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Abstract—Zero-shot temporal action localization (ZSTAL)
aims to localize and recognize action categories unseen during
training. However, it assumes that test videos contain only unseen
classes, which is unrealistic in practice where seen and unseen
actions naturally co-exist. To bridge this gap, we introduce
generalized ZSTAL (GZS-TAL), where models trained only on
seen classes must handle both seen and unseen ones during
testing. This setting highlights a critical challenge: a static, frozen
model cannot adapt to the mixed distributions encountered at
test time. To address this issue, we propose a Temporal-Sensitive
Adaptation (TSA) module that equips TAL models with the
ability to update themselves during testing. The key intuition
is to use temporal dependency prediction as a self-supervised
signal: TSA introduces an online-updatable memory optimized
to reconstruct features of preceding segments from the current
one, thereby embedding temporal dependencies into parameters
and reusing them for adaptation at test time. To further enhance
temporal modeling, we extend TSA into a Bi-directional TSA (Bi-
TSA) mechanism that performs prediction in both forward and
backward directions. By simultaneously exploiting historical and
future contexts, Bi-TSA improves long-range temporal represen-
tation and yields more accurate boundary localization. Extensive
experiments on THUMOS14 and ActivityNet-1.3 demonstrate
that our approach achieves significant improvements over state-
of-the-art methods under the GZS-TAL setting, validating its
effectiveness and generalization ability.

Index Terms—Temporal Action Localization, Generalized
Zero-Shot Learning, Test-Time Adaptation.

I. INTRODUCTION

Temporal Action Localization (TAL) is a fundamental prob-
lem in video understanding, which requires detecting and
classifying action instances in long untrimmed videos with
precise start and end boundaries. TAL has attracted growing
research interest due to its broad applications in domains
such as anomaly detection [1]-[3], sports video analysis
and retrieval [4]-[7], and autonomous driving [8]. Despite
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Fig. 1: Demonstration of the differences between ZSTAL and
GZS-TAL. During training time, the model has access to visual
information and semantic space of classes. During testing
time, under the zero-shot learning setting, the model is judged
only on classes; whereas under the generalized zero-
shot setting, the model is evaluated on the full label space,
and must simultaneously localize and classify actions from
both and classes.

remarkable progress, most existing methods are developed
under the closed-set assumption, where the model can only
recognize a fixed set of categories predefined during training.
This assumption severely restricts their applicability in realistic
open environments, where novel actions frequently emerge and
cannot be fully enumerated in advance.

To relax this constraint, researchers have explored Zero-
Shot Temporal Action Localization (ZSTAL) [9]-[13],
which aims to localize and recognize action categories unseen
during training. While ZSTAL highlights the potential of trans-
ferring semantic knowledge to novel categories, it relies on an
idealized assumption: test videos contain only unseen classes.
In practice, however, videos typically contain a mixture of seen
and unseen classes. This discrepancy limits the usefulness of
ZSTAL in real-world scenarios.

To bridge this gap, we introduce and systematically study
the task of Generalized Zero-Shot Temporal Action Local-
ization (GZS-TAL). Unlike ZSTAL, in this setting, the train-
ing set contains only seen classes, while the test set includes
both seen and unseen classes simultaneously (Fig. 1). This
design reflects real-world applications more faithfully, since
deployed systems inevitably encounter new actions alongside
familiar ones. However, it also raises a unique challenge: the
model must not only retain reliable recognition of seen actions
but also leverage knowledge learned from seen classes to
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Fig. 2: Illustration of the (a) static and (b) adaptive Tem-
poral Action Localization (TAL) paradigms during test-time.
(a) depicts previous methods with parameters frozen during
inference. In contrast, our approach (b) integrates parameter
update layers into Temporal Fusion and Detection Head. This
enables dynamic parameter updating during test-time, effec-
tively transferring knowledge across the seen/unseen divide
while ensuring robust performance on both categories.

recognize unseen ones. In other words, the central problem of
GZS-TAL is how to transfer knowledge across the seen/unseen
divide while ensuring robust performance on both.

Designing effective models for GZS-TAL naturally leads
to the requirement of dynamic adaptation. A static model,
trained once and frozen thereafter, cannot cope with the
evolving test distributions where seen and unseen classes co-
exist. Instead, the model should be capable of adjusting itself
at test time to improve recognition of unseen actions while
still preserving discriminative power on seen ones. Existing
ZSTAL approaches, such as EffPrompt [9], STALE [10], and
GAP [11], provide valuable insights and could in principle be
modified for GZS-TAL. However, our empirical study shows
that such extensions perform poorly, mainly because their
models remain fixed during testing, as shown in Fig. 2(a).
Without the ability to update themselves online, these methods
cannot effectively adapt to the mixed distributions of seen and
unseen classes required in GZS-TAL [14].

However, introducing dynamic adaptation is not straightfor-
ward and brings two new challenges: 1) Balancing adapta-
tion and retention. The model must dynamically incorporate
unseen knowledge while avoiding catastrophic forgetting of
seen classes. This trade-off is non-trivial, and our experiments
explicitly evaluate forgetting to verify whether an approach can
effectively mitigate it. 2) Unsupervised temporal modeling.
Since no annotations are available for unseen classes during
testing, adaptation must be guided by the intrinsic temporal
structure of videos. How to exploit temporal dynamics as
a reliable self-supervised signal for model updating remains
largely underexplored in TAL.

Inspired by recent advances in large language models
(LLMs) [15]-[17], which demonstrate that self-supervised ob-
jectives can embed transferable knowledge into model param-
eters, and by the concept of Test-Time Training (TTT) [18],
which updates model parameters during testing via a self-
supervised loss, we extend these ideas to the temporal ac-
tion localization domain. 1) To mitigate the problem of
balancing adaptation and retention, we design a plug-

and-play Temporal-Sensitive Adaptation (TSA) module.
TSA maintains an online-updatable parametric memory and
is optimized by a specially designed temporal consistency
loss, as shown in Fig. 2(b). This loss requires the model to
reconstruct the features of preceding segments from the current
one, thereby explicitly modeling temporal dependencies. By
analogy to how LLMs acquire transferable knowledge through
self-supervised training, our TSA enables TAL models to
embed temporal knowledge into parameters during training
and reuse it for dynamic adaptation at test time. In this way,
the model can incorporate unseen knowledge while alleviat-
ing forgetting of seen classes. 2) To tackle the challenge
of unsupervised temporal modeling, we further extend
TSA into a Bi-directional TSA (Bi-TSA) mechanism. By
performing temporal prediction in both forward and backward
directions, the model simultaneously exploits historical and
future contexts. This bidirectional design strengthens temporal
representations and improves the precision of action boundary
localization, which are crucial for TAL in complex real-
world videos. Extensive experiments on THUMOSI4 and
ActivityNet-1.3 demonstrate that, compared to state-of-the-
art ZSTAL methods reproduced under the GZS-TAL setting,
our framework achieves significant performance gains on both
seen and unseen classes, showing superior generalization and
robustness.
In summary, the main contributions of this paper include:

o We introduce the task of Generalized Zero-Shot Temporal
Action Localization (GZS-TAL), which reflects realistic
scenarios where seen and unseen classes co-exist at test
time. Our benchmark and analysis establish GZS-TAL
as a more practical and challenging direction beyond
ZSTAL.

e To enable models to adapt dynamically in this
new setting, we propose a plug-and-play Temporal-
Sensitive Adaptation (TSA) module. Unlike prior frozen
paradigms, TSA equips a trained TAL model with the
ability to update itself during testing. With the help of
a temporal consistency loss as a self-supervised signal,
TSA transforms a static model into a dynamic one that
can generalize to unseen actions without annotations.

o To further enhance temporal modeling without labels,
we develop a Bi-directional TSA (Bi-TSA) mechanism.
By introducing dual temporal prediction in both forward
and backward directions, Bi-TSA exploits historical and
future contexts simultaneously. This dual supervision
significantly improves temporal representation quality
and action boundary localization, bringing consistent
gains under the GZS-TAL setting on THUMOS14 and
ActivityNet-1.3.

II. RELATED WORK

A. Zero-shot Temporal Action Localization

Video action analysis [19]-[22] has gained significant re-
search attention. Within this field, Temporal Action Local-
ization (TAL) detects and classifies action instances with
precise temporal boundaries. Earlier works include two-stage
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proposal—classification pipelines [23]-[26], one-stage anchor-
free detectors [27]-[31], and query-based methods [32], [33],
but all these methods, including certain weakly-supervised
ones [34]-[36], assume a closed-set setting where training
and test share the same classes. To relax this constraint,
recent works extend TAL to Zero-Shot TAL (ZSTAL). Eff-
Prompt [9] pioneered this direction by leveraging CLIP [37]
to transfer knowledge to unseen classes. Subsequent works can
be grouped into two families. Training-based methods [9]—
[11], [13], [14], [38] train a TAL backbone on seen classes
and then freeze it for inference. For instance, STALE [10]
combines frame-level detectors and classifiers in a one-stage
design. GAP [11] employs a query-based detector integrating
static and dynamic cues, while mProTEA [13] tackles ZSTAL
with multimodal prompt learning and text-enhanced actionness
modeling. In contrast, training-free methods [12], [39] skip
model training and adapt pre-trained vision—language models
directly at test time. Examples include T3AL [12], which
iteratively refines pseudo-labels frame by frame, and FreeZAD
[39], which aggregates video-level semantics into prototypes.
Although attractive, training-free approaches are generally less
effective than training-based ones and remain applicable only
in limited scenarios.

Overall, existing ZSTAL methods assume test videos con-
tain only unseen classes, an unrealistic simplification. More-
over, their frozen inference paradigm prevents models from
adapting to the mixed distributions of seen and unseen classes
encountered in practice. This motivates our study of GZS-TAL
and the development of adaptive mechanisms that can update
models during inference.

B. Generalized Zero-shot Learning

The generalized zero-shot learning (GZSL) paradigm ad-
dresses the more realistic scenario where test sets contain
both seen and unseen classes. The goal is to transfer knowl-
edge from seen to unseen via semantic representations while
maintaining performance on seen classes [40]. Two central
challenges are: (i) ensuring reliable knowledge transfer, and
(i1) mitigating the bias toward seen classes when both sets
coexist. GZSL has been extensively studied in image classifi-
cation [41], [42], with applications ranging from healthcare to
cross-domain recognition. In video understanding, prior works
have considered GZSL for video classification [43], [44] and
action recognition [45]-[48]. For example, Hong et al. [44]
generate fine-grained video—text features for unseen classes,
while Huang et al. [47] employ a dual-GAN framework to
synthesize unseen action features.

While GZSL has been actively explored in classification
and recognition tasks, no prior work has extended it to the
temporal localization setting. To the best of our knowledge,
we are the first to define and systematically study Generalized
Zero-Shot Temporal Action Localization (GZS-TAL), which
requires simultaneous detection of seen and unseen actions.

C. Test-time Adaptation

Deep networks often degrade when deployed under dis-
tribution shifts. Test-Time Adaptation (TTA) addresses this

by updating models online with lightweight objectives. For
example, TENT [49] minimizes entropy by adjusting normal-
ization layers. EATA [50] efficiently adapts models at test time
by selectively updating on reliable samples, while SAR [51]
uses sharpness-aware reliable entropy minimization. Beyond
general classification, recent research has extended TTA to the
video domain [52]-[54], addressing challenges such as video
classification and video restoration. Although effective in these
contexts, applying conventional TTA to TAL is non-trivial.
Existing methods typically rely on indirect statistics or pseudo-
labels, which fail to improve temporal dynamics modeling.
A stronger paradigm is Test-Time Training (TTT) [18], [55],
which uses self-supervised proxy tasks to update parameters
during inference, with applications in segmentation [56] and
video generation [57]. However, most existing video TTT
methods [58] are uni-directional, ignoring future context that
is crucial for precise temporal localization.

We address these gaps with the proposed Bi-directional
Temporal-Sensitive Adaptation (Bi-TSA). Unlike prior frozen
ZSTAL or uni-directional TTT, Bi-TSA enables test-time
adaptation through a self-supervised reconstruction objective
while processing clips in both forward and backward orders.
This design allows the model to continuously update itself with
temporal dependencies, exploit both past and future cues, and
better handle the co-existence of seen and unseen classes in
GZS-TAL.

III. PROPOSED METHOD
A. Problem Definition

The temporal action localization (TAL) task aims to detect
and classify action instances in long untrimmed videos. Given
an untrimmed video V', we represent it as a sequence of feature
vectors X = {x1,29,...,27} over discrete time steps t =
1,...,T, where the length T" varies across videos. Each video
is annotated with a set of action instances

Yo = {(si, 000 105 (M)
where s; and e; denote the start and end timestamps, a; € D
is the action category, D is the action category space and Ny
is the number of ground-truth instances. The goal of TAL is
to predict a set of instances

Yorea = {(53, 6, 0) oy @
where a; € D, ensuring both precise temporal boundaries and
correct category assignments.

In this paper, we focus on a more realistic extension of
this task—Generalized Zero-Shot Temporal Action Local-
ization (GZS-TAL)—where the test phase involves both seen
and unseen classes. Specifically, the category space D is
partitioned into two disjoint subsets: seen classes Dgeen and
unseen classes Dypseen, SUch that Dgeen U Dypseen = D and
Dygeen N Dypseen = 0. During training, supervision is restricted
to categories in Dge,; that is, the annotated label space is
Dyain = Dsgeen and no positive supervision is provided for
Dynseen- We make no assumption about whether instances from
Dynseen physically occur in the training videos; if present, they
are unlabeled and thus provide no class-specific supervision.
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Fig. 3: Overview of the proposed framework with Bi-TSA for GZS-TAL. The framework (Sec. III-E) incorporates the Bi-
directional TSA (Bi-TSA) module (Sec. III-D), which is integrated within both the Temporal Fusion and the Detection Head.
Within the Bi-TSA module, the Temporal-Sensitive Adaptation (TSA) Block (Sec. III-C) processes forward and backward
fragment sequences in parallel. The TSA Block updates the parameters W through self-supervised reconstruction loss to
memorize the current input 7, and then uses historical information to make predictions.

During testing, the model is evaluated on the full label space,
i.e., Diest = Dgeen U Dunseen, and must simultaneously localize
and classify actions from both sets.

B. Method Overview

The GZS-TAL setting is considerably more challenging
than standard ZSTAL because the model must retain its
discriminative ability on seen classes while simultaneously
adapting to previously unseen ones. A static network, trained
once and frozen thereafter, is fundamentally inadequate for
such scenarios. Instead, the model must acquire the ability to
update itself dynamically at test time to cope with evolving
input distributions.

To address this, we propose a plug-and-play Temporal-
Sensitive Adaptation (TSA) block (Sec. III-C), which can
be seamlessly inserted into the temporal modeling layers of
existing TAL frameworks [10], [11], [27]. The central idea
of the TSA block is to replace the static temporal repre-
sentation cache with a parametric memory layer W that is
continuously updated during both training and inference via
a carefully designed self-supervised learning objective. This
update mechanism enables the model to (i) learn how to
adapt during training, and (ii) perform actual adaptation during
testing without requiring labels.

To capture full action context and sharpen boundaries, we
further introduce Bi-directional TSA (Bi-TSA) (Sec. III-D):
two TSA streams process forward (r; — ) and backward
(ry — 71) clip orders in parallel and fuse their outputs, so

each time step benefits from both historical and future cues.
In this way, our framework directly addresses the problem
of test-time adaptation under GZS-TAL, embodies the core
idea of self-supervised parametric memory updated online, and
delivers a robust architecture with enhanced temporal fusion
and detection capabilities through dynamic parameter updates
and bidirectional temporal supervision.

C. Temporal-Sensitive Adaptation (TSA) Block

Conventional TAL models suffer from two fundamental
limitations when applied to the GZS-TAL setting. First, they
rely on static representations. Once training is complete, model
parameters are frozen, preventing any adaptation to unseen
classes during testing. Second, their temporal modeling capac-
ity is inherently constrained. Transformer-based approaches
preserve history in key—value caches with quadratic cost in
sequence length, which are computationally demanding and
unsuitable for online updating. RNN-based approaches, on the
other hand, compress temporal context into low-dimensional
hidden vectors, which lack expressiveness and cannot be
effectively optimized at test time. As a result, both paradigms
are unable to capture long-term dependencies while remaining
adaptive in deployment.

To overcome these issues, we propose the Temporal-
Sensitive Adaptation (TSA) block. TSA introduces a para-
metric memory layer that serves as a dynamic hidden state.
Instead of storing context explicitly (as in Transformers) or
compressing it into limited vectors (as in RNNs), TSA embeds
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temporal knowledge into model parameters through contin-
uous online updating—where “online” refers to the timing
and mechanism of parameter updates during test-time [49]-
[51], rather than to a strict streaming data access pattern.
At each time step, the parametric memory is optimized by
a self-supervised temporal objective, enabling the model to
internalize temporal dependencies into its parameters. This
design is both efficient and expressive: memory updates
are lightweight, yet they progressively accumulate temporal
knowledge. The intuition is analogous to large language
models, which acquire transferable knowledge through self-
supervised pretraining—the difference is that TSA performs
such updates online, allowing TAL models to dynamically
adapt under the GZS-TAL setting.

Step 1: Online Temporal Knowledge Embedding. Let the
feature sequence of a video be X = {z1, z,..., 27}, which
is partitioned into non-overlapping clips {r;}~ ;. At time step
t, given the current input clip r;, the TSA block updates its
parametric memory W, represented as the weights of a small
network f. Specifically, W;_; encodes the historical context
up to step ¢t — 1, and is updated into W; by minimizing a
self-supervised reconstruction loss:

We=Wi1 — U th,1 ‘Crecon<7"t§ Wt—l)- 3)

where the learning rate 1, = o(W),-x;) is dynamically adapted
to the current input. The reconstruction loss is defined as a
weighted combination of two complementary terms:

ﬁrecon(rt; Wtfl) = Q- Cinst(rt; Wtfl) + ﬂ : ﬁtemp("ﬂt; Wt71)~

“)
The Instance Reconstruction Loss L;,; ensures that the
model extracts useful information from the current input by
reconstructing its projected features:

Linsi(re; We—1) = | f(Oxcre; Wi_1) — Oyl )

where 0 and 0y are learnable projections. The Temporal
Consistency Loss Ly, enforces explicit temporal depen-
dency by reconstructing the features of the previous step from
the current input:

2

ﬁtemp(ﬁ? Wtfl) = f(eKTt; Wtfl) - 7’?,1 (6)

where rt% 1 denotes the unnormalized output of the TSA block
at step t — 1. Through these dual objectives, the parametric
memory W integrates both current information and temporal
continuity, progressively embedding temporal knowledge into
its parameters. This enables the model to update itself online,
a property crucial for adapting to unseen classes in the GZS-
TAL setting.

Step 2: Memory-Enhanced Temporal Representation.
Once the parameters have been updated to W, the TSA block
uses them to generate a feature representation for the current
input segment 7;. The process proceeds in two stages. First,
the input is projected into the query space through a learnable
matrix 6¢, passed through the network f(-; W;) parameterized
by the updated memory, and mapped by a linear layer L to
obtain the raw intermediate features:

rd = L(f(8ors: We)),

(7

These raw features r? capture both the current input and

the temporal context encoded in W;. Importantly, they are
also reused in the reconstruction objective to enforce temporal
consistency across adjacent segments, thereby guiding the self-
supervised update of the parametric memory. Second, to obtain
the final representation for downstream action localization, the
raw features are normalized and further projected:

7 = 0o - LN(r®). (8)

where LN denotes Layer Normalization and ¢ is a learnable
projection matrix. The final output 7; thus integrates infor-
mation from the current segment with accumulated temporal
knowledge in the parametric memory, producing a memory-
enhanced representation that serves as the basis for robust
action classification and precise boundary localization under
GZS-TAL.

D. Bi-directional TSA Module

While the TSA block introduces dynamic online updates, its
temporal modeling remains essentially unidirectional, relying
only on past context to guide adaptation. This limitation
is particularly problematic under GZS-TAL, where unseen
actions may exhibit complex and unfamiliar dynamics. In such
cases, access to both historical and future context is crucial
for precise boundary localization and robust representation
learning. To alleviate this limitation, we design a Bi-directional
TSA (Bi-TSA) that processes the sequence in forward and
backward directions and fuses the two streams at matched time
indices.

Forward stream. Without loss of generality, let X
{x1,...,27} € RT*C denote the time-ordered feature stream
at the TSA insertion point (TSA is plug-and-play and may be
placed at any temporal layer; here X simply refers to the
features fed to that module). We partition X into sequential
segments {r;}¥, and feed them in order to a forward TSA
block. The segment-level outputs are concatenated chrono-
logically to produce Zy, € RT*C, preserving one-to-one
alignment with the original timeline.

Backward stream. To exploit reverse dependencies, we
construct a temporally flipped view by reversing only the
valid frames of X (padding, if present, is masked and left
unchanged), yielding X, = {z7,...,21}. Using the same
segmentation scheme, the segments of X, are processed
sequentially by a backward TSA block. The resulting outputs
are then restored to chronological order, giving Z,, € RT*¢
that is index-aligned with Zy, at every time step.

Bidirectional Fusion and Post-Fusion Refinement. After
obtaining the forward representation Zp, and the backward
representation Zy,, we perform feature-level fusion to con-
struct a unified temporal representation. Specifically, we com-
pute the element-wise mean:

Z = §(Zsw + Ziow),

(©))

which leverages the inherent symmetry of the two directions
while avoiding directional bias.

To further enhance representational quality, the fused feature
Z is integrated with the original input sequence X through a
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(a) STALE + Our Bi-TSA Module

(b) GAP + Our Bi-TSA Module

(c) ActionFormer + Our Bi-TSA Module

Fig. 4: Illustration of our Bi-TSA module’s application to different Temporal Action Localization (TAL) frameworks. Bi-TSA
(orange) is incorporated into the Temporal Fusion and Detection Head modules of (a) STALE+Ours, (b) GAP+Ours, and (c)

ActionFormer+Ours (with a convolutional decoder).

residual connection: Z = X + Z. The residual path ensures
preservation of the raw temporal cues from X. The output
Z is then normalized via Root Mean Square Normalization
(RMSNorm) [59] and passed through a Multi-Layer Percep-
tron (MLP) to refine temporal semantics. A second residual
connection adds the MLP output back to its input:

Z = MLP(RMSNorm(Z)) + Z. (10)

This dual-residual design enhances gradient propagation, miti-
gates information degradation, and yields the final bidirection-
ally enriched representation Z, which is passed to subsequent
modules.

E. Integration of Bi-TSA into Existing TAL Frameworks

The proposed Bi-TSA is a plug-and-play adaptor that can be
seamlessly integrated into existing TAL frameworks without
modifying their overall structure. In practice, Bi-TSA can
be embedded at two key stages: (i) temporal fusion (TF)
modules, where sequential features are aggregated into higher-
level representations, and (ii) detection heads (DH), where
action classification and boundary regression are performed.
As illustrated in Fig. 4, these two integration paradigms are
instantiated for both two-stage [11] and one-stage [10], [27]
TAL frameworks.

Integration into temporal fusion modules. Many TAL
methods (e.g., transformer-based models such as [10], [11],
[27]) include temporal fusion stages that progressively com-
bine local clip-level features into contextual representations,
which range from single-scale (as integrated into STALE
[10] and GAP [11], shown in Fig. 4(a)(b)) to multi-scale (as
integrated into ActionFormer [27], shown in Fig. 4(c)) hier-
archies.To enhance this process under the GZS-TAL setting,
we embed Bi-TSA at the entry of such modules, typically
before the first temporal block. This design allows Bi-TSA to
refine fine-grained local dependencies while later layers focus
on semantic abstraction.

To support this, we adopt a streaming input design. Given
a video feature sequence X = {z1,...,2r}, we partition
it into N non-overlapping segments {r;}~ ; of length Ly .
These segments are fed sequentially into Bi-TSA, which
incrementally updates its parametric memory. This streaming
scheme reduces computational overhead, ensures temporal

continuity, and provides natural steps for test-time adaptation.
By embedding Bi-TSA in the fusion stage, the backbone
gains bidirectional, adaptive temporal modeling, substantially
improving its ability to handle unseen actions.

Integration into detection heads. In addition, Bi-TSA
can be inserted into detection heads that directly predict
action categories and temporal boundaries. For classification
branches (as integrated into STALE [10] and GAP [11], shown
in Fig. 4(a)(b)), Bi-TSA refines temporal features before
alignment with text embeddings, improving discriminability
between seen and unseen classes. For regression branches
(as integrated into ActionFormer [27], shown in Fig. 4(c)), it
enriches proposal-level features with bidirectional context, en-
hancing boundary precision. This insertion is lightweight and
requires no change to the detection head’s original objective.

Summary. Through integration into temporal fusion mod-
ules and detection heads, Bi-TSA equips existing TAL frame-
works with online, bidirectional temporal adaptation, enabling
them to localize both seen and unseen actions more robustly
under the challenging GZS-TAL setting.

F. Training and Inference Details

Training. Our framework employs a dual-loop training
strategy that jointly captures global semantic objectives and
local temporal adaptability. This design is conceptually related
to meta-learning, where an inner loop adapts to sample-specific
information while an outer loop enforces global generalization.
Specifically:

1) Inner Loop (Local Adaptation). At the video-segment
level, the Bi-TSA module updates its parametric memory
through gradient descent on the self-supervised reconstruction
loss. This allows the model to embed fine-grained temporal
dependencies into its evolving parameters. To avoid overfitting
and ensure stability, the updated memory is reset after each
video, ensuring that the adaptation remains sample-specific
rather than accumulating across videos.

2) Outer Loop (Global Optimization). At the full-video
level, the backbone network is optimized end-to-end following
the standard TAL training objectives, including classifica-
tion and boundary regression. This loop enforces semantic
consistency and discriminative capacity across seen classes,
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complementing the temporal refinements introduced by the
inner loop.

3) Synergy of Dual Loops. The inner loop equips the model
with locally adaptive temporal modeling, while the outer loop
ensures global task alignment. Their synergy enables multi-
granularity temporal learning, improving both generalization
to unseen classes and localization accuracy.

Inference. At test time, our framework diverges from prior
TAL methods [9]-[11], which rely on fixed parameters after
training. Instead, Bi-TSA dynamically updates its paramet-
ric memory online, guided by the same reconstruction loss
(Eqn. 4). This enables the model to adapt to unseen classes
while retaining performance on seen ones. As in training, the
memory is reset after each video, preventing cross-video drift
and ensuring adaptation remains sample-specific. Through this
mechanism, our model achieves robust test-time adaptation,
delivering improved temporal precision and stronger general-
ization under GZS-TAL.

IV. EXPERIMENTS
A. Datasets

THUMOS14 [60] contains 20 action classes, with 200
validation and 213 test videos. Each video includes on average
15.5 action instances of varying duration. Following prior
works [10], [11], [27], we train on the validation set and
evaluate on the test set.

ActivityNet-1.3 [61] is a large-scale dataset encompassing
200 action classes, with the training set containing 10,024
videos, the validation set containing 4,926 videos, and the
test set containing 5,044 videos. It contains around 1.5 action
instances per video. As the ground-truth labels for the test set
are not publicly available, consistent with prior studies, we
employ the videos from the training set for training and those
from the validation set for inference.

For the GZS-TAL task, we adopt the seen-unseen class split
strategy from ZSTAL [9]-[11], dividing the data according
to 75%-seen 25%-unseen and a 50%-seen 50%-unseen split
setting. During the training phase, like ZSTAL, we train the
model using the training data that includes only seen classes.
Differently, in the inference phase, we evaluate the model
using the entire test data, comprising both seen and unseen
classes.

B. Evaluation Metrics

Following prior work [10], [11], [27], we report the mean
average precision (mAP) at multiple temporal intersection
over union (tloU) thresholds for all datasets, as mAP is the
standard evaluation metric for TAL task. Specifically, for a
given tloU threshold, the mAP is calculated as the mean
precision across all action category predictions. The average
mAP is computed as the mean of mAPs over several tloU
thresholds. For evaluation, to ensure a fair comparison with
each baseline method, we adhere to the specific evaluation
protocols used in their original papers. Following prior work
[9], [10], we use tIoU settings of [0.3:0.1:0.7] for THUMOS 14
and [0.5:0.05:0.95] for ActivityNet-1.3.

C. Implementation Details

Video and Text Feature Extractor. We adopt the pre-
trained CLIP [37] (ViT/B-16) encoders to extract video and
text features with dimension C' = 512. We also report results
using InternVideo [62] (InternVideo-MM-L-14) encoders with
C 768, which provide stronger video representations
through masked video modeling and video-text pretraining.
For THUMOS14, video features are extracted from 8-frame
segments with a stride of 8; for ActivityNet-1.3, we use 8-
frame segments with a stride of 16.

Integration with existing TAL methods. We integrate our
Bi-TSA module into three representative TAL frameworks.
STALE [10] and GAP [11], originally designed for ZSTAL,
can be directly adapted to GZS-TAL by adjusting the label
space during inference. ActionFormer [27], though not de-
signed for open-set scenarios, is extended by replacing its
classification head with a vision-language contrastive head
based on CLIP or InternVideo encoders. For STALE, we
follow [10] and train on ActivityNet-1.3 using Adam with
a learning rate of 1 x 107> for 15 epochs. Its THUMOS 14
implementation is not publicly available, thus results on that
dataset are not reported. For GAP, we follow [11] and train
with AdamW on both datasets for 100 epochs, with learning
rates 1 x 107* (THUMOS14) and 5 x 10~® (ActivityNet-
1.3). For ActionFormer, we follow [27], training with Adam
and warm-up. On THUMOSI14, we train for 100 epochs
with learning rate 1 x 10~%; on ActivityNet-1.3, we train
for 40 epochs with learning rate 1 x 1073, For the Bi-TSA
module, the reconstruction loss coefficients are set to v = 0.8
and 5 = 0.2. Furthermore, the Bi-TSA module’s parametric
memory W, implemented as a small MLP network, was
initialized with weights from a normal distribution and zero
biases across all integrated frameworks. All experiments are
run on a single NVIDIA RTX A800 GPU.

D. Comparison with the State-of-the-Arts

Since no prior work explicitly addresses the GZS-TAL
setting, we adapt representative ZSTAL methods (STALE [10],
GAP [11], and ActionFormer [27] variants) as baselines and
integrate our Bi-TSA into them. For fairness, we strictly follow
the original configurations and evaluation protocols of each
baseline, and all baseline results are reproduced under the
GZS-TAL protocol.

1) Results with CLIP Encoder: Table I reports results
using CLIP as the vision-language encoder. Across all datasets
and split settings, integrating TSA in isolation consistently
improves performance over the baselines, while incorpo-
rating our full Bi-TSA module yields further gains. On
the THUMOSI14 dataset, under the 75%-25% split, Action-
Former+TSA achieves a +1.0% gain in average mAP (27.4%
— 28.4%), while GAP+TSA improves by +1.2% (24.0% —
25.2%). This improvement trend is maintained under the more
challenging 50%-50% split, where GAP+TSA surpasses the
baseline by +0.8% (21.3% — 22.1%). On the ActivityNet-
1.3 dataset, our TSA module shows similar effectiveness.
Under the 75%-25% split, ActionFormer+TSA and GAP+TSA
reach 21.7% and 24.3% average mAP, respectively, both
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TABLE I: Generalized Zero-Shot Temporal Action Localization performance (mAP in %) on THUMOS14 and ActivityNet-1.3.
Our proposed Bi-TSA module is applied to three baseline methods under two different encoders. The notation ‘+TSA’ indicates
the performance with only our TSA module integrated, while ‘+Bi-TSA’ indicates the performance with our Bi-TSA module
integrated. ‘-’ indicates that results are not reported for STALE on THUMOS14 due to the lack of an official implementation

for this dataset.

. THUMOS 14 ActivityNet-1.3
Split Encoder | Methods 03 04 05 06 07 AVG| 035 075 095 AVG
STALE S - - - - - 1390 230 38 232
STALE+TSA .. oo _ 393 235 40 237
STALE+Bi-TSA S ..o o399 241 46 243
GAP 300 332 240 152 86 240354 244 52 236
CLIP | GAP+TSA 409 335 250 168 89 250|363 241 56 237
GAP+Bi-TSA 406 33.6 253 166 9.6 252|366 251 58 243
ActionFormer 40.1 35.7 285 21.1 11.6 274 (319 199 32 19.6
ActionFormer+TSA 403 354 293 219 14.2 282|321 207 38 204
75% Seen ActionFormer+Bi-TSA | 41.1 36.6 292 22.1 132 28.4 |34.0 221 42 217
25% Unseen STALE - - - - - - [410 B2 40 238
STALE+TSA .- oo 412 243 39 245
STALE+Bi-TSA S ..o .. 412 248 42 246
GAP 383 329 252 160 85 244398 277 47 266
InternVideo | GAP+TSA 383 322 252 167 94 244 (397 271 74 267
GAP+Bi-TSA 395 334 254 172 98 250 |40.6 277 57 271
ActionFormer 304 353 297 227 143 283|319 204 4.8 207
ActionFormer+TSA 400 259 302 232 157 29.0 |33.9 218 43 214
ActionFormer+Bi-TSA | 41.6 37.2 31.0 23.7 157 29.8 |35.0 221 47 220
STALE T - - - - I 1397 228 36 230
STALE+TSA . ..o _ 386 224 45 232
STALE+Bi-TSA S ..o 392 233 37 233
GAP 362 283 212 137 68 213|341 233 50 227
CLIP | GAP+TSA 358 296 22.1 148 8.5 222|360 241 43 233
GAP+Bi-TSA 367 302 222 144 7.1 221|355 246 5.0 238
ActionFormer 204 266 223 172 104 211184 113 090 114
ActionFormer+TSA 292 264 229 176 112 215|197 122 26 122
50% Seen ActionFormer+Bi-TSA | 30.1 27.6 23.5 18.2 11.3 22.1 |[21.1 135 27 134
50% Unseen STALE - - - - - (401 220 42 229
STALE+TSA .. ... 1385 230 50 233
STALE+Bi-TSA S - oo 390 227 44 235
GAP 327 274 210 139 7.6 205 397 261 62 259
InternVideo | GAP+TSA 350 283 210 138 75 211|394 265 7.0 261
GAP+Bi-TSA 341 282 21.5 140 8.0 21.2 (392 272 57 264
ActionFormer 287 261 224 174 115 212209 132 28 133
ActionFormer+TSA 285 261 219 17.1 117 21.1 |22.1 140 29 140
ActionFormer+Bi-TSA | 29.3 268 23.0 17.6 11.0 21.5|22.6 14.6 29 143

outperforming their original versions. Due to the lack of
an official configuration for THUMOS14, STALE cannot be
directly compared on this dataset. Nevertheless, its gains on
ActivityNet-1.3 further validate the general effectiveness of
our approach. These results indicate that TSA, as a versatile
plug-and-play adaptation module, effectively compensates for
the temporal modeling limitations of image-centric encoders
and synergizes with advanced video foundation models, con-
sistently advancing state-of-the-art performance in the chal-
lenging GZS-TAL setting, with the bidirectional mechanism
further strengthening its long-range temporal modeling.

2) Results with InternVideo Encoder: To further examine
the generality of TSA, we replace CLIP with InternVideo,
a stronger video-language foundation model pre-trained with
large-scale video-text data. InternVideo provides richer tempo-

ral dynamics than CLIP, and our TSA module continues to de-
liver additional improvements. A similar trend of improvement
is observed when using the CLIP encoder: integrating TSA
in isolation generally outperforms the baseline, and Bi-TSA
further improves performance. As shown in Table I, on
THUMOS14 under the 75%-25% split, ActionFormer+TSA
improves average mAP from 28.3% to 29.8%, achieving a new
state-of-the-art. GAP+TSA also gains +1.4%. On ActivityNet-
1.3, under the most challenging 50%-50% split, TSA enhances
STALE from 22.9% to 23.5%. These results confirm that the
TSA module learns robust temporal representations through
dynamic and self-supervised adaptation, while bidirectional
modeling provides complementary advantages by capturing
both historical and future contexts, thereby yielding more
stable temporal representations and more precise boundary
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TABLE II: Comparison with several representative TTA methods on THUMOSI14 and ActivityNet-1.3 datasets using
ActionFormer. ‘+Ours’ indicates the performance with our Bi-TSA module integrated.

Split Encoder | Methods THUMOS 14 ActivityNet-1.3
03 04 05 06 07 AVG| 05 075 095 AVG
ActionFormer 40.1 357 285 21.1 116 274|319 199 32 19.6
ActionFormer+TENT [49] | 39.3 35.0 29.0 21.6 13.0 27.6 |32.0 19.5 3.0 19.7
CLIP ActionFormer+EATA [50] | 39.1 34.6 28.6 212 12.8 273 (321 196 3.1 199
ActionFormer+SAR [51] |39.0 34.8 28.6 209 124 27.1 |31.5 19.1 32 194
75% Seen ActionFormer+QOurs 41.1 36.6 29.2 22.1 13.2 28.4 |34.0 221 4.2 21.7
25% Unseen ActionFormer 394 353 29.7 227 143 283|319 204 48 20.7
ActionFormer+TENT [49] | 39.2 353 29.6 233 162 28.7 |339 209 33 208
InternVideo | ActionFormer+EATA [50] | 39.0 35.2 29.5 232 163 28.7 |34.5 21.5 33 213
ActionFormer+SAR [51] | 38.0 34.3 289 222 158 279 [33.0 205 34 204
ActionFormer+Ours 41.6 37.2 31.0 23.7 157 29.8 | 350 221 4.7 22.0
ActionFormer 294 266 223 172 104 21.1 (184 113 09 114
ActionFormer+TENT [49] | 29.5 269 228 175 109 21.5|20.6 12.1 17 124
CLIP ActionFormer+EATA [50] | 28.7 26.1 222 17.1 105 20.9 |20.0 122 1.7 122
ActionFormer+SAR [51] | 28.4 26.1 21.5 162 9.7 204|198 119 16 12.1
50% Seen ActionFormer+QOurs 30.1 27.6 235 182 11.3 221 |21.1 135 27 134
50% Unseen ActionFormer 287 26.1 224 174 11.5 212|209 132 2.8 13.3
ActionFormer+TENT [49] | 29.2 26.7 22.1 17.3 11.2 213|215 127 18 130
InternVideo | ActionFormer+EATA [50] | 28.5 26.1 22.0 17.1 114 21.0|219 130 18 133
ActionFormer+SAR [51] | 27.6 25.1 216 169 11.3 20.5 (209 129 18 13.0
ActionFormer+QOurs 29.3 26.8 230 17.6 11.0 21.5|22.6 146 29 143

localization.

3) Comparison with TTA methods: To comprehensively
evaluate the performance of our method relative to existing
Test-Time Adaptation (TTA) paradigms, we conducted ex-
tensive comparative experiments. We integrated three widely-
used and representative general TTA methods (TENT [49],
EATA [50], and SAR [51]) into the ActionFormer backbone.
The results in Table II consistently show that these general
TTA methods yield only marginal and often unstable perfor-
mance changes compared to the baseline. For example, on
ActivityNet-1.3 with the InternVideo encoder, EATA improved
the average mAP by only within 0.5%, while TENT and SAR
even led to performance degradation. In contrast, our Bi-TSA
achieved a stable, significant gain of 1.3% under the same
conditions. Similar trends were observed across all dataset
configurations.

We attribute this to a fundamental difference in adaptation
objectives: general TTA methods such as TENT are primar-
ily designed for image classification and rely on entropy
minimization or pseudo-labeling. These approaches do not
explicitly model the temporal dependencies that are crucial
for TAL. Conversely, our proposed temporal consistency loss
explicitly enforces cross-segment consistency and reconstructs
historical context, enabling the model to learn transferable
temporal knowledge that is vital for adapting to unseen actions
and refining boundary localization.

4) Comparison with distillation-based methods: To further
investigate the distinction between our method and classi-
cal knowledge distillation [63]-[65], we conduct additional

experiments under the GZS-TAL setting. We introduce two
comparative variants: 1) +TTA-KD. For a fair comparison,
following references [66], [67], we integrate Knowledge Dis-
tillation with Test-Time Adaptation. Specifically, the trained
model serves as both the frozen Teacher model and the initial
state of the updatable Student model. During test-time, the
Student model is updated online by minimizing a composite
loss that combines a knowledge distillation loss (using KL-
divergence to align classification with the Teacher and GloU
loss for boundary regression alignment [68]) and the entropy
minimization loss from TENT [49]. 2) +Ours (KL). To
explore connections with knowledge distillation, we replace
the L2 form of Limp in our Bi-TSA module with its KL-
divergence counterpart, which is a representative loss function
in knowledge distillation.

As the results shown in Table III, the +TTA-KD method
yields marginal improvements, often hovering around the
Baseline. This indicates that while TTA-KD implicitly uses
temporal information through classification and boundary
alignment, it does not explicitly model temporal dependencies.
In contrast, our TSA module explicitly embeds temporal con-
tinuity into parameters via a self-supervised reconstruction of
preceding segments, thereby directly and more strongly lever-
aging the temporal structure of videos for online adaptation.
This allows TSA to better handle the dynamic characteristics
of unseen actions. Furthermore, both the +Ours (KL) variant
and our original method significantly outperform the Baseline.
Notably, +Ours (KL) achieves slightly better performance than
the original method in some settings (e.g., 22.0% — 23.3% on
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TABLE III: Comparison with distillation-based methods on THUMOS14 and ActivityNet-1.3 datasets using ActionFormer.

Split Encoder | Methods THUMOS 14 ActivityNet-1.3
03 04 05 06 07 AVG| 05 075 095 AVG
ActionFormer 40.1 357 28.5 21.1 11.6 274 (319 199 32 196
CLIP ActionFormer+TTA-KD 389 35.0 286 214 13.0 274 |314 190 32 193
ActionFormer+Ours (KL) | 40.2 35.1 28.8 219 13,5 279 (344 220 42 22.0
75% Seen ActionFormer+Ours (L2) | 41.1 36.6 29.2 22.1 132 284 |340 221 42 21.7
25% Unseen ActionFormer 394 353 29.7 227 143 283|319 204 4.8 20.7
InternVideo ActionFormer+TTA-KD 392 353 296 233 162 28.7 |340 21.0 33 209
ActionFormer+Ours (KL) | 41.1 36.3 29.0 22.7 15.0 28.8 |36.6 235 4.8 233
ActionFormer+Ours (L2) | 41.6 37.2 31.0 23.7 157 29.8 |350 221 47 220
ActionFormer 294 26,6 223 172 104 21.1 |184 113 09 114
CLIP ActionFormer+TTA-KD 29.0 26,5 225 173 10.7 212 |19.8 121 1.7 121
ActionFormer+Ours (KL) | 29.6 27.0 23.1 17.8 11.1 21.7 |21.2 13.7 28 134
50% Seen ActionFormer+Ours (L2) | 30.1 27.6 23.5 18.2 11.3 22.1 |21.1 135 27 134
50% Unseen ActionFormer 287 26.1 224 174 11.5 21.2 (209 132 2.8 133
InternVideo ActionFormer+TTA-KD 289 263 22.1 17.1 11.3 21.1 |21.6 127 1.8 13.1
ActionFormer+Ours (KL) | 29.5 264 227 17.8 11.5 21.6 |222 141 2.6 14.1
ActionFormer+QOurs (L2) | 29.3 26.8 23.0 17.6 11.0 21.5 |22.6 146 29 143

TABLE IV: Ablation study on the placement of our Bi-TSA
module. All experiments are performed on the THUMOS14
dataset under the 75%-Seen 25%-Unseen split. (TF) and (DH)
denote applying our Bi-TSA module to the Temporal Fusion
and Detection Head. Best results are in bold.

Bi-TSA  Bi-TSA mAP@IoU
(TF) (DH) 0.3 0.4 0.5 0.6 0.7  AVG
X X 394 353 297 227 143 283
v X 409 366 305 233 155 293
v v 416 372 310 237 157 298

ActivityNet-1.3 under 75%-25% split). These demonstrate the
TSA module’s robustness to the choice of loss function. We
ultimately chose the L2 loss for its computational simplicity
and stability.

E. Ablation Study

1) Effect of Bi-TSA Placement: To investigate the specific
role of our proposed Bi-TSA module, we present a detailed
ablation study in Table IV. All experiments are based on
the ActionFormer framework with InternVideo as the encoder
under the 75%-25% split setting on THUMOS14, comparing
the effects of integrating the Bi-TSA module into the temporal
fusion (TF), the detection head (DH), or both.

Comparing the baseline +Bi-TSA (TF) shows that adding
the Bi-TSA module to the temporal fusion alone improves the
average mAP by 1.0%. This proves that self-supervised learn-
ing at the encoding stage enables the model to actively capture
and adapt to a video’s unique temporal dynamics, providing
more robust and discriminative features for downstream tasks.

The last row shows that integrating Bi-TSA into both
components achieves the best performance with an average
mAP gain of 1.5%, significantly surpassing single-component

TABLE V: Ablation study on loss weight combinations of Bi-
TSA module on THUMOS14 dataset under 75%-Seen 25%-
Unseen split setting using ActionFormer with InternVideo
encoder.

& Ling) B Liemp) mAP@loU
0.3 0.4 0.5 0.6 0.7 AVG
1.0 0 40.9 36.2 29.9 21.9 14.2 28.6
0.8 0.2 41.6 372 31.0 23.7 15.7 29.8
0.5 0.5 41.4 36.9 30.5 23.2 154 29.4
0.2 0.8 40.9 36.2 30.1 23.2 15.0 29.1

applications. This indicates a synergy where the Bi-TSA in
temporal fusion refines robust features from the video, while
the Bi-TSA in detection head further optimizes these features
for boundary prediction, maximizing the model’s overall adap-
tive and temporal modeling capabilities.

2) Effect of Loss Weighting in Bi-TSA Module: To
systematically determine the optimal balance between the
Instance Reconstruction Loss L, and the Temporal Con-
sistency Loss Liemp, We conducted an ablation study on the
THUMOS 14 dataset (75%-seen 25%-unseen split) using the
ActionFormer with the InternVideo encoder. We evaluated the
performance of the Bi-TSA module under several weighting
schemes (a, ). The experimental results in Table V show
that the model achieves optimal temporal localization perfor-
mance (mAP@0.5 = 31.0%) with the weight configuration
(o = 0.8,8 = 0.2). The experiments also reveal that all
dual-loss configurations incorporating the temporal consis-
tency loss significantly outperform the configuration using
only the instantaneous reconstruction loss, and all exceed the
baseline without TSA (mAP@0.5 = 29.7%). This confirms
that instantaneous reconstruction alone captures only local
information, whereas temporal consistency enforces coherence
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TABLE VI: Comparison of different fusion strategies of Bi-
TSA module. All experiments are performed on the THU-
MOS14 dataset under the 75%-Seen 25%-Unseen split setting.

Method mAP@IoU

0.3 0.4 0.5 0.6 0.7 AVG
ActionFormer 394 353 29.7 227 14.3 28.3
Add 40.5 358 294 222 144 285
Max 403 359 300 224 141 28.5
Avg (Ours) 41.6 372 310 237 157 298

TABLE VII: Ablation study on test-time update strategies of
Bi-TSA module at different stages on THUMOS14 dataset
under 75%-Seen 25%-Unseen split setting using ActionFormer
with InternVideo encoder.

Stage Methods mAP@IoU

TABLE VIII: Per-class AP@0.5 comparison of different test-
time update strategies on THUMOS14 dataset under 75%-
Seen 25%-Unseen split setting using ActionFormer with In-
ternVideo encoder. ‘U-A’ and ‘U-B’ denote the two unseen
classes “HammerThrow” and “ThrowDiscus” in THUMOS 14,
while ‘S-A’ and ‘S-B’ denote the two seen classes “Basket-
ballDunk” and “Diving”, under the 75%-25% split setting.

Methods AP@0.5

U-A UB S-A SB
w/o Test-time Update 265 44 695 702
w/ Test-time Update (Cross-Video)  27.4 4.0 67.7 725
w/ Test-time Update (Per-Video) 34.3 6.2 71.3 742

TABLE IX: Ablation study on weight sharing strategies of Bi-
TSA module on THUMOS14 dataset under 75%-Seen 25%-
Unseen split setting using ActionFormer with InternVideo
encoder.

03 04 05 06 07 AVG

w/o Test-time Update 39.7 354 28.3 22.1 13.0
w/ Test-time Update (Cross-Video) 38.2 34.4 28.5 214 13.3
w/ Test-time Update (Per-Video) 40.5 35.8 29.7 22.9 14.3

27.7
27.2
28.6

Mid

w/o Test-time Update 40.0 35.3 28.8 22.7 144
w/ Test-time Update (Cross-Video) 40.9 36.9 30.4 23.0 14.7
w/ Test-time Update (Per-Video) 41.6 37.2 31.0 23.7 15.7

28.2
29.2
29.8

Post

by reconstructing the preceding timestep. By preserving cross-
segment dependencies during adaptation, this loss drives the
model to learn smoother and more generalizable dynamics,
thereby improving action localization performance.

3) Different Fusion Strategies of Bi-TSA Module: A
critical design in the Bi-TSA module is the strategy for
fusing the forward and backward temporal representations. To
identify the most effective approach, we conduct an ablation
study comparing three common fusion operations: element-
wise addition (Add), max-pooling (Max), and average-pooling
(Avg, our method). Experiments are performed on the THU-
MOS14 dataset under the 75%-Seen 25%-Unseen split setting.

The results in Table VI show that the AVG fusion strategy
achieves the best performance, outperforming both Add and
Max across all IoU thresholds, which is attributed to its
inherent property of preserving information from both tem-
poral directions equally. In contrast, the Add strategy tends to
amplify features from one temporal direction, while the Max
strategy may retain only local extremes and overlook relevant
temporal information. Notably, regardless of different fusion
strategies, our method consistently outperforms the original
framework in average mAP. This demonstrates that the Bi-TSA
module strengthens temporal representations and improves the
precision of action boundary localization by integrating both
historical and future temporal information.

4) Effect of Test-Time Update Strategy for Bi-TSA Mod-
ule: To validate the role of test-time adaptation in Bi-TSA,
we conduct an ablation study within the ActionFormer frame-
work on THUMOS14 under the 75%-Seen 25%-Unseen split.
Specifically, we compare three update strategies for Bi-TSA:
(1) No test-time update, where the Bi-TSA module is updated

Method mAP@IoU

03 04 05 06 07 AVG
Shared Weight 393 349 285 219 148 28.0
Non-shared Weight (Ours) 41.6 37.2 31.0 23.7 157 29.8

only during training and remains frozen during inference;
(2) Continuous test-time update across videos, where the
parameter memory W is updated continually over consecutive
test videos; (3) Per-video reset test-time update, our full
method, in which the parameter memory W is reset before
each new test video is processed.

The results in Table VII show that methods with test-time
updating outperform the no-update strategy, highlighting the
necessity of equipping TAL models with online adaptation
mechanisms in realistic open environments, where unseen
actions emerge alongside seen ones and static models struggle
to generalize effectively. Additionally, the per-video reset
update yields a 0.6-point improvement in mAP@0.5 compared
to cross-video updating. Furthermore, we separately analyzed
two seen and two unseen classes in THUMOS14. As shown
in Table VIII, the per-video reset update strategy improves
AP@0.5 by 2-7 points over the cross-video update strategy
on both class types, reaffirming its stronger generalization.
Continuous cross-video updating may introduce cross-video
drift due to variations in appearance and action rhythm
across different videos, which can interfere with modeling
the temporal consistency of the current video. In contrast,
resetting the memory per video enables the model to focus
more effectively on the dynamic patterns of the present video,
thereby better leveraging temporal context for localization and
feature refinement. This ultimately enhances generalization
performance on both seen and unseen classes.

5) Effect of Parameter Sharing in Bi-TSA Module: To
investigate the effect of parameter sharing in bidirectional
modeling, we conducted ablation studies on the THUMOS14
dataset (75%-seen 25%-unseen split) with the ActionFormer
with InternVideo encoder. We compared the Bi-TSA design
with Non-shared weights (our method), where parameters are
separate for each direction, against a parameter-sharing variant
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Fig. 5: The detailed comparison of integrating Bi-TSA module on ActionFormer on THUMOS14 with 75%-Seen 25%-Unseen
split setting, using [69]. Actions are grouped by three characteristics: Coverage (XS: (0,0.02], S: (0.02,0.04], M: (0.04,0.06],

L: (0.06,0.08], XL: (0.08,1.0]); Length in seconds (XS: (0,3],

S: (3,6], M: (6,12], L: (12,18], XL: >18); and the number

of Instances (XS: 1, S: [2,40], M: [40,80], L: >80). (a-b) Left: The normalized mAP at tloU=0.5 under different action
characteristics. (a-b) Right: The relative normalized mAP change at tloU=0.5 with respect to different characteristics of the

ground truth instances.

TABLE X: Complexity comparison with the baseline method
(ActionFormer) on both datasets with InternVideo encoder.
‘mAP’ denotes mAP@0.5 for THUMOS14 and the average
mAP for ActivityNet-1.3.

Dataset Methods Param. Mem. MACs FPS mAP
Baseline 184.0M 8.8G 727G 49 29.70
THUMOS 14
+Ours 200.6M 148G 106.0G 47 31.04
Baseli 1843M 16.6G 6.1G 45 19.60
ActivityNet-13 oo ¢
+Ours 2009M 20.6G  8.8G 40 21.73

of Bi-TSA, in which the forward and backward TSA modules
share the same set of parameters. As shown in Table IX, the
results indicate that the shared-weight Bi-TSA variant leads to
a performance drop of 2.5% in mAP@0.5 (31.0% — 28.5%).
This performance drop suggests that forward and backward
streams capture distinct temporal patterns in videos. Our non-
shared design preserves the flexibility to model bidirectional
dependencies independently, which is crucial for robust tem-
poral adaptation in GZS-TAL.

6) Complexity: To assess the real-world applicability of our
method, we compare the ActionFormer with its corresponding
versions integrated with our Bi-TSA module (denoted as
+Ours) from four aspects. 1) Parameter Count (Param.):
Total trainable parameters of the model. 2) GPU Memory
Usage (Mem.): Peak memory consumption during inference.
3) Computational Complexity (MACs): Number of multiply-
accumulate operations. 4) Frames Per Second (FPS): Infer-
ence speed measured on a single NVIDIA RTX A800 GPU.

Our experiments were conducted on both datasets using the
InternVideo encoder. As shown in Table X, the analysis reveals
that our Bi-TSA module increases the parameter count by less
than 10%, with a commensurate rise in computational load due

to the online parameter updates. Furthermore, after integrating
the Bi-TSA module, the model’s inference speed remains
above 40 FPS. We argue that the significant performance
improvement obtained in return well justifies this overhead.
Our method explicitly considers resource constraints, facilitat-
ing deployment on edge devices. The parameter and memory
overheads are minimal, ensuring practical feasibility. Its plug-
and-play design allows flexible enabling or bypassing, and the
memory update frequency is adjustable. These features make
Bi-TSA a deployable solution suited for open-world scenarios
involving unknown actions.

F. Analysis of Balancing Adaptation and Retention

To quantitatively assess the balance between adaptation and
retention, we follow [69] and disentangle the GZS-TAL results
on THUMOSI14 into two metrics: seen-class mAP (s-mAP),
reflecting knowledge retention from training, and unseen-class
mAP (u-mAP), reflecting generalization to novel categories.
We integrate Bi-TSA into the ActionFormer backbone and
evaluate under the 75%-25% split. As shown in Fig. 5, Bi-TSA
improves u-mAP@0.5 by 2.05% over the baseline, confirming
its ability to dynamically adapt to unseen classes. At the same
time, it raises s-mAP@0.5 by 1.87%, showing that adaptation
is achieved without sacrificing performance on seen categories.
This indicates that Bi-TSA not only alleviates catastrophic
forgetting but also enhances discriminative power for both seen
and unseen classes through stronger temporal modeling.

Beyond average performance, we further evaluate robust-
ness across different action characteristics (coverage, length,
and number of instances) as defined in [69]. As illustrated
in Fig. 5, our method consistently improves results under
all conditions, while exhibiting smaller variances than the
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baseline. This confirms the stability of Bi-TSA across diverse
action scenarios.

V. CONCLUSION

In this work, we have introduced the Generalized Zero-Shot
Temporal Action Localization (GZS-TAL) task, which better
reflects realistic open-world scenarios where seen and unseen
classes co-exist at test time. To address the inherent challenges,
we have proposed the Temporal-Sensitive Adaptation (TSA)
block and its bidirectional extension (Bi-TSA), which enable
test-time parameter updates guided by self-supervised tem-
poral objectives. Extensive experiments on THUMOS14 and
ActivityNet-1.3 have shown that integrating our modules into
existing TAL frameworks has yielded consistent improvements
across backbones and feature encoders. These results suggest
that our approach has the potential to enhance generalization
to unseen classes while retaining robustness on seen ones. We
believe that this work has laid the foundation for exploring
adaptive temporal localization in open-world video under-
standing, and we expect that it can inspire further research
on test-time adaptation mechanisms and more flexible models
for long video analysis.
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