosine similarity between current
features and memory prototypes, θ is the novelty threshold,
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and ∧ represents the logical AND operator. For each current
timestep t, we store the corresponding indexs as one mem-
ory prototype: mi = {q−n, . . . , q0, . . . , qn}.

Temporal Soft Pruning (TSP)
To reduce temporal redundancy and computational cost
while maintain temporal coherence, we propose a tempo-
ral soft pruning algorithm to adaptively mask some frames
based on the memory bank. For each input sequence, we
employ memory similarity as the core criterion for prun-
ing decisions, replacing the generic predictor P from Dy-
namicViT (Rao et al. 2021). The process maintains a binary
mask M ∈ {0, 1}L for the sequence. Given the feature se-
quence X ∈ RL×D, the maximum similarity between each
frame and the memory prototypes is computed as:

Γi = max
k∈M

(sim(qxi , qmk
)) ∀i ∈ [1, l], (14)

where the similarity vector Γ ∈ RL measures frame rele-
vance to stored memory. The retention probability ρi is de-
rived from Γi via a sharpening transformation:

ρi =
eγΓi

eγΓi + eγ(1−Γi)
,

Π = Softmax ([ρ 1− ρ]) ∈ RL×2,

(15)

where γ controls the sharpness of the decision boundary,
with πi,0 representing retention probability and πi,1 cor-
responding to pruning probability. Then, the mask matrix
M̂ ∈ {0, 1}L is formulated as :

M̂ = Gumbel-Softmax(Π), (16)
we adopt the gumbel-softmax (Jang, Gu, and Poole 2016)
trick to make the sampling process differentiable, therefore
enabling the end to-end training. To enforce temporal coher-
ence, the final mask is refined as:

Mi =


1 if M̂i = 1,

1 if M̂i = 0 ∧
(
M̂i−1 = 1,∨M̂i+1 = 1

)
0 otherwise.

(17)

Given the per-frame classification requirement , physical
frame mask would compromise temporal indexing. We com-
pensate for pruned positions by incorporating memory sim-
ilarity vectors as lightweight semantic representations, im-
plementing a soft-pruning approach. The final pruned fea-
ture matrix is constructed as:

Xpr = X⊙Mi + Γ⊗ (1−Mi), (18)
where ⊙ denotes element-wise multiplication and ⊗ repre-
sents the tensor product. This formulation preserves Hpr for
direct compatibility with classification heads.

Next, the pruned features Xre are reordered as X′ =

[x1,x2, . . . ,xl′ , γ1 ⊗ 1D, γ2 ⊗ 1D, . . . ]
⊤ and fed into the

second Mamba block to generate the final output Y. While
We maintain temporal consistency by sharing matrix A be-
tween the two SSMs:

Y1 = C1

(
ĀiB̄1x1 + Āi−1B̄1x2 + · · ·

)
,

Y2 = C2

(
ĀiB̄2x1 + Āi−1B̄2x2 + · · ·

)
,

Y = g(Y1,Y2),

(19)

where g(·) merges the two channel outputs.

Training
Then we take the current lc of the final output Yc ∈ Rlc×k

into to a classifier to generate the predicted action proba-
bilities Ŷc = {ŷc,k}lcc=1. Finally, we conduct the empirical
cross entropy loss between the predicted action probability
distribution ŷc,k at time c across all K classes and the ground
truth action label {gc,k}lcc=1 as:

Lc = −
lc∑

c=1

K∑
k=0

gc,k log(ŷc,k) (20)

where Lc is the final loss function, and K and lc are the
number of all action classes and the length of the current
clip, respectively.

Inference
To accelerate inference phase and keep training-inference
consistency, we reorder the pruned feature matrix with a per-
mutation matrix P:

X′ = PXpr =

[
Xre

Γpr ⊗ 1D

]
, (21)

where Xre is the matrix of features for the retained frames,
Γpruned ⊗ 1D represents the similarity compensations for
pruned frames. Then, the output Y can be formulated as:

Y = X′W =

[
Xre

Γpr ⊗ 1D

]
W

=
∑
i∈re

xiW +
∑
j∈pr

γj × 1⊤
DW,

(22)

where 1⊤
DW is the column sum of the matrix. Thus, the com-

putation for retained frames is a standard matrix multiplica-
tion, while for pruned frames, it is a scalar multiplication
(complexity O(1)).

Experiments
Datasets and Metrics
Datasets. Following prior works, we evaluate TIM on four
accessible datasets. THUMOS’14 (Idrees et al. 2017) in-
cludes over 20 hours of sports videos, each annotated with
20 actions. Following previous studies (Wang et al. 2023; An
et al. 2023), we train our model on the validation set, which
consists of 200 untrimmed videos, and evaluate it on the test
set, comprising 213 videos. TVSeries (De Geest et al. 2016)
features 27 episodes from 6 popular TV series, each approx-
imately 150 minutes long, amounting to nearly 16 hours of
content. The videos in this dataset describe 30 realistic ac-
tions, each occurring at least 50 times, set against a wide
variety of backgrounds. EPIC-Kitchens-100 (Damen et al.
2022) dataset comprises 700 long videos, annotating nearly
90k segments of fine-grained actions, with a total duration
of 100 hours. Narrations are categorized into 97 verb classes
and 300 noun classes. FineAction (Liu et al. 2022) is a chal-
lenging dataset featuring densely annotated instances and di-
verse fine-grained human actions. It contains 103,324 tem-
poral instances across 106 action categories, derived from
16,732 untrimmed videos, totaling 705 hours of footage.
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Method Modality Overall Unseen Tail

Verb Noun Action Verb Noun Action Verb Noun Action

LSTR

RGB + OF

39.6 44.1 22.6 34.3 35.3 18.7 39.0 41.6 20.7
TesTra 39.7 45.6 25.1 36.3 37.2 19.2 39.0 42.4 22.2
MAT 44.5 48.3 26.3 39.9 38.1 20.3 43.4 46.6 23.7
Ours 47.1 50.5 28.4 42.6 40.0 21.7 45.7 48.8 25.4

Table 1: Online action detection performances on EPIC-Kitchens-100 (Damen et al. 2022). Accuracy is measured by class-
mean recall@5(%). Data augmentation is operated on all models.

Evaluation Protocols Following previous works (Wang
et al. 2023; An et al. 2023; Zhao and Krähenbühl 2022; Xu
et al. 2021), we measure the performance of our method with
per-frame mean Average Precision (mAP) on THUMOS’14,
EPIC-Kitchens-100 and FineAction dataset, and per-frame
mean calibrated Average Precision (mcAP) on TVSeries.
The mAP is widely used, which needs to calculate the Av-
erage Precision (AP) for each class with precision and re-
call values. While the mcAP, introduced by (De Geest et al.
2016) with the TVSeries dataset, was proposed to address
the imbalance between positive and negative samples. Simi-
lar to AP, it is calculated as:

cPrec =
α · TP

α · TP + FP
, cAP =

∑
i cPrec(i)× I(i)∑

TP
,

(23)
where I(i) is 1 if frame i is a true positive, and α equal to
the ratio between negative and positive frames.

Implementation Details
Following prior works, we conduct our experiments us-
ing pre-extracted features. For TVSeries and THUMOS’14,
videos are resampled at 24 FPS, and frames are extracted at
4 FPS for training and validation. We adopt a two-stream
network (Xu et al. 2019) pretrained on ActivityNet v1.3
(Caba Heilbron et al. 2015) or Kinetics-400 (Kay et al.
2017), where RGB features adopts ResNet (He et al. 2016)
and optical flow fields uses BN-Inception (Ioffe 2015). On
EPIC-Kitchens-100, we preprocess the videos at 30 FPS and
fine-tune the two-stream TSN on the classification task with
ImageNet-pretrained parameters. For FineAction Dataset,
we officially use two separate I3D (Carreira and Zisserman
2017) models pretrained on Kinetics as the feature extractor,
following (An et al. 2023).

Specifically, we configure the size of hierarchical memory
bank. For THUMOS’14, the action bank maintains 16 mem-
ory slots each storing a 10-frame temporal window centered
on a key frame. While the scene bank employs 4 memory
slots with extended 30-frames, accommodating scene fea-
tures’ lower temporal volatility.

Comparisons with State-of-the-Art Methods
Online Action Detection We first report the results for on-
line action detection on the EPIC-Kitchens-100 dataset in
Tab. 1. Following (Zhao and Krähenbühl 2022) and (Wang
et al. 2023), all methods are conducted with data augmen-
tation. Our approach achieves new state-of-the-art perfor-

Method Arch
THUMOS’14 TVSeries

ANet Kinet. ANet Kinet.

RED (Gao, Yang, and Nevatia 2017) RNN 45.3 - 79.2 -

TRN (Xu et al. 2019) RNN 47.2 62.1 83.7 86.2

IDN (Eun et al. 2020) RNN 50.0 60.3 84.7 86.1

MiniROAD (An et al. 2023) RNN 69.3 71.8 88.5 89.6

OadTR (Wang et al. 2021) Trans 58.3 65.2 85.4 87.2

LSTR (Xu et al. 2021) Trans 65.3 69.5 88.1 89.1

GateHUB (Chen et al. 2022) Trans 69.1 70.7 88.4 89.6

TeSTra (Zhao and Krähenbühl 2022) Trans 68.2 71.2 - -

MAT (Wang et al. 2023) Trans 70.4 71.6 88.6 89.7

JOADAA (Guermal et al. 2024) Trans - 72.6 - -

BEDL (Guo, Wang, and Ji 2024) Trans 70.6 72.7 88.9 90.1

HAT† (Reza et al. 2025) Trans 70.2 71.4 - -

Ours Mamba 72.4 74.3 89.8 91.2

Table 2: Comparison of online action detection performance
evaluated in (mAP %) for THUMOS’14 and (mcAP %)
for TVSeries, with feature extracted from both Kinetics and
ANet pretrained models.

Method mAP (%)

OadTR(Wang et al. 2021) 31.8
LSTR(Xu et al. 2021) 31.6
TeSTra(Zhao and Krähenbühl 2022) 31.2
MiniROAD(An et al. 2023) 37.1
Ours 41.2

Table 3: Comparison with other OAD methods on FineAc-
tion dataset (Liu et al. 2022).

mance across all metrics, particularly excelling in action-
level recognition. Most notably, we observe significant gains
in action recall for Overall (+2.1%), Unseen (+1.4%), and
Tail (+1.7%) categories, demonstrating our model’s superior
capability in modeling comprehensive action semantics un-
der diverse conditions.

As shown in Tab. 2, our model achieves significant accu-
racy improvements over both transformer-based and RNN-
based models. On THUMOS’14, it attains gains of 2.2% and
2.7% with ActivityNet and Kinetics (Kinet.) features respec-
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Dim. FLOPs Inf. mAP

32 1.165 15 71.2
48 1.358 21 74.3
64 1.484 30 74.4

(a) The reduced dimension (k)

θ mAP

0.5 70.4
0.3 72.7
0.2 74.3

(b) The threshold (θ)

# Centroid FLOPs Inf. mAP

128 1.265 19 72.1
192 1.358 21 74.3
256 1.452 24 74.5

(c) The number of centroids (m)

g(·) mAP

one channel∗ 70.6
Sum. 74.3

Average 72.8

(d) Aggregation Function

Table 4: Ablation studies on (a): the reduced dimension; (b):
the novelty threshold of updating the memory bank (c): the
number of learnable codebook; (d): the aggregation function
of the final result.

tively. Consistent improvements are further demonstrated
on TVSeries, where our approach substantially outperforms
baselines using both features under identical settings.

As illustrated in Tab. 3, our model outperforms other
methods on FineAction dataset, which offers a more real-
istic environment with diverse action instances across sim-
ilar categories. This indicates that our model is capable of
capturing more discriminative features, which enhances its
suitability for real-life applications.

Ablation Study
To facilitate model analysis, we conduct detailed abla-
tion studies on the THUMOS’14 test set using Kinetics-
pretrained features to evaluate individual components of our
proposed framework.

HMM TSP FLOPs FPS mAP

MOAD
(a) ✗ ✗ 17.9 25.0 32.4
(b) ✓ ✗ 16.8 20.4 36.8
(c) ✓ ✓ 10.2 34.0 41.2

Table 5: Computational efficiency on the proposed method
and TeSTra. All results are tested on FineAction datasets.

Effect of Each Component. Based on Tab. 5, our com-
prehensive component analysis on FineAction reveals that
the proposed Hierarchical Memory Mechanism (HMM)
and Temporal Soft Pruning (TSP) cooperatively enhance
performance-efficiency trade-offs for long-form video un-
derstanding. The Mamba-based baseline (config. (a)) pro-
vides a competitive starting point , enabling HMM (config.
(b)) reduces computational cost while substantially boosting
accuracy by 4.4 mAP (36.8 vs. 32.4), confirming its effec-
tiveness in preserving essential temporal knowledge. Further
activating TSP (config. (c)) dramatically reduces FLOPs by
39.3% (10.2G vs. 16.8G) while accelerating inference by

66.7% (34.0 vs. 20.4) and achieving a peak accuracy of 41.2
mAP—demonstrating its dual capability to eliminate redun-
dancy while enhancing temporal modeling. Crucially, the
full framework achieves an 8.8 mAP gain over baseline with
43% lower computation, establishing a superior efficiency-
accuracy balance for long-duration action detection.

Effect of Reduced Dimension. As shown in Tab. 4a, we
examine the impact of feature dimensionality reduction on
model efficiency and accuracy with FLOPS (G) and Infer-
ence time. Increasing dimensions from 32 to 64 improves
mAP from 71.2% to 74.4%, but at a significant computa-
tional cost with FLOPs increasing from 1.165G to 1.484G.
The optimal balance is achieved at dimension 48, delivering
74.3 mAP with moderate FLOPs and inference time.

Effect of Threshold Selection. Tab. 4b demonstrates the
critical role of the novelty threshold θ in memory bank
updating. Lower thresholds substantially enhance perfor-
mance, with θ=0.2 achieving peak mAP, which is a 3.9%
improvement over θ=0.5. This confirms our threshold’s ef-
fectiveness in preserving discriminative action features.

Effect of Memory Capacity. Analysis in Tab. 4c reveals
the relationship between the codebook size and perfor-
mance. Increasing the number of centroids from 128 to 256
boosts mAP from 72.1% to 74.5%, computational costs rise
up to 0.19G FLOPs. The 192-centroid configuration pro-
vides optimal efficiency while maintaining accuracy.

Effect of Aggregation Function. As evidenced in Tab. 4d,
the feature aggregation strategy significantly impacts perfor-
mance. Simple summation achieves superior results, outper-
forming averaging by 1.5% and single-channel methods by
3.7%, validating its effectiveness in integrating critical spa-
tiotemporal information.

Online Action Anticipation
We compare our model with prior methods on EPIC-
Kitchens-100 and THUMOS’14 for action anticipation, as
shown in the Appendix. Our model achieves an average 2%
performance gain in both verb and action detection, demon-
strating its enhanced capability to capture temporal action
evolution.

Conclusion
In this work, we focus on problem of Online Action De-
tection (OAD), requiring real-time action prediction with-
out future frames and balancing efficiency with long-term
dependency modeling. Existing methods suffer from slow
training, limited temporal fields, high costs, delayed infer-
ence, and inability to handle extra-long videos. Thus, we
present MOAD, a novel Mamba-based OAD framework for
efficient and effective detection. MOAD introduces a hi-
erarchical memory mechanism to intelligently store high-
value historical frames based on motion-aware similarity. To
further optimize, we design memory quantization for com-
pression and temporal soft pruning to dynamically remove
redundancy while preserving coherence. Sufficient experi-
ments on four benchmarks demonstrate that MOAD signifi-
cantly outperforms existing methods.
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