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Information-Bottleneck Guided Hybrid Neural Architecture Search

for Temporal Action Detection in Untrimmed Videos
Yi Tang, Mansen Chen, Lepeng Chen, Sen Wang, Min Liu, Yaonan Wang and Jun Liu

Abstract—Temporal Action Detection (TAD) in untrimmed
videos requires effective spatial feature extraction for precise
action classification and temporal feature modeling for accu-
rate boundary localization. To achieve effective spatio-temporal
feature integration, several works manually design rule-based
(i.e., sequential or parallel) hybrid Mamba-Transformer net-
works for TAD. However, few studies explore diverse integration
strategies and network topologies due to the inherent limitations
of manual design. Therefore, we propose NAS-TAD, the first
Neural Architecture Search framework for TAD, systematically
exploring this untouched problem. Specifically, we develop a
spatio-temporal NAS objective function based on information-
bottleneck theory to quantify task-relevant spatio-temporal fea-
tures, providing interpretable guidance for the network search
and optimization process. Furthermore, we reformulate Trans-
former self-attention as a state-space model, thereby enabling
seamless switching between Mamba and Transformer blocks in
a unified weight-sharing search space. Consequently, compre-
hensive experiments on ActivityNet, THUMOS14, HACS and
FineAction demonstrate the effectiveness of the searched hybrid
architectures, providing new insights into temporal and spatial
feature fusion for TAD. Code is available for reproduction at
https://anonymous.4open.science/r/nastad.

Index Terms—Temporal action detection, Neural architecture
search, Information bottleneck theory, Video understanding.

I. INTRODUCTION

TEMPORAL Action Detection (TAD) aims to identify
and precisely localize action instances in untrimmed

videos [1]–[6], underpinning applications such as video un-
derstanding [7], [8], highlight detection [9], and content re-
trieval [10], [11]. Unlike action recognition, TAD demands
both accurate classification of action categories and precise
localization of their temporal boundaries in untrimmed se-
quences. This dual challenge requires integrating robust spatial
representations for action classification with effective temporal
modeling for boundary detection [12], [13].

To tackle this spatio-temporal modeling challenge, recent
advances in Mamba and Vision Transformers (ViTs) have
shown significant promise in TAD [2], [14]–[17]. Specifically,
ViTs leverage global self-attention to capture intricate spatial
relationships, enhancing action classification accuracy [2],
[14]. By contrast, Mamba’s state-space model (SSM) effi-
ciently processes long-range temporal dependencies with lin-
ear complexity, enabling scalable and precise action boundary
localization in lengthy TAD video sequences compared to
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Fig. 1. Comparison between manually designed hybrid Mamba-Transformer
architectures and our NAS-TAD framework. (a) MambaVision [19] employs
a sequential arrangement of Mamba and Transformer blocks for efficient
spatial and temporal feature extraction. (b) Causal-TAD [18] utilizes a parallel
stacking of these blocks for complementary feature fusion. (c) Our NAS-TAD
explores diverse architectural topologies, automatically discovering optimal
hybrid networks through neural architecture search.

Transformers’ quadratic complexity [15]. Thus, an optimal
TAD framework should synergize ViTs’ spatial modeling
capabilities with Mamba’s efficient temporal processing.

To this end, hybrid Mamba-Transformer architectures have
been developed to combine these complementary strengths for
TAD and computer vision tasks. For example, Causal-TAD
integrates Transformer-based spatial modeling with temporal
causality mechanisms to enhance both action classification
and boundary localization in TAD [18]. Similarly, MambaVi-
sion [19] and MAP [20] combine Mamba’s efficient sequence
modeling with Transformer’s self-attention in sequence, im-
proving long-range spatial and temporal feature extraction for
computer vision tasks.

Although recent advances have expanded strengths of these
hybrid designs, most current architectures still rely on man-
ually crafted sequential or parallel configurations, limiting
exploration of broader integration strategies. As illustrated in
Fig. 1(a) and (b), MambaVision [19] adopts a straightforward
sequential alternation of Mamba and Transformer blocks to
leverage their complementary strengths, whereas Causal-TAD
employs a parallel stacking approach of Mamba and Trans-
former blocks to construct the hybrid architecture. However,
fixed hand-crafted hybrid architectures impose a predefined
interaction pattern between temporal operators, which can
restrict temporal information propagation and integration.

In sequential designs, the later operator operates only on the
representation produced by the earlier one, making temporal
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cues suppressed at early stages difficult to recover. In par-
allel designs, different operators typically process the input
independently and interact only through late fusion, which
limits intermediate information exchange and the modeling
of dependencies between local boundary evidence and global
semantic context. Therefore, the rationale behind selecting a
specific sequential or parallel arrangement remains an open
question. Few studies have explored the fundamental problem:
what is the optimal strategy to integrate Transformer
and Mamba architectures to effectively fuse spatial and
temporal features for TAD?

Neural Architecture Search (NAS) offers a promising path-
way to answer this question by exploring multifarious network
topologies [21]–[23]. Nevertheless, few NAS studies have
explored Mamba-Transformer hybrid architectures specifically
for TAD tasks, primarily due to two critical challenges. First,
existing NAS evaluation metrics predominantly prioritize clas-
sification accuracy [24], overlooking the qualitative assessment
of effective spatial and temporal feature extraction critical
for TAD. Second, mainstream weight-sharing NAS method-
ologies require candidate blocks to share a common tensor
format to facilitate parameter exchange, which is incompatible
with the fundamental structural differences between SSMs
and Transformers: SSMs rely on sequential state transitions
with convolution-like operations, whereas Transformers pro-
cess spatial tokens through multi-head self-attention and feed-
forward layers. Consequently, to our knowledge, a tailored
NAS framework for TAD has not been proposed in the
previous literature.

In this work, we propose NAS-TAD, the first neural ar-
chitecture search framework specifically for temporal action
detection as illustrated in Fig. 1(c), which provides new
insights to effectively explore diverse network topologies for
spatio-temporal feature fusion. First, we introduce a novel
spatio-temporal NAS objective function based on information-
bottleneck theory, which quantitatively evaluates a network’s
ability to extract task-relevant spatio-temporal features by
maximizing mutual information with action labels while min-
imizing irrelevant redundancy. Unlike the conventional black-
box, accuracy-based objective functions, our criterion provides
interpretable theoretical guidance during the search process,
balancing representational power and feature compactness.
Second, we develop a harmonization scheme that reformulates
Transformer self-attention as a state-space model (akin to
Mamba), thereby mapping both SSM and Transformer blocks
into a unified weight-sharing search space. Finally, based on
the proposed objective function and harmonization scheme, we
propose a mutual information-guided evolutionary algorithm
to optimize the network architecture search process, yielding
hybrid network with efficient spatial and temporal feature
fusion. Extensive experiments on four established benchmarks
(ActivityNet [25], THUMOS14 [26], HACS [27] and FineAc-
tion [1]) demonstrate the effectiveness of the searched hybrid
network architecture.

In summary, our contributions are as follows:
• To the best of our knowledge, it is the first neural

architecture search framework for TAD that explores
optimal strategies for integrating Transformer and Mamba

hybrid architectures, establishing a new paradigm and
perspective for the TAD task.

• We develop a spatio-temporal NAS objective function
based on information-bottleneck theory and provide in-
terpretable guidance for NAS, breaking the conventional
accuracy-based black-box NAS framework. Guided by
this function, the unified Mamba-Transformer hybrid
search space and the evolutionary search algorithm are
proposed to effectively explore diverse network topolo-
gies, achieving efficient automatic network design for
TAD in untrimmed videos.

• Comprehensive experiments on ActivityNet, THU-
MOS14, HACS, and FineAction demonstrate that NAS-
TAD achieves new state-of-the-art results, confirming the
advantages of the searched hybrid architecture compared
with the manually designed networks.

II. RELATED WORKS

A. Temporal Action Detection

Temporal action detection is the task of identifying ac-
tion instances in untrimmed videos with precise temporal
boundaries and categories [3], [25]–[27]. Early methods em-
ployed CNNs like TSI [28] and I3D [29] for spatio-temporal
feature extraction [30], [31]. However, these methods were
limited by their constrained receptive fields, rendering them
inadequate for modeling long-range temporal dependencies.
Consequently, Recurrent Neural Network (RNN) based ap-
proaches [32], [33] were developed to enhance sequential
modeling capabilities, yet gradient instability impaired their
efficacy. With ViTs emerging in video processing [34], [35],
Transformer-based TAD methods [2], [36], [37] leverage self-
attention mechanisms to capture global spatial and tempo-
ral relationships. One of the representative works, Action-
Former [38], utilizes a Transformer-based architecture with
multi-scale temporal feature extraction to achieve precise
action localization and classification. For model compression
of TAD, Zeng et al. [39] introduce graph convolutional
networks to model proposal-proposal relations for temporal
action localization, providing a structured alternative to dense
prediction and enhancing model efficiency. More recently,
Chen et al. [40] propose a progressive block-drop strategy
that compresses an already-trained TAD model by iteratively
pruning redundant blocks, while OVG-HQ framework [41]
is proposed to handle online video grounding with hybrid-
modal queries under tight efficiency constraints. More recently,
Mamba-based approaches [18], [42], [43], utilizing state-
space models’ linear-complexity sequence modeling, achieved
efficient action recognition and boundary regression. Never-
theless, these approaches depend on manually crafted architec-
tures based on human expertise, constraining the exploration
of sophisticated and automated neural network designs, which
this work seeks to address.

B. Neural Architecture Search

Neural Architecture Search aims to automate the design
of neural network architectures for optimal performance.
Early foundational works employed reinforcement learning
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and evolutionary algorithms to automate architecture optimiza-
tion [21], yielding effective designs but incurring substantial
computational costs. Consequently, DARTS [22] formulates
NAS as a continuous optimization problem, enabling gradient-
based search and dramatically reducing computational over-
head. Similarly, weight-sharing NAS [44] utilizes parameter
sharing to enhance efficiency, further improving scalabil-
ity. Nevertheless, these approaches primarily address image
classification, making them inadequate for video processing
tasks that necessitate robust spatial and temporal dependency
modeling.

Recent efforts have extended NAS to video processing,
optimizing architectures to address high-dimensional video
data and complex temporal dynamics across diverse tasks [45],
[46]. Specifically, EVSRNet [45] employs NAS to discover
architectures tailored for video super-resolution, while Yang
et al. [46] introduce an automated cross-modal architecture
search for video moment retrieval. Furthermore, to reduce
the heavy computational consumption in video processing,
some works have focused on lightweight and efficient network
design [23], [47]. However, due to the complexity of modeling
precise temporal boundaries and action categories, NAS for
TAD has not been explored in previous works.

C. Hybrid Mamba-Transformer Network

To integrate global spatial modeling with efficient tempo-
ral processing, hybrid Mamba-Transformer architectures have
emerged as a promising research topic. Jamba [48] developed
a novel hybrid Mamba-Transformer language model architec-
ture, integrating Transformer and Mamba layers for enhanced
language modeling efficiency. In the vision domain, Mam-
baVision [19] and MAP [20] developed hybrid architectures
for vision tasks, leveraging Mamba’s temporal efficiency and
Transformer’s spatial modeling to capture long-range spatial
dependencies. Dimba [49] extends hybrid Mamba-Transformer
designs to text-to-image generation by alternating Transformer
and Mamba layers with cross-attention conditioning. For video
tasks, Causal-TAD [18] integrates Transformer-based spatial
modeling with temporal causality mechanisms to enhance both
action classification and boundary localization. Therefore, we
propose a spatio-temporal-aware NAS method to systemat-
ically search network topologies, automatically discovering
Mamba-Transformer hybrids optimized for TAD tasks.

III. METHODOLOGY

Our approach employs weight-sharing neural architecture
search, sampling subnetworks from a super-network without
retraining to enhance computational efficiency, as illustrated
in Fig. 2. Specifically, we first establish the spatio-temporal
aware objective function to provide principled guidance for
architecture evaluation. Building upon this foundation, we then
design a unified search space that harmonizes the distinct com-
putational paradigms of Mamba and Transformer architectures.
Finally, we develop an evolutionary optimization framework
that leverages the proposed objective function to efficiently
navigate the search space and identify optimal architectures.
The following subsections detail each component.

A. Spatio-Temporal Aware Objective Function

1) Problem Revisiting: In the conventional NAS frame-
work, given a search space A and datasets D = {Dtrain,Dval},
the goal is to identify an optimal subnetwork α∗ ∈ A that
achieves superior performance in temporal action detection.
For a detection model M(α,w) with parameters w, the
conventional NAS optimization problem is formulated as:

α∗ = argmax
α∈A

mAP(M(α,w∗),Dval),

s.t. w∗ = argmin
w
L(M(α,w),Dtrain),

(1)

where L(·) is the detection loss (e.g., cross-entropy combined
with temporal localization loss), and mAP(·) denotes the mean
Average Precision.

However, such black-box objective functions only indicate
which network architectures achieve good performance with-
out explaining why certain architectures are effective. This
explanatory gap limits deeper insights into architectural design
principles for temporal action detection.

2) Spatio-Temporal Aware NAS Objective Function: To ad-
dress the interpretability limitations of conventional black-box
evaluation functions, we turn to information bottleneck (IB)
theory [50] as a principled framework for evaluating network
architectures’ feature extraction capabilities. Specifically, IB
theory provides a theoretical foundation for optimizing feature
representations by maximizing mutual information with target
variables while simultaneously minimizing irrelevant informa-
tion retention. This principle directly aligns with our objective
of discovering architectures that extract discriminative spatio-
temporal features essential for TAD tasks.

Consequently, it serves as an ideal theoretical framework to
guide architecture search, enabling interpretable evaluation of
each candidate network’s ability to capture meaningful spatio-
temporal dependencies. Based on this theoretical foundation,
we propose the following objective function:

α∗ = argmax
α∈A

[I (Z (α,w;X) , Y )− βI (X,Z (α,w;X))] ,

(2)
where Z(α,w;X) is the feature representation from architec-
ture α given input X , and β > 0 balances prediction and com-
pression. The terms I(Z(α,w;X), Y ) maximize task-relevant
temporal and spatial information, while I(X,Z(α,w;X))
minimizes input redundancy, ensuring compact and TAD-
specific representations.

However, to achieve effective architecture search, we must
explicitly quantify the spatial and temporal feature extraction
capabilities. Building upon the IB framework, we decompose
the mutual information term I(Z(α,w;X), Y ) into temporal
and spatial components to provide granular evaluation of each
architecture’s performance.

For temporal feature evaluation, we quantify the depen-
dency between extracted features Z and temporal labels Y t

(i.e., action start and end timestamps). This temporal mutual
information serves as a direct measure of the architecture’s
temporal boundary localization capability:

Itemporal = I
(
Z;Y t

)
= Ep(Z, Y t)

[
log

p (Z, Y t)

p (Z) p (Y t)

]
, (3)
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Fig. 2. (a) Searchable super-network architecture of the NAS-TAD framework. First, video streams are processed by a pretrained feature embedding module to
generate feature patches. Next, these patches are fed into a stem of searchable Mamba-Transformer hybrid blocks for spatial and temporal feature fusion, with
the number/layer of blocks searchable at the macro level (dashed lines). At the micro level, the specific module (i.e., SSM and SA-SSM) could also be searchable
in each block. Subsequently, a searchable pyramid block, integrating Mamba-Transformer hybrid blocks akin to the stem and a convolutional downsampling
mechanism, outputs multi-scale features for actions of varying temporal spans. Finally, these features are processed by a neck and classification/localization
heads to produce TAD results. (b) Searchable Transformer-Mamba hybrid block, enabling seamless switching between Transformer, Mamba, or hybrid
configurations via selective blocks and paths. (c) State-space modules: (i) Mamba’s SSM for efficient sequence modeling, and (ii) Transformer’s self-attention
reformulated as an SSM for unified integration.

where I(·) denotes the mutual information function, p(Z, Y t)
represents the joint probability distribution of features Z and
temporal labels Y t, while p(Z) and p(Y t) are their respective
marginal distributions.

Analogously, for spatial feature evaluation, we measure the
dependency between extracted features Z and spatial labels
Y s (i.e., action categories). This spatial mutual information
quantifies the architecture’s action classification performance:

Ispatial = I (Z;Y s) = Ep(Z, Y s)

[
log

p (Z, Y s)

p (Z) p (Y s)

]
, (4)

where the notation follows the same convention as the tempo-
ral case, with Y s representing spatial action category labels.

Consequently, our spatio-temporal aware objective function
becomes:

α∗ = argmax
α∈A

[Itemporal + Ispatial − βI(X,Z(α,w;X))] , (5)

where the first two terms maximize task-relevant spatial and
temporal information extraction, while the third term ensures
feature compactness by minimizing input redundancy.

B. Unified Mamba-Transformer Search Space

After establishing the spatio-temporal aware objective func-
tion as our guiding principle, the next critical challenge lies in

constructing an effective search space that enables systematic
exploration of network architectures. However, directly inte-
grating Mamba and Transformer blocks presents a fundamen-
tal compatibility issue: these architectures exhibit inherently
distinct computational paradigms that preclude straightforward
parameter sharing in conventional NAS frameworks. To ad-
dress this challenge, we propose a unified search space that
harmonizes these disparate architectures through mathematical
reformulation, enabling weight-sharing and efficient architec-
ture exploration.

1) Mamba Review: Given input feature sequences X =
{x1, x2, . . . , xn}, Mamba employs a structured state-space
model (SSM) with a selective scanning mechanism to capture
long-range temporal dependencies efficiently. For time step
t ∈ {1, . . . , n}, the core recurrence relation of the SSM is
defined as: {

ht = Aht−1 +Bxt

yt = Cht
. (6)

Where ht is the hidden state at time t, xt is the input, yt is
the output, and A, B, C are learnable parameters governing
state transitions, input and output mapping, respectively.

Nevertheless, to construct a weight-sharing hybrid block,
we need to establish a consistent mathematical framework
between the two architectures. This requires deriving an
equivalent recursive formulation of the Transformer’s attention
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mechanism that mirrors Mamba’s state transition dynamics,
facilitating direct architectural comparison and search space
design.

2) Transformer Reformulation: Given input feature se-
quences X = {x1, x2, · · · , xn}, the output for time step
t ∈ {1, . . . , n} self-attention can be defined as:

Qt = WQxt, Kt = WKxt, Vt = WV xt, (7)

yt =

t∑
j=1

exp

(
QtK

⊤
j√
d

)
t∑

j=1

exp

(
QtK

⊤
j√
d

)Vt, (8)

where WQ,WK ,WV are the weight matrices of query, key
and value, respectively.

Inspired by Linear-Attention [51], [52], we replace the
exponential function with a non-negative kernel function ϕ(·),
yielding:

Q′
t = ϕ (xtWQ) , K ′

t = ϕ (xtWK) , Vt = xtWV , (9)

yt =

t∑
j=1

Q′
tK

′⊤
j

t∑
j=1

Q′
tK

′⊤
j

Vt =

Q′
t

t∑
j=1

K
′⊤
j Vt

t∑
j=1

Q′
tK

′⊤
j

. (10)

For convenience, let st =
t∑

j=1

K
′⊤
j Vt and zt =

t∑
j=1

Q
′

tK
⊤
j ,

then the recursive form of Transformer can be written as:{
st = 1 · st−1 +K⊤

t Vt

yt =
Q

′
t

zt
st

. (11)

3) Unified Recursive Structure: Based on Eq. 11 and 6,
Mamba’s SSM and the reformulated Transformer self-attention
exhibit analogous recursive structures, with parameter corre-
spondences:

X ∼ V, A ∼ I, B ∼ K ′⊤, C ∼ Q′⊤

z
, (12)

where I denotes the identity matrix and ∼ denotes a mapping
between Transformer and Mamba parameters. This analogy
enables the Self-Attention State-Space Model (SA-SSM), as
illustrated in Fig. 2(c), which reinterprets self-attention as a
linear recurrence process compatible with Mamba’s SSM.

For multi-head self-attention, the query, key, and value
matrices are partitioned into h heads. Each head computes
SA-SSM independently:

Q
′(i)
t = ϕ(xtW

(i)
Q ),K

′(i)
t = ϕ(xtW

(i)
K ), V

(i)
t = xtW

(i)
V ,

(13)

s
(i)
t = Is

(i)
t−1 + (K

′(i)
t )⊤V

(i)
t , y

(i)
t =

Q
′(i)
t s

(i)
t

z
(i)
t

⊤

, (14)

z
(i)
t = z

(i)
t−1 +Q

′(i)
t (K

′(i)
t )⊤, (15)

where y
(i)
t is the output of the i-th head and

W
(i)
Q ,W

(i)
K ,W

(i)
V ∈ Rd×(dk/h) are the weight matrices

for the query, key, and value of the i-th head, respectively.

The head outputs are concatenated and projected via a linear
layer WO ∈ Rdk×d:

yt = Concat(y(1)t , y
(2)
t . . . , y

(h)
t )WO. (16)

This output projection is jointly optimized with Mamba’s
output mapping matrix C ∈ Rd×d to align feature repre-
sentations, enabling seamless switching within the searchable
hybrid Mamba-Transformer block.

Thus, we have achieved a unified reformulation of Trans-
former’s self-attention and Mamba’s SSM, constructing a
searchable hybrid Mamba-Transformer block that facilitates
weight-sharing and efficient architecture search.

C. Optimization

Based on the spatio-temporal aware objective function and
the unified Mamba-Transformer search space, the optimization
process aims to identify the most effective architecture for
TAD tasks. Thus, we propose an optimization framework com-
prising two key components: mutual information estimation
for quantifying architecture performance and an evolutionary
algorithm for systematic architecture exploration. These com-
ponents work synergistically to navigate the complex search
space and identify architectures that maximize spatial and
temporal feature extraction capabilities.

1) MI Estimation: Building upon the established objective
function in Eq. 5, MI serves as a fundamental metric for
assessing a network’s feature extraction capabilities. However,
computing MI directly poses significant challenges since the
true joint and marginal distributions in Eq. 3 and 4 remain
unknown. To address this intractability, we adopt a variational
approach inspired by DVIB [53] and CLUB [54], introducing a
learnable distribution qϕ(Y

t | Z) to approximate the unknown
conditional distribution p(Y t | Z). Following this variational
framework, the temporal MI estimation can be formulated as:

Itemporal = I(Z;Y t) ≈ Ep(Z,Y t)

[
log qϕ(Y

t | Z)
]

− Ep(Z)p(Y t)

[
log qϕ(Y

t | Z)
]
.

(17)

Hence, the problem is transformed into how to make qϕ as
close as possible to the distribution p, which can be formulated
using the KL divergence:

min
ϕ

KL(p(Y t | Z) ∥ qϕ(Y t | Z))

= min
ϕ

[
Ep(Z,Y t)

[
log p(Y t | Z)− log qϕ(Y

t | Z)
]]

.
(18)

Although p is unknown, the first term is independent
of the parameters ϕ, so its expectation is a constant.
Therefore, minimizing Eq. 18 is equivalent to maximizing
Ep(Z,Y t) [log qϕ(Y

t | Z)], which can be optimized using the
maximum likelihood loss. Given N samples {(zi, gti)}Ni=1

from the joint distribution p(Z, Y t), the optimal parameters
are:

ϕ∗ = argmax
ϕ

1

N

N∑
i=1

log qϕ(g
t
i | zi). (19)

This is maximum likelihood estimation for the variational
distribution, optimized jointly with the SuperNetwork training.
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Fig. 3. Optimization framework of the proposed NAS-TAD. First, candidate subnetwork architectures are sampled from the unified Mamba-Transformer
search space. Second, each subnetwork extracts distinct spatio-temporal features. Then, these subnetworks are evaluated and ranked by the spatio-temporal
aware objective function. Next, the top-K networks undergo evolutionary updates via mutation and crossover. Subsequently, these evolutionary networks, along
with newly sampled candidates, update the candidate pool for the next loop. Finally, the architecture with the maximum objective value is selected as the
optimal architecture after iterative refinement.

Algorithm 1 Spatio-Temporal Aware NAS Optimization Al-
gorithm
Input: TAD validation set Dval; search space A
Parameter: Population size |P|; evolution generations Em;
computation budget η; mutation probability pm;
crossover probability pc;
Output: Optimal network αbest ;

1: Initialize: αbest ← ∅, Imax ← 0, e← 1
2: P ← sample(A, |P|; η)
3: while e ≤ Em do
4: for αj in P do
5: Ij ← I(αj ,Dval)
6: if Ij ≥ Imax then
7: αbest, Imax ← αj , Ij
8: end if
9: end for

10: Pparent ← top k(P,K)
11: Pchild ← crossover mutation(Pparent, pc, pm)
12: P ′ ← P ∪ Pchild
13: P ← top k(P ′, |P|)
14: e← e+ 1
15: end while
16: return αbest

Similar to temporal MI, the spatial MI evaluates the corre-
lation between network-extracted features Z and spatial labels
Y s. Thus, the spatial MI estimation can be expressed as:

Ispatial = Ep(Z, Y s)

[
log

p (Z, Y s)

p (Z) p (Y s)

]
≈ Ep(Z,Y s) [log qφ(Y

s | Z)]

− Ep(Z)p(Y s) [log qφ(Y
s | Z)] ,

(20)

where qφ(Y
s | Z) is a variational distribution approximating

the unknown distribution p(Y s | Z). It can also be optimized
using maximum likelihood estimation. Y s denotes spatial
labels representing action categories in TAD.

2) Evolutionary optimization Framework: Since the objec-
tive function’s mutual information terms are estimated via
sampling, they are non-differentiable, precluding gradient-
based optimization. Instead, we adopt evolutionary algorithms
to optimize the architecture search. The overall optimization
framework is illustrated in Fig. 3. First, a population of
candidate subnetworks is randomly sampled from the unified
Mamba-Transformer search space. Subsequently, each subnet-
work processes input video features to extract distinct spatial
and temporal representations. Following this feature extrac-
tion, these subnetworks are then evaluated using the proposed
spatio-temporal aware objective function, which quantifies
their effectiveness in capturing task-relevant spatio-temporal
features for TAD tasks. Based on the evaluation results, the
top-K performing subnetworks are selected as parents for the
next generation. To explore architectural diversity, crossover
and mutation operations are applied to these parent architec-
tures, thereby introducing diversity and exploring novel config-
urations. Accordingly, the newly generated candidates, along
with the existing population, form the candidate pool for the
next iteration. This evolutionary process continues iteratively
for a predefined number of generations, progressively refining
the population towards optimal architectures. Finally, upon
completion of the search process, the subnetwork with the
highest spatio-temporal objective function value is selected as
the optimal architecture for deployment. The detailed proce-
dure is presented in Algorithm 1.

IV. EXPERIMENTS

A. Datasets and Implementation Details

Comprehensive evaluation of the proposed NAS-TAD
framework is conducted through extensive experiments on
four established temporal action detection benchmarks: Activi-
tyNet [25], HACS [27], THUMOS14 [26], and FineAction [1].
Detailed dataset characterization is first provided, followed by
implementation details and training configurations for repro-
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ducible comparisons. Finally, evaluation metrics for temporal
action detection performance assessment are described.

1) ActivityNet: ActivityNet comprises 20,000 untrimmed
videos spanning 200 activity classes with over 648 hours of
real-world footage [25]. The dataset provides temporal action
annotations for 10,000 training videos, 5,000 validation videos,
and 5,000 test videos. Its diverse content, ranging from sports
to daily activities, presents challenges in action localization
and classification, making it ideal for evaluating TAD methods.

2) HACS: HACS contains 49,408 untrimmed videos
sourced from YouTube, encompassing 200 action classes with
over 1.55 million clips and 139,000 temporally annotated
segments for recognition and localization tasks [27]. The
dataset is partitioned into 39,138 training videos and 10,270
validation videos. Its extensive scale and diversity make it
a challenging benchmark for temporal action detection, par-
ticularly in complex scenarios with overlapping actions and
varying temporal dynamics.

3) THUMOS14: The THUMOS14 dataset features 1,010
untrimmed videos from 20 sports action classes, with temporal
annotations provided for 220 validation videos and 213 test
videos, yielding over 3,200 action instances [26]. This collec-
tion is renowned for its challenging temporal boundaries and
precise localization requirements in dynamic sports scenarios.

4) FineAction: FineAction consists of 4,000 videos an-
notated with 106 fine-grained action classes, encompassing
103,000 temporal instances that capture subtle variations in
human activities [1]. The dataset is divided into 3,000 training,
500 validation, and 500 test videos, emphasizing distinctions
in action manners, tools, and environments.

5) Implementation Details: Our method is primarily im-
plemented using the MMAction2 [55] and OpenTAD [56]
libraries in Python with PyTorch 2.0. All experiments are
conducted on a workstation equipped with four NVIDIA
RTX 3090 GPUs. To ensure a fair and objective comparison
with established baselines in the temporal action detection
domain, we maintain the training epochs and hyperparam-
eter selections consistent with the default configurations of
MMAction2 and OpenTAD. Regarding the architecture of the
learnable distributions, both qϕ and qφ are instantiated as
lightweight two-layer MLPs with a hidden dimension of 256,
GELU activation, and dropout of 0.1. Specifically, qϕ (Y t | Z)
outputs a 2-dimensional Gaussian over the normalized bound-
ary pair (ts, te) by predicting its mean and log-variance,
whereas qφ (Y s | Z) outputs class logits over the C action
categories. Both distributions share the super-net’s penultimate
feature Z and are jointly optimized with the super-net via
the maximum-likelihood loss in Eq. 19. For training, we
employ the AdamW [57] optimizer across all datasets, with
a cosine annealing learning rate scheduler to facilitate stable
convergence.

Following the setting of previous evolutionary NAS algo-
rithms [58]–[60], our search process utilizes a population size
of 100 (i.e., the number of network architectures sampled per
iteration) across 50 generations. In each iteration, the top 10
architectures are selected as parents and undergo crossover and
mutation operations to generate 50 child-networks. To balance
between exploration and exploitation, the mutation probability

is set to 0.2, while the crossover probability is 0.4. To balance
complexity and efficiency, the network depth is constrained
between 10 and 20 layers, with a maximum parameter limit of
50M. After the search phase, the discovered optimal network
is retrained from scratch on each benchmark using the same
training configuration as ActionFormer [38] to ensure a strictly
fair comparison.

6) Evaluation Metrics: The primary evaluation metric is
mean Average Precision (mAP), computed at dataset-specific
Intersection over Union (IoU) thresholds. For ActivityNet
and HACS datasets, mAP is reported at IoU thresholds of
0.5, 0.75, 0.95, and averaged over [0.5: 0.05: 0.95], while
the THUMOS14 datasets are evaluated at IoU thresholds of
[0.3: 0.1: 0.7]. Our baseline adopts ActionFormer [38] as the
detection framework. Specifically, we replace ActionFormer’s
Transformer encoder layers (the feature projection and fusion
network) with our searched hybrid Mamba-Transformer archi-
tecture, while keeping the classification and localization heads
unchanged to ensure fair comparison.

B. Comparison with State-of-the-art Methods
To evaluate the effectiveness of our NAS-TAD framework,

comprehensive comparisons are conducted against state-of-
the-art temporal action detection methods across four bench-
marks: ActivityNet, HACS, THUMOS14, and FineAction. The
experimental results validate the generalization capability and
robustness of our automatically discovered architectures across
diverse video domains, ranging from long-form activities to
fine-grained actions.

1) ActivityNet: We compare our NAS-TAD with state-of-
the-art TAD approaches, including representative convolution-
based methods such as TriDet [65], Transformer-based meth-
ods like ActionFormer [38] and AdaTAD [74], Mamba-based
methods such as ActionMamba [42], and hybrid architectures
like Causal-TAD [18] and MambaVision [19], as summarized
in Table I. Our NAS-TAD achieves 43.1% in terms of average
mAP, surpassing the previous state-of-the-art ActionMamba
and DiGIT by 1.1% in mAP@avg. NAS-TAD also achieves
the best results at IoU thresholds of 0.5 and 0.75, while
remaining competitive at the strict IoU threshold of 0.95.
These results highlight the framework’s enhanced precision
in action localization within long untrimmed videos and its
ability to capture fine-grained temporal boundaries.

From the perspective of design paradigms, with SlowFast-
R50 embeddings, our NAS-TAD attains 39.5% in average
mAP, exceeding TriDet’s 36.8% by 2.7% and DyFADet’s
38.5% by 1.0% in terms of mAP@avg., as the automated
search mitigates human biases in architecture selection. When
employing InternVideo2-6B, our hybrid NAS approach yields
improvements of 1.1% in average mAP compared with Ac-
tionMamba and DiGIT. These empirical gains demonstrate
that NAS-TAD’s searched architectures effectively integrate
diverse network components for superior spatial and temporal
feature fusion. In addition, performance improvements on
varied feature embeddings substantiate the framework’s adapt-
ability and robustness across different video representations.

From the aspect of model complexity, NAS-TAD deliv-
ers a favorable balance between accuracy and efficiency
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TABLE I
PERFORMANCE AND COMPLEXITY COMPARISON WITH SOTA METHODS ON ACTIVITYNET DATASET. THE BEST RESULTS ARE REPORTED IN BOLD,

WHILE THE SECOND-BEST ARE UNDERLINED.

Methods Feature
Embeddings

Network
Types

Params
(M)

FLOPs
(G)

Latency
(ms)

mAP@IoU Threshold (%)
0.5 0.75 0.95 Avg.

E2E-TAD [61] SlowFast-R50 [62] Convolution 8.5 56.9 12.0 50.5 36.0 10.3 35.1
ActionFormer [38] I3D [29] Transformer 6.9 2.7 12.7 53.5 36.3 8.2 35.6
TALLFormer [36] VideoSwin-B [35] Transformer - - - 54.1 36.2 7.9 35.6

ASL [63] I3D [29] Transformer - - - 54.1 37.4 8.0 36.2
BRTAL [64] I3D [29] Transformer - - - 54.8 37.9 8.3 36.7
TriDet [65] I3D [29] Convolution 14.0 11.0 27.0 54.7 38.0 8.4 36.8

Re2TAL [66] Re-VideoSwin-T [66] Transformer - - - 54.8 37.8 9.0 36.8
CLTDR-GMG [67] R(2+1)D [68] Transformer - - - 55.0 38.0 8.6 37.1

DiGIT [69] R(2+1)D [68] Transformer - - - 54.4 38.2 10.7 37.3
LSGNet [70] R(2+1)D [68] Hybrid - - - 57.6 40.0 8.3 38.5

DyFADet [71] VideoMAE-v2 [72] Convolution 22.4 5.4 39.4 58.1 39.6 8.4 38.5
Causal-TAD [18] InternVideo2-6B [73] Hybrid 14.8 2.4 12.0 - - - 39.0

ActionFormer [38] InternVideo2-6B [73] Transformer 9.0 2.3 12.8 60.4 42.2 8.7 40.8
AdaTAD [74] VideoMAEv2-g [72] Transformer - - - 61.7 43.4 10.9 41.9

MambaVision [19] (Our impl.) InternVideo2-6B [73] Hybrid 20.2 5.3 32.1 62.0 43.1 10.8 41.9
DiGIT [69] InternVideo2-6B [73] Transformer - - - 62.0 43.1 11.3 42.0

ActionMamba [42] InternVideo2-6B [73] Mamba 6.3 1.2 10.2 62.4 43.5 10.2 42.0

NAS-TAD (ours)
I3D [29] Hybrid 13.0 3.1 18.0 55.1 37.8 9.1 37.2

SlowFast-R50 [62] Hybrid 13.2 3.2 18.1 59.3 40.5 10.0 39.5
InternVideo2-6B [73] Hybrid 13.9 3.4 18.5 63.4 44.6 11.1 43.1

TABLE II
COMPARISON WITH SOTA METHODS ON HACS DATASET. †: VIDEO-MAE

FEATURE EMBEDDINGS. ‡: INTERNVIDEO2-6B FEATURE EMBEDDINGS.
OTHERS ARE SLOWFAST FEATURE EMBEDDINGS.

Methods mAP@IoU Threshold (%)
0.5 0.75 0.95 Avg.

BMN [75] 52.5 36.4 10.4 35.8
ActionFormer [38] 54.9 36.9 9.5 36.4
TALLFormer [36] 55.0 36.1 11.8 36.5

TCANet [76] 54.1 37.2 11.3 36.8
TriDet [65] 56.7 39.3 11.7 38.6

DyFADet [71] 57.8 39.8 11.8 39.2
CLTDR-GMG [67] 57.6 39.9 12.0 39.3

TriDet [65] † 62.4 44.1 13.1 43.1
DyFADet [71] † 64.0 44.8 14.1 44.3

ActionMamba [42] ‡ 64.0 45.7 13.3 44.6
NAS-TAD (ours) 58.0 40.2 11.9 39.5
NAS-TAD (ours) † 64.5 44.7 13.5 45.0
NAS-TAD (ours) ‡ 64.8 46.7 14.1 45.9

among hybrid architectures. With InternVideo2-6B features,
our searched model uses only 13.9M parameters and 3.4G
FLOPs. Compared with the hand-crafted hybrid baseline
MambaVision [19], NAS-TAD employs 31.2% fewer parame-
ters (13.9M vs. 20.2M), 35.8% fewer FLOPs (3.4G vs. 5.3G),
and 42.4% lower latency (18.5 ms vs. 32.1 ms), while still
improving the average mAP by 1.2% (43.1% vs. 41.9%).
Furthermore, compared with another hybrid baseline Causal-
TAD [18], NAS-TAD reduces the parameter count by 6.1%
(13.9M vs. 14.8M) and substantially raises the average mAP
by 4.1% (43.1% vs. 39.0%), at the cost of only 6.5 ms of
additional latency. Although NAS-TAD is heavier than the
lightweight pure-Mamba design ActionMamba [42], it still
attains a 1.1% higher average mAP and a notably larger gain
of 0.9% at the strict IoU threshold of 0.95 (11.1% vs. 10.2%),
which indicates substantially better fine-grained boundary lo-
calization. These results jointly confirm that the architecture
searched by NAS-TAD is structurally more compact than
the existing hybrid approaches and delivers state-of-the-art

accuracy at a deployment-friendly inference latency.
2) HACS: As reported in Table II, our NAS-TAD with

InternVideo2-6B embeddings achieves an average mAP of
45.9%, outperforming ActionMamba by 1.3% under the same
feature embedding. With SlowFast features, our NAS-TAD
framework improves the average mAP over ActionFormer by
3.1% (39.5% vs. 36.4%). For Video-MAE feature embed-
dings, NAS-TAD attains 45.0% in average mAP, surpassing
DyFADet by 0.7% and TriDet by 1.9%, demonstrating the
searched architecture’s effectiveness across different feature
representations. These results indicate that the NAS-optimized
hybrid architecture effectively handles HACS’s dense annota-
tions and overlapping segments, showcasing its capability to
discern complex temporal patterns and action boundaries in
large-scale video datasets.

3) THUMOS14: As illustrated in Table III, our NAS-TAD
with InternVideo2-6B embeddings attains an average mAP of
74.7%, exceeding ActionMamba by 2.0% under equivalent
conditions. In comparison to I3D embeddings, NAS-TAD
achieves 70.2% in average mAP, surpassing TriDet by 0.9%
(70.2% vs. 69.3%). Notably, at the stringent IoU threshold
of 0.7, our approach with InternVideo2-6B yields 52.4%,
matching AdaTAD and outperforming ActionMamba by 1.6%
(52.4% vs. 50.8%), indicating superior boundary precision.
These outcomes reflect the NAS-optimized hybrid design’s
capability to address THUMOS14’s demanding temporal lo-
calization in dynamic sports videos, as supported by the
consistent advancements in average mAP and high IoU metrics
across embeddings.

4) FineAction: As shown in Table IV, our NAS-TAD
is evaluated under Video-MAE and InternVideo2-1B feature
embeddings, achieving the best average mAP of 28.6% and
30.4%, respectively. Under Video-MAE features embeddings,
it surpasses DyFADet [71] by 4.8%, while with InternVideo2-
1B, it outperforms ActionMamba [42] by 1.4% in average
mAP. At higher IoU thresholds, our method shows particularly
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TABLE III
COMPARISON WITH SOTA METHODS ON THUMOS14 DATASET. †:

VIDEO-MAE FEATURE EMBEDDINGS. *: SLOWFAST FEATURE
EMBEDDINGS. ‡: INTERNVIDEO2-6B FEATURE EMBEDDINGS. OTHERS

ARE I3D FEATURE EMBEDDINGS.

Methods mAP@IoU Threshold (%)
0.3 0.4 0.5 0.6 0.7 Avg.

TadTR [2] 62.4 57.4 49.2 37.8 26.3 46.6
E2E-TAD [61] * 69.4 64.3 56.0 46.4 34.9 54.2
AdaTAD [74] * 81.0 76.2 69.4 59.0 44.5 66.0

ActionFormer [38] 82.1 77.8 71.0 59.4 43.9 66.8
TransGMC [77] 82.3 78.8 71.4 60.0 45.1 67.5

ASL [63] 83.1 79.0 71.7 59.7 45.8 67.9
TriDet [65] 83.6 80.1 72.9 62.4 47.4 69.3

TriDet [65] † 84.8 80.0 73.3 63.8 48.8 70.1
ActionFormer [38] * 82.3 81.9 75.1 65.8 50.3 71.9
ActionMamba [42] ‡ 86.9 83.1 76.9 65.9 50.8 72.7

AdaTAD [74] † 87.7 84.1 76.7 66.4 52.4 73.5
NAS-TAD (ours) 84.6 80.8 73.1 63.5 48.8 70.2
NAS-TAD (ours) * 87.2 83.1 76.2 66.1 49.9 72.5
NAS-TAD (ours) ‡ 88.2 84.3 78.0 68.1 52.4 74.7

TABLE IV
COMPARISON WITH SOTA METHODS ON FINEACTION DATASET. †:

VIDEO-MAE FEATURE EMBEDDINGS. ‡: INTERNVIDEO2-1B FEATURE
EMBEDDINGS. OTHERS ARE I3D FEATURE EMBEDDINGS.

Methods mAP@IoU Threshold (%)
0.50 0.75 0.95 Avg.

G-TAD [78] 13.7 8.8 3.1 9.1
BMN [75] 14.4 8.9 3.1 9.3

ActionFormer [38] † 29.1 17.7 5.1 18.2
DyFADet [71] † 37.1 23.7 5.9 23.8

ActionFormer [38] ‡ 43.1 27.1 5.3 27.2
ActionMamba [42] ‡ 45.4 28.8 6.8 29.0
NAS-TAD (ours) 28.3 16.2 4.3 17.1
NAS-TAD (ours) † 45.0 28.7 6.1 28.6
NAS-TAD (ours) ‡ 45.8 29.9 7.5 30.4

strong performance, achieving 7.5% at IoU=0.95 compared
to ActionMamba’s 6.8%, demonstrating superior temporal
boundary precision. These improvements demonstrate the ef-
ficacy of our neural architecture search in optimizing for fine-
grained action hierarchies and variable durations, showcasing
the framework’s ability to capture subtle temporal patterns
essential for discriminating between closely related action
categories.

C. Ablation Study and Analysis

1) Search Space: To assess the impact of search space
components, ablation experiments are presented in Table V.
The baseline (without any added block) achieves an average
mAP of 40.8% with InternVideo2-6B feature embeddings,
while consuming 9.0M parameters, 2.3G FLOPs, and 12.8
ms of latency. Adding only Transformer blocks raises the
average mAP to 42.3% (+1.5%), benefiting from the global
self-attention mechanism that captures spatial relationships
and inter-frame dependencies for accurate action classification.
However, this gain comes at the cost of more parameters
(19.2M) and higher latency (20.6 ms). In contrast, the Mamba-
only sub-space yields 42.4% (+1.6%) average mAP with the
lowest complexity (8.7M parameters, 2.0G FLOPs, and 11.2
ms of latency), thanks to its efficient long-range temporal
modeling with linear complexity that enables better temporal
boundary localization.

TABLE V
ABLATION STUDY ON THE IMPACT OF DIFFERENT BLOCKS ON THE

ACTIVITYNET DATASET.

Methods Transformer Mamba Hybrid* Params
(M)

FLOPs
(G)

Latency
(ms)

mAP
@Avg.(%)

Baseline

- - - 9.0 2.3 12.8 40.8
✓ - - 19.2 3.7 20.6 42.3
- ✓ - 8.7 2.0 11.2 42.4
- - ✓ 13.9 3.4 18.5 43.1

*Hybrid corresponds to the optimal architecture discovered by NAS-TAD over
the hybrid Mamba and Transformer search space.

TABLE VI
ABLATION STUDY ON THE IMPACT OF THE TRADE-OFF

HYPER-PARAMETER β ON THE ACTIVITYNET DATASET.

β 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0
mAP (%) 42.7 42.3 42.8 42.9 43.1 42.7 42.5 41.7 41.2 41.0

Moreover, the hybrid architecture searched by NAS-TAD
attains 43.1% (+2.3%) average mAP with 13.9M parameters,
3.4G FLOPs, and 18.5 ms of latency. Compared with the
Transformer-only sub-space, the discovered hybrid uses 27.6%
fewer parameters (13.9M vs. 19.2M), 8.1% fewer FLOPs
(3.4G vs. 3.7G), and 10.2% lower latency (18.5 ms vs. 20.6
ms), while still improving average mAP by 0.8%. Compared
with the more efficient Mamba-only sub-space, the discovered
hybrid trades a moderate increase in complexity for a consis-
tent 0.7% gain in average mAP. These observations indicate
that the IB-guided search does not blindly pursue accuracy
at the price of efficiency. Instead, it identifies an intermediate
operating point that combines Transformer’s spatial-modeling
capability with Mamba’s temporal efficiency, thereby achiev-
ing the best accuracy-efficiency trade-off within the unified
search space.

2) Hyperparameter β: According to the IB theory, the
hyperparameter β is used to balance the spatio-temporal MI
and input MI in Eq. 2. To identify the optimal value, we
performed comparative experiments across a range of β values.
As illustrated in Table VI, our method attained the best
performance when β is set to 0.5. If continuously increasing
β to 1, there is an obvious performance drop. It is because the
network will ’forget’ the information from the input and tend
to be overfitting with the target label when β increases [50].
Therefore, β = 0.5 is selected as the optimal value for best
performance.

3) Spatio-Temporal Aware NAS Objective Function: To
validate the effectiveness of our proposed spatio-temporal ob-
jective function, we compare it against the conventional mAP-
based NAS objective function, with results shown in Fig. 4.
From this cross-dataset evaluation, the mAP-based method
proves effective only when the search and test datasets are
the same, while it exhibits limited performance improvements
when architectures are transferred to different datasets (e.g.,
∆mAP is only 0.7% when searching on ActivityNet and
testing on HACS), since conventional mAP-based objectives
tend to overfit to specific dataset characteristics and fail to
capture generalizable spatial and temporal patterns essential
for diverse TAD scenarios.
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Fig. 4. Cross-dataset comparison of performance improvements in baseline
(∆mAP@Avg.) between the mAP-based NAS objective function and ours.
Each panel corresponds to a search dataset (A: ActivityNet, H: HACS, T:
THUMOS14, F: FineAction), with test datasets along the x-axis.

TABLE VII
SEARCH-COST AND PERFORMANCE COMPARISON ON ACTIVITYNET

DATASET WITH THE SAME SEARCH SPACE.

Methods Search
Strategy

Costs
(GPU hours)

mAP@IoU (%)
0.5 0.75 0.95 Avg.

DARTS [22] Gradient 33.5 60.8 41.7 9.7 40.6
SPOS [59] EA 75.7 61.6 42.7 9.6 41.2

FairNAS [79] EA 78.9 62.8 43.8 9.9 42.4
ShapleyNAS [80] Gradient 38.1 61.0 42.2 9.6 40.9

BossNAS [81] EA 83.2 62.2 43.2 9.4 41.7
PO-NAS [82] EA 89.4 63.1 44.4 10.6 42.8

Ours IB-guided EA 63.1 63.4 44.6 11.1 43.1

In contrast, our method maintains higher consistency and
robustness across datasets, yielding substantial ∆mAP im-
provements even in cross-domain scenarios (e.g., up to 1.9%
when searching on ActivityNet and testing on HACS). This su-
perior transferability is attributed to our method’s emphasis on
discovering architectures that capture more fundamental task-
relevant spatial and temporal features through mutual informa-
tion maximization, rather than relying on dataset-specific per-
formance metrics in conventional black-box NAS approaches.
These results demonstrate that our information-bottleneck-
based objective function effectively guides the search toward
architectures with better generalization capabilities, enabling
the discovery of hybrid networks that excel across diverse
video domains and action categories.

4) Search Costs: The complete architecture search of NAS-
TAD on ActivityNet is accomplished in approximately 63.1
GPU hours on a single NVIDIA RTX 3090 GPU, compris-
ing 25.3 hours of super-net training and 37.8 hours of IB-
guided evolutionary search. To position this cost within the
broader NAS methods, we further re-implement representative
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Fig. 5. Mean ± Std curves of mutual information (MI) values over training
epochs, where I denotes the MI value. (a) Spatial MI ISpatial; (b) Temporal
MI ITemporal; (c) Input MI IInput; (d) According to the information bottleneck
theory, the total MI is formulated as Itotal = ISpatial + ITemporal − βIInput.

gradient-based and evolutionary-algorithm (EA) NAS frame-
works on the proposed unified search space. The comparison
results are reported in Table VII.

For gradient-based NAS methods, DARTS [22] and
Shapley-NAS [80] consume the least computation, with 33.5
and 38.1 GPU hours, respectively. However, their continuous-
relaxation optimization is poorly aligned with the discrete
and heterogeneous Mamba-Transformer search space, yielding
inferior average mAP values of only 40.6% and 40.9%, which
trail NAS-TAD by 2.5% and 2.2%, respectively.

Within the EA-based methods, conventional fitness func-
tions in SPOS [59], FairNAS [79], BossNAS [81], and PO-
NAS [82] require executing the full detection pipeline (i.e.,
dense proposal generation, NMS, and mAP evaluation) for
every sampled candidate, which drives the total cost to a range
of 75.7 to 89.4 GPU hours. In contrast, our IB-guided fitness
only needs a single forward pass to estimate the temporal
and spatial mutual information terms, reducing the cost to
63.1 GPU hours and saving 16.6% to 29.4% of computation
over the EA baselines. Consequently, our method attains the
most favorable accuracy and efficiency trade-off among all
examined NAS paradigms, which further confirms its practical
applicability.

D. Convergence and Mutual Information Analysis

To analyze the convergence of our NAS-TAD framework,
we focus on the behavior of mutual information throughout the
training process. The key aspect to ensure convergence is the
stability of MI values, since we employ variational inference to
approximate intractable posterior distributions, while optimiz-
ing the model parameters via a maximum likelihood estimation
(MLE) loss during training. This setup enables tractable MI
estimation but necessitates verification of convergence. To this
end, we plot the evolution of MI values across training epochs,
as shown in Fig. 5.
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Fig. 6. Visualization of temporal action detection results on ActivityNet datasets across three representative scenarios: (a) daily activities, (b) sports, and (c)
work environments. The colored bars represent detection outputs from different TAD methods (ActionFormer, Causal-TAD, and our NAS-TAD), with ground
truth annotations shown above the predictions for reference. The red dashed boxes indicate missed detections.

In general, the MI values exhibit high variance in early
epochs while becoming stable and convergent as training
progresses. This instability arises from MLE’s reliance on
limited effective samples, such as noisy gradients, which lead
to erratic inferred distributions in variational inference. As
training progresses and cumulative data exposure refines the
likelihood estimates, parameter updates become more stable,
resulting in smoother, convergent MI trajectories. This pattern
demonstrates the robustness and convergence of combining
variational inference with MLE for MI computation.

Notably, from the perspective of information theory, both
spatial MI (Fig. 5 (a)) and temporal MI (Fig. 5 (b)) display a
consistent upward trend, gradually increasing before plateau-
ing. This aligns with IB theory, where effective representations
maximize mutual information with task-relevant aspects (e.g.,
spatial and temporal dependencies in video streams). The
rising trends indicate that the model progressively extracts
more relevant information in latent features.

In contrast, input MI (Fig. 5 (c)) initially rises, then declines,
and eventually stabilizes. This is because, early in training,
the model depends on raw input features, causing latent
representations Z to closely resemble the input distribution
X and thus increasing MI. As variational inference facilitates

the abstraction of higher-level semantic features, the latent
distribution Z diverges from the input distribution X , reducing
redundancy and thus decreasing MI.

Finally, total MI (Fig. 5 (d)) steadily increases toward
stability. This overall growth reflects the model’s optimization
of the trade-off parameter β, prioritizing relevant (spatial
and temporal) information while compressing input noise.
Such results also validate information bottleneck theory as a
quantitative and interpretable guidance for the NAS process.

E. Detection Visualization
To demonstrate the effectiveness of the proposed NAS-TAD

framework, temporal action detection results are visualized
across three representative scenarios spanning daily activities,
sports, and work environments, as illustrated in Fig. 6. In gen-
eral, the proposed NAS-TAD consistently outperforms other
representative TAD methods in accurately localizing action
boundaries and across diverse scenarios, demonstrating the
robustness and generalization of the automatically discovered
architectures.

As detailed analysis of the detection results reveals, Action-
Former [38] tends to fragment continuous actions into multiple
independent segments (as shown in Fig. 6(a)), since it lacks

This article has been accepted for publication in IEEE Transactions on Image Processing. This is the author's version which has not been fully edited and 

content may change prior to final publication. Citation information: DOI 10.1109/TIP.2026.3720512

© 2026 IEEE. All rights reserved, including rights for text and data mining and training of artificial intelligence and similar technologies. Personal use is permitted,

but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.



12

sufficient spatial modeling capability to determine whether dif-
ferent temporal segments belong to the same action instance.
Causal-TAD employs a parallel Transformer-Mamba architec-
ture to achieve improved detection performance compared to
the single-architecture ActionFormer through enhanced spatio-
temporal modeling.

However, both ActionFormer and Causal-TAD exhibit de-
tection failures for short-duration actions (as demonstrated
in Fig. 6(c)), whereas the proposed NAS-TAD successfully
localizes these challenging instances. This phenomenon can
be partly attributed to the topology of the searched network
architecture. Specifically, the shallow and intermediate stages
of the discovered network are dominated by Mamba blocks,
while Transformer blocks are mainly placed in the deeper
stages. The early Mamba blocks process the input with linear-
time selective scanning, which helps preserve the fine-grained
temporal variations that mark the onset and offset of brief
actions. The deeper Transformer blocks then aggregate longer-
range context for category-level reasoning. Therefore, the
searched topology suggests that short-duration action localiza-
tion benefits from preserving transient boundary cues in early
layers before introducing stronger global semantic aggregation
in deeper layers. Furthermore, this topology provides a data-
driven reference for manually designing Mamba-Transformer
hybrids in temporal action detection and related video under-
standing tasks.

V. CONCLUSION

In this paper, we introduce NAS-TAD, the first neural
architecture search framework for temporal action detec-
tion. Our framework systematically explores hybrid Mamba-
Transformer architectures through a unified search space,
addressing optimal spatial and temporal feature integration
for TAD. The proposed information-bottleneck-based objec-
tive function provides interpretable guidance for architecture
evaluation, moving beyond conventional black-box NAS ap-
proaches. Comprehensive experiments across four benchmark
datasets demonstrate the superiority of our automatically dis-
covered architectures, achieving new state-of-the-art perfor-
mance. This work establishes a new paradigm for automated
TAD system design and opens promising directions for neural
network architecture design for video processing.
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