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Abstract

In temporal action localization, the inherent slowness of videos often leads to over-
smoothing when using standard transformer attention mechanisms. A promising solution
is to leverage deformable attention from Deformable DETR. However, due to the lack of
an intuitive temporal feature pyramid, especially in zero-shot settings where features are
extracted from vision-language models, existing methods underutilize Deformable DETR’

s ability to detect short actions, in the same way it benefits small object detection in images.

In this paper, we introduce TP>-DETR, a novel end-to-end framework that integrates
a dedicated Temporal Feature Pyramid Network (FPN) to unlock the full potential of De-
formable DETR for Zero-Shot Temporal Action Proposal Generation (ZS-TAPG). We
explore different FPN variants to better leverage the capabilities of Deformable DETR.
To further ensure efficiency and training stability in the end-to-end system, we design
a shared, lightweight, and multi-scale-aware salient head for early supervision, comple-

mented by auxiliary prediction heads for deep supervision.

iv doi:10.6342/NTU202503736



We conducted experiments on the Thumos14 and ActivityNetl.3 datasets, demon-

strating that TP?>-DETR achieves state-of-the-art performance across most zero-shot split

settings. Notably, it yields particularly significant improvements on Thumos14, which

contains a high proportion of short actions, with average mAP gains of 5.14% and 10.27%

under two common zero-shot split settings. These findings demonstrate the effectiveness

of our design in fully harnessing Deformable DETR for ZS-TAPG.

Keywords: Temporal Action Proposal Generation, Zero-Shot Learning, Deformable

DETR, Feature Pyramid Network, Short Action Localization
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Chapter 1 Introduction

This chapter presents an overview of the thesis, beginning with the research back-
ground and motivation, followed by a summary of the proposed method, and concluding

with an outline of the overall structure.

1.1 Background

In the field of video understanding, Temporal Action Localization (TAL) is a fun-
damental task that aims to identify where and which specific actions occur within long
untrimmed videos. This capability is highly valuable for many real-world applications.
Based on the definition of TAL, it can be naturally divided into two subtasks: proposal
generation, which determines the temporal segments where actions happen, and proposal

classification, which assigns action labels to these segments.

Over the past few years, TAL methods under the closed-set setting [21, 22, 39]
have achieved remarkable progress. However, obtaining temporal annotations for long
untrimmed videos is labor-intensive and expensive, which limits the scalability of fully-
supervised approaches. Meanwhile, recent advances in vision-language models (VLMs)
have demonstrated strong zero-shot classification capabilities, owing to their powerful se-

mantic alignment and transferability. Consequently, Zero-Shot Temporal Action Local-
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ization (ZS-TAL) has gained increasing attention, with most approaches intuitively lever-

aging pre-trained VLMs for the classification subtask.

1.2 Motivation

To model temporal relationships within videos, Transformers have become a com-
mon choice due to their powerful attention mechanism. However, applying standard dense
attention across long sequences of video frames often leads to an over-smoothing prob-
lem. This issue arises because video content typically changes slowly over time, and the
repeated dense attention across similar frames tends to excessively average the features.
As a result, the discriminability at each timestamp is weakened, making it more difficult

to accurately localize action boundaries.

To address this, deformable attention has emerged as a promising solution. It intro-
duces a sparse attention mechanism, originally proposed in Deformable DETR [40] for
object detection, which focuses only on a small set of relevant positions. This sparsity
helps alleviate over-smoothing and has motivated some recent studies [22, 28] to adopt

Deformable DETR as the primary architecture for TAL.

While the existing approaches emphasize deformable attention itself, another key
strength of Deformable DETR lies in its use of multi-scale feature pyramids, which signif-
icantly improve the detection of small objects in spatial domains. However, this advantage
has not been fully leveraged in the temporal domain. This underexplored potential stems
from the fact that videos do not have an explicit and natural downsampling path, unlike
images, which can easily produce multi-scale feature maps through backbone networks

such as ResNet [7]. This challenge is even more noticeable in zero-shot scenarios, where

7 doi:10.6342/NTU202503736



we rely on features extracted from pre-trained vision-language models (VLMs). These
features are typically taken from the final encoder layer and thus provide a flat represen-
tation. Even if intermediate features are accessed at additional cost, they still lack the
hierarchical structure needed to represent different temporal resolutions in a coherent and

interpretable way, making them not well-suited to serve as a temporal pyramid.

It highlights the need for a dedicated temporal feature pyramid network (FPN) that
can effectively simulate a temporal scale hierarchy, allowing Deformable DETR to gener-
alize its advantage in small-object detection to the localization of short actions in ZS-TAL

scenarios.

1.3 Proposed Method

To address the aforementioned limitations and fully unlock the potential of Deformable
DETR in the temporal domain, we propose TP>-DETR (Unlocking Deformable DETR
for Zero-Shot Temporal Action Proposal Generation with Temporal Feature Pyramids),
a novel architecture designed specifically for the proposal generation subtask in ZS-TAL,
which we refer to as Zero-Shot Temporal Action Proposal Generation (ZS-TAPG) for

simplicity.

Building upon the insights above, TP>-DETR is designed with three key design steps
as its main components. First, we design and integrate different temporal FPN variants that
simulate multi-scale temporal structures, drawing inspiration from how spatial pyramids
are built. Second, to enable early supervision, we adopt the use of a salient head following
a prior study [4], but replace the original single-scale CNN-based version with a multi-

scale-aware variant implemented as a unified MLP-based design, which is better suited

3 doi:10.6342/NTU202503736



to operate over the multi-scale format in Deformable DETR. Third, since TP>-DETR 1is
built as an end-to-end system, we further improve its training stability through auxiliary
supervision. Specifically, we apply additional prediction heads to each intermediate de-
coder layer for deep supervision, and reuse the shared salient head on both the encoder and
the temporal FPN outputs to provide stronger early supervision. From a functional per-
spective, these three components can also be simply interpreted as: temporal FPN, deep

supervision, and early supervision.

We evaluate TP>-DETR on two publicly available benchmarks: Thumos14 [9] and
ActivityNet v1.3 [£]. Across almost all zero-shot split settings, our model achieves supe-
rior performance compared to previous work. Especially on Thumos14, which is domi-
nated by short actions, TP>-DETR exhibits particularly significant improvements. These
findings support our original motivation to adapt the strengths of Deformable DETR in
small-object detection and extend them to short-action localization, demonstrating the ef-

fectiveness of our model design in addressing the ZS-TAPG task.

1.4 QOutline of the Thesis

This thesis is organized as follows: Chapter 1 provides an overview, including the
background, motivation, and a summary of the proposed method. Chapter 2 presents
related work on topics relevant to our research, ranging from object detection to the tem-
poral action localization task. Chapter 3 formally defines the problem we aim to solve.
Chapter 4 details our proposed method for addressing this problem. Chapter 5 offers com-
prehensive experimental results to demonstrate the eftectiveness of our approach. Lastly,

Chapter 6 concludes the thesis by summarizing the contributions, discussing current lim-

4 doi:10.6342/NTU202503736



itations, and suggesting directions for future work.
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Chapter 2 Related Work

In this chapter, we review related work that forms the basis of our proposed method.
Section 2.1 introduces object detection approaches, highlighting the transition from earlier
heuristic-based designs to transformer-based models such as DETR and its variants. Sec-
tion 2.2 extends the discussion to the temporal domain by covering recent developments
in Temporal Action Localization (TAL), including both two-stage and one-stage frame-
works. In Section 2.3, we focus on Zero-Shot Temporal Action Localization (ZS-TAL),
and categorize existing methods into training-based and training-free approaches. Lastly,
Section 2.4 discusses a common challenge in transformer-based TAL models, known as
the over-smoothing problem, and reviews several architectural solutions that have been

proposed to address this issue.

2.1 Object Detection

Object detection has long been a fundamental task in computer vision, aiming to de-
tect and classify objects within static images. Earlier approaches such as R-CNN [5] and
YOLO [30] often rely on hand-crafted anchor design and post-processing steps, such as
region proposals and non-maximum suppression (NMS). Due to the limitations of these

heuristic-based designs, the introduction of DETR (DEtection TRansformer) [2] brought

6 doi:10.6342/NTU202503736



about a significant shift in how object detection is formulated. DETR builds upon a trans-
former encoder-decoder architecture and reformulates object detection as a set prediction
problem. It predicts a fixed-size set of objects using learnable queries and establishes
one-to-one assignments with ground-truth annotations via bipartite matching. This design
eliminates the need for handcrafted components and makes the model conceptually simple

and end-to-end trainable.

Owing to its straightforward formulation, DETR has been widely adopted and ex-
tended by a series of follow-up studies. For instance, Deformable DETR [40] introduces
deformable attention modules to reduce computational overhead and speed up conver-
gence, while also improving detection quality, particularly for small objects. Conditional
DETR [24] enhances localization capability and accelerates training by decoupling the
roles of content and spatial queries. DAB-DETR [20] reformulates queries as dynamic
anchor boxes that are iteratively refined to improve both convergence and localization ac-
curacy. DN-DETR [16] further improves training efficiency by incorporating a denoising

strategy that stabilizes the learning process.

2.2 Temporal Action Localization (TAL)

Temporal action localization (TAL) is a key task in video understanding, which aims
to detect and classify human action segments within untrimmed videos. Existing ap-
proaches can generally be divided into two-stage methods [4, 26, 31, 39] and one-stage
methods [10, 19,22, 35]. Two-stage methods separate the process into proposal generation
and proposal classification, often using dedicated modules for each. In contrast, one-stage

methods handle both subtasks jointly within a unified framework.

7 doi:10.6342/NTU202503736



The TAL task is conceptually analogous to object detection. While object detection
focuses on localizing objects in 2D spatial space, TAL localizes actions over 1D temporal
sequences. Due to this structural similarity, many successful ideas from object detection
have been adapted to TAL. In particular, DETR-based [4, 12—14, 22,32, 41] and DETR-
like [33, 34] architectures have been widely adopted in recent TAL research. For example,
TadTR [22] builds directly upon Deformable DETR, while GAP [4] adopts Conditional
DETR for generalizable zero-shot proposal generation, and several other studies propose
improvements upon the vanilla DETR [14, 32, 41]. Other models, such as RTD-Net [33]
and PointTAD [34], follow similar DETR-style decoding and bipartite matching, but de-
viate from standard DETR-based designs by removing the transformer encoder, relaxing
one-to-one matching, or incorporating point-based queries and custom interaction mod-

ules.

2.3 Zero-Shot Temporal Action Localization (ZS-TAL)

Zero-Shot Temporal Action Localization (ZS-TAL) aims to train TAL models on
seen action classes and expects them to generalize to unseen action classes during in-
ference. Most ZS-TAL methods achieve this by leveraging Vision-Language Models
(VLMs), which offer remarkable zero-shot generalization capabilities. Since the emer-
gence of VLMs such as CLIP [29] in 2021, ZS-TAL has attracted increasing attention,

with relevant studies beginning to appear from 2022 onward.

Early research on ZS-TAL primarily focused on training-based methods. However,
as VLMs have continued to evolve in both representation power and generalization ability,

recent efforts have begun to explore training-free approaches. In the following, we review
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relevant studies from both paradigms.

2.3.1 Training-Based Approaches

Similar to general TAL models, training-based ZSTAL methods can be categorized
into two-stage and one-stage frameworks, depending on whether they implement proposal
generation and proposal classification as sequential components or as a unified architec-

ture.

* Two-Stage Methods

A representative study that initiates two-stage training-based ZS-TAL is EffPrompt [ 1 0],
which adopts off-the-shelf detectors such as AFSD [18] and A2Net [37] for pro-
posal generation, and then efficiently adapts CLIP to downstream video understand-
ing tasks through prompting strategies for proposal classification. Building on this
idea, MMPrompt [11] enhances proposal generation by incorporating the optical
flow modality as motion cues, and improves classification through detailed textual

descriptions and visual-conditioned prompts.

A more recent study, GAP [4], focuses specifically on improving the proposal gen-
eration stage. It addresses the issue of incomplete proposals by training with proposal-
level objectives—rather than frame-level ones—through leveraging Conditional
DETR as the primary architecture, and complements the dynamic modeling with
static representations for further refinement. To the best of our knowledge, GAP
achieves state-of-the-art performance in the ZS-TAL literature and is the most sim-
ilar to our approach in terms of DETR-based architectures and proposal generation,

serving as a key methodological reference in our work.

9 doi:10.6342/NTU202503736



* One-Stage Methods

A pioneering one-stage training-based ZS-TAL method is STALE [26], which jointly
performs proposal generation and classification through parallel branches. It intro-
duces a class-agnostic representation masking mechanism and employs a consis-
tency loss to align the two streams. UnLoc [36] adopts a unified architecture with
two parallel prediction heads for proposal generation and classification. It further
enhances the network with a feature pyramid and an early video-text fusion mod-
ule to inject language priors during proposal decoding. ZEETAD [28] improves
the one-stage framework in several aspects, such as replacing text prompt tuning
(TPT), as used in STALE and EffPrompt, with an adapter-based module, and incor-
porating Deformable DETR to better handle ambiguous temporal boundaries during

proposal generation.

2.3.2 Training-Free Approaches

With the increasing expressiveness of VLMs and the goal of avoiding bias introduced
by the training process, training-free approaches have started to gain attention in recent ZS-
TAL research. T3AL [17] aligns visual and textual embeddings using CLIP or CoCa [3§]
to obtain video-level pseudo labels, applies test-time adaptation via self-supervised projec-
tors, and uses a captioning model (e.g., CoCa) to perform text-guided region suppression
as post-processing. ZEAL [1] prompts a Large Language Model (LLM), such as GPT-
4 [27], to expand action class names into detailed descriptions, which serve as queries for
a Large Vision-Language Model (LVLM). The LVLM generates frame-level confidence
scores, while CLIP is used to reduce the search space. FreeZAD [6] replaces general

similarity scores from CoCa with the LogOIC score to enable more stable boundary eval-
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uations, and integrates frequency-based signals to calibrate actionness for more reliable

ranking in the final localization outputs.

Overall, although training-free approaches currently underperform compared to training-
based methods, they highlight the promising potential of VLMs in enabling ZS-TAL with-

out requiring any additional training.

Methodological Positioning

Our proposed method belongs to the category of two-stage training-based approaches
and shares a similar problem formulation with GAP [4]. Specifically, we focus on the
proposal generation stage of ZS-TAL, which we refer to as Zero-Shot Temporal Action
Proposal Generation (ZS-TAPG) for simplicity, and similarly build upon a DETR-based

architecture.

2.4 Over-smoothing in Transformer-based Architectures

for TAL

Transformer-based architectures have become a popular choice in TAL tasks due to
their effectiveness in modeling long-range temporal dependencies. These structures are
also employed in DETR-based or DETR-like models, as previously mentioned. How-
ever, applying the standard transformer attention mechanism to video data introduces a
significant challenge: over-smoothing. This issue arises because standard attention uses
dense aggregation, incorporating information uniformly across all time steps. At the same

time, video features typically exhibit high temporal redundancy due to the slow-changing
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nature of visual content. When these two factors interact, the resulting features tend to
become overly homogenized. Over-smoothing reduces the discriminability of features at
each time step, blurs temporal boundaries, and hinders precise action localization, espe-

cially for short or rapidly changing actions.

To address this problem, recent DETR-based methods in TAL have proposed archi-
tectural modifications aimed at revising or replacing standard attention mechanisms. Tran-
ZAD [25] and RTD-Net [33] replace the transformer encoder with a multi-layer perceptron
(MLP) structure in order to reduce feature mixing and preserve temporal distinctiveness.
TadTR [22] and ZEETAD [28] utilize Deformable DETR as their primary architecture to
specifically leverage the deformable attention mechanism, which is a form of sparse atten-
tion that selectively attends to informative regions instead of treating all positions equally,
as in standard dense attention. TadTR is applied to fully-supervised TAL, while ZEETAD
targets the zero-shot setting. ReAct [32] extends a similar concept by introducing a rela-
tional attention mechanism that allows the model to selectively attend to relevant action

queries and preserve their discriminability.
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Chapter 3 Problem Statement

In the field of video understanding, Temporal Action Localization (TAL) is an impor-
tant task to find meaningful segments from untrimmed videos. Because obtaining precise
annotations is both time-consuming and expensive, we often only have a limited amount of
labeled data available. With this constraint and the emergence of powerful vision-language
models (VLMs), Zero-Shot Temporal Action Localization (ZS-TAL) has received increas-
ing attention, which tries to detect and classify action instances in untrimmed videos with-
out requiring any annotated examples from the target action categories. This task can be
naturally decomposed into two sub-tasks: (1) Temporal Action Proposal Generation
(TAPG), which focuses on accurately localizing candidate segments that may contain ac-
tions of interest, and (2) Zero-Shot Proposal Classification, which aims to assign correct

semantic labels (i.e., target action category names) to those segments.

Recent advances in VLMs, such as CLIP [29], have demonstrated remarkable capa-
bilities in zero-shot classification by aligning visual embeddings with target text embed-
dings, offering an intuitive and effective off-the-shelf solution for the second sub-task.
As a result, we consider that the primary bottleneck of ZS-TAL lies in the first sub-task,
which we refer to as ”Zero-Shot Temporal Action Proposal Generation (ZS-TAPG)”

for simplicity.
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Unlike fully-supervised settings, where proposal generation can be guided by similar
seen action instances, ZS-TAPG must rely on class-agnostic cues such as visual transitions
or learned temporal priors, and then generalize to generate proposals for unseen actions.
Discovering potential action instances is already challenging, let alone increasing the qual-
ity (i.e., precision) of the generated proposals. To address this challenge, we investigate
how to further enhance existing methods to improve the quality of generating temporal

action proposals under the zero-shot setting.

In the following section, we formally define the ZS-TAPG task and the notations used
throughout this work. For completeness, we also include the definition of its parent task,

ZS-TAL, which provides helpful context for understanding the broader problem.

3.1 Problem Defintion

3.1.1 ZS-TAL

We begin by introducing the overall ZS-TAL task, from which ZS-TAPG is derived.

Goal:

Given an untrimmed video V' labeled with a set of action instances Y = {t;, ¢;}i=1*",

%

=N, ..
i— . that maximizes the

the model aims to predict a set of action instances ¥ = {t;, ¢}

evaluation metric E(Y,Y).
Input:
An untrimmed video V'

Output:
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A set of action instances Y’

Training /¥ — Model & }Af@ Y's

Inference |/ % — Model g8 — }A/'u b Yy u

Figure 3.1: Overview of Zero-Shot Temporal Action Localization (ZS-TAL). During
training, the model is supervised using seen videos V'® and their action instance annotations
Y. During inference, it predicts action instances Y“ on unseen videos V*, which are then
evaluated against Y using the metric .

3.1.2 ZS-TAPG

In this work, we focus exclusively on the first sub-task—Zero-Shot Temporal Ac-
tion Proposal Generation (ZS-TAPG). Since classification is not the target of our study,
we do not rely on action category labels ¢; during training or inference. Instead, the model
estimates an actionness score a;, which reflects the confidence or foreground probability
of a segment containing any action (class-agnostic). These scores are then used to select

and rank the final output proposals.
Goal:

Given an untrimmed video V' that is labeled with a set of action proposals P =
{ti,a; = 1}22?“ , the model aims to predict a set of action proposals P = {{;, di}z:j[q that

maximizes the evaluation metric E(P, P).
Input:
An untrimmed video V'

Output:
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A set of action proposals P
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Figure 3.2: Overview of Zero-Shot Temporal Action Proposal Generation (ZS-
TAPG). During training, the model is supervised using seen videos V'* and their action
proposal annotations P°. During inference, it predicts action proposal annotations P on
unseen videos V'*, which are then evaluated against P* using metric £.

3.2 Notation

* V: An untrimmed video consisting of a sequence of frames or snippets, with each

snippet containing multiple consecutive frames.
* Ng: The number of ground-truth action instances in the video V.
* N,: The number of learnable queries used to generate predictions.

« t; = (t7,t5): The start and end timestamps of the i-th action instance/proposal.

1771

* ¢;, ¢;: The action category of the i-th ground-truth or predicted instance, where ¢; €

C* (seen) during training and ¢; € C" (unseen) during inference.

* a;, d;: The actionness score of the i-th ground-truth or predicted proposal, reflecting
the confidence or foreground probability of a segment containing any action. Since

ground-truth proposals must contain actions, a; = 1 for all s.

* Y = {(t;, ¢;) }: Ground-truth annotations for action instances.

A

* Y = {(t;,¢)}: Predicted action instances.
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* P ={(t;,a; = 1)}: Ground-truth annotations for action proposals.

~

« P ={(t;,a,)}: Predicted action proposals.

* E(-,-): The evaluation metric that measures task performance. In ZS-TAPG, it

reflects the quality of generated proposals.
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Chapter 4 Methodology

In this chapter, we introduce our proposed architecture for Zero-Shot Temporal Ac-
tion Proposal Generation (ZS-TAPG), which integrates a temporal feature pyramid net-
work with Deformable DETR [40] in an end-to-end manner. Our approach aims to en-
hance the localization of actions, especially short actions, by leveraging the strengths of

Deformable DETR in handling small objects.

For better understanding in the following sections, we first briefly review DETR-

based architectures and discuss their relevance to the temporal domain.

4.1 Background

4.1.1 DETR and Deformable DETR Overview

DETR [2] reformulates object detection as a set prediction problem using trans-
formers. Specifically, it is characterized by using a small set of learnable object queries
Q= {q,—}iﬁvf‘, where N, denotes the number of learnable queries, to remove the need for
hand-crafted anchor design, as required by approaches like R-CNN [5]. It also adopts a
bipartite matching technique via the Hungarian algorithm [15] to eliminate the need for

manual post-processing such as non-maximum suppression (NMS) for dealing with near-
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duplicates. However, DETR suffers from slow convergence and difficulty in handling
small objects. Deformable DETR was then proposed to address these limitations by intro-
ducing sparse attention (i.e., deformable attention) and incorporating multi-scale features,

which significantly improve detection performance, especially for small objects.

4.1.2 From Small Objects to Short Actions

In the temporal domain, short actions can be seen as analogous to small spatial ob-
jects. However, most existing methods using Deformable DETR in TAL focus mainly on
addressing the over-smoothing problem caused by dense attention, while overlooking its
potential in improving the localization of short actions, which motivates us to explore how
to better integrate Deformable DETR with appropriate temporal feature pyramid network

(FPN) structures to enhance performance on the ZS-TAPG task.

4.2 Model Overview

The overall architecture of our proposed method is illustrated in Figure 4.1. Given
an input video, instead of extracting frame-wise features, we use snippet-wise features
obtained from the visual encoder of CLIP [29] for better computational efficiency. These
features are then passed through a Temporal Feature Pyramid Network (Temporal FPN),
which serves as the backbone to generate multi-scale temporal representations. The result-
ing features are encoded by a Deformable Transformer Encoder and subsequently decoded
by a Deformable Transformer Decoder with a set of learnable object queries. These queries
are propagated through the decoder layers to produce output embeddings, which are then

passed through prediction heads (i.e., bounding box and actionness heads) to predict pro-
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Figure 4.1: Model Overview. Given an input video, snippet-wise features are extracted
using the CLIP visual encoder. These features are processed by a Temporal Feature Pyra-
mid Network (Temporal FPN) to produce multi-scale temporal representations, which are
then encoded and decoded by the Deformable Transformer. The model generates action
proposals through prediction heads, while auxiliary salient and prediction heads are added

to support stable end-to-end learning.

posal segments and their corresponding actionness scores. Throughout the pipeline, auxil-

iary salient heads and prediction heads are incorporated to stabilize training and encourage

multi-scale temporal reasoning.

Our model introduces the following key components:

1. Temporal Feature Pyramid Network (Temporal FPN): Inspired by spatial FPNs

in object detection, we construct a temporal pyramid to enhance feature representa-

tion across different temporal resolutions. This structure is designed to better sup-

port Deformable DETR for short action localization. (Detailed in Section 4.3)

2. Multi-Scale Aware Salient Head: To complement the multi-scale design of the

Deformable DETR architecture, we propose a lightweight salient head that oper-

ates on the encoder output. This head is aware of multiple temporal scales and

provides early foreground-background discrimination as an auxiliary supervision

signal. (Detailed in Section 4.4)
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3. Auxiliary Supervision for Stable Training: We introduce auxiliary heads on both
the Temporal FPN outputs and intermediate decoder layers to provide deep super-
vision signals, which help stabilize the end-to-end training process. (Detailed in

Section 4.5)

In the following sections, we will delve into each of the proposed components.

4.3 'Temporal Feature Pyramid Network

4.3.1 Motivation

We propose to build a temporal feature pyramid to fully exploit multi-scale capability

of Deformable DETR, particularly for improving the localization of short actions.

In object detection, images naturally allow for multi-scale feature maps through back-
bone networks such as ResNet [ 7], where features from the last few layers provide a spatial
pyramid with increasing semantic abstraction and receptive field. However, videos do not
have such an intuitive temporal downsampling path. Especially in ZS-TAL or ZS-TAPG,
it is common to use vision-language models (VLMs) such as CLIP to extract frame-wise
or snippet-wise features, which are typically pre-extracted and come from the final en-
coder layer. These features lack intermediate representations and therefore do not form
a natural temporal hierarchy as ResNet does for images. Even if intermediate features
are extracted from VLMs, they are not structurally aligned or semantically organized in
a way that supports temporal resolution hierarchy, making them infeasible or unsuitable
for direct use as a temporal pyramid. As a result, these limitations highlight the need for

a dedicated temporal feature pyramid network design.
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4.3.2 Observation from Spatial FPN in Object Detection
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Figure 4.2: Spatial FPN used in Deformable DETR.

Before developing our temporal FPN, we first revisit the key observations from spa-

tial feature pyramids in object detection and explore how these ideas can be extended to the

temporal domain. In object detection, spatial FPNs are typically built using feature maps

from the last few layers of ResNet, specifically C3 to CS5, and further processed through

convolution layers to align the feature dimensions (Figure 4.2). These multi-scale feature

maps are expected to have the following properties:

1. Hierarchical Resolution: Each layer captures features at a different spatial resolu-

tion, allowing the model to handle objects of different sizes.

2. Larger Receptive Field: Due to stacked convolution layers and downsampling,

even with the same kernel size for each layer, higher layers obtain a larger receptive

field.

3. Increasing Semantic Abstraction: As we move from C3 to C5 (and to projected

C6), not only does the resolution decrease, but the semantic level of features also

increases, as deeper convolutional layers capture more high-level semantics.
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4. Complementary Across Scales: Lower layers preserve fine-grained localization,
while higher layers provide coarser localization but stronger semantic context. Com-

bining features from different scales helps improve detection performance.

4.3.3 Temporal FPN Variants

Inspired by spatial FPN, we explore three types of variants to build Temporal FPN:

Direct Downsampling, CNN-based Design, and Transformer-based Design.

4.3.3.1 Direct Downsampling

% 1)

|
410

Figure 4.3: Illustration of the Direct Downsampling variant in the Temporal FPN. The
yellow region indicates an action instance located within a temporal span.

The simplest way is to downsample the video feature sequence directly, level by level,
thus forming a trivial pyramid of resolutions (see Figure 4.3). Although this variant does
not enlarge the receptive field or enhance semantic abstraction, we still explore it due to
the nature of our input features. Specifically, following prior methods [10, 26], we adopt
the visual encoder F;, of CLIP to extract video representations. Given the frames of video

V', we obtain feature sequences as

X =F,(V) e RT™*¢, (4.1)

where 7" denotes the number of timesteps and C' is the feature dimension. Since these fea-

tures are already high-level representations extracted by CLIP, we hypothesize that apply-
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ing additional transformations (e.g., convolutions) might potentially disrupt the original
temporal structure or introduce unnecessary noise. This assumption motivates us to evalu-
ate whether a minimal, structure-preserving design could be sufficient. For each pyramid
level [ we obtain

X' =] (X1 e RT'*C, (4.2)

where | (-) denotes nearest-neighbor downsampling with a fixed rate % =2.

4.3.3.2 CNN-based Design

In this variant, we follow a concept similar to that used in the construction of spatial
FPNs. Specifically, we build a temporal feature pyramid by applying convolution-based

operations with downsampling at each level, as illustrated in Figure 4.4.

kernel

Figure 4.4: Illustration of the CNN-based Design variant in the Temporal FPN.

The basic CNN-based design mimics the standard pyramid construction in image-
based backbones such as ResNet. By applying one-dimensional convolutions with a stride
of 2, we downsample the temporal resolution while simultaneously expanding the recep-
tive field. This hierarchical structure naturally provides complementary semantics across
scales. Formally, starting from the initial video features X, at the pyramid level [ we
obtain

X' = LN(Conv(X'™)) € RT'*€ (4.3)
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where T! = T'~1 /2, and LN(+) denotes Layer Normalization.
Enhanced Version

The enhanced CNN variant is inspired by TriDet [3 | ], which proposes a Transformer-
like CNN architecture featuring a Scalable-Granularity Perception (SGP) block. This
block incorporates both global context and local receptive fields to enhance feature dis-
criminability. Since we specifically leverage Deformable DETR for its ability to preserve
discriminability through deformable attention, we hypothesize that reinforcing this trait
within the temporal FPN could lead to a synergistic effect. As a result, we adopt the
SGP-based design from TriDet to construct an enhanced version of the temporal pyramid.

Formally, for each pyramid level /, we obtain

X' =SGP(LN(X'™1) + X1, (4.4)
X! = FFN(GN(X!) + X1, (4.5)
X' =] (X e RT*C, (4.6)

where | (-) denotes max-pooling downsampling, FFN(+) is a feed-forward network, and

GN(-) indicates Group Normalization.

4.3.3.3 Transformer-based Design

Similar to the CNN-based design, we also build a transformer-style temporal feature
pyramid. In CNNs, local operations are done through convolutional kernels. In trans-
formers, this role is naturally taken by local window self-attention, i.e., Local Multi-Head

Self-Attention (Local MHSA), as shown in Figure 4.5. Specifically, we adopt a temporal
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FPN architecture based on the Local MHSA mechanism used in ActionFormer [39].

local window

Figure 4.5: Illustration of the Transformer-based Design variant in the Temporal FPN.

Although our design is inspired by ActionFormer, we make several modifications
to better suit the ZS-TAPG setting. Since our input features X are already high-level
CLIP-encoded representations, we eliminate the depthwise convolutions and normaliza-
tion layers that are originally applied at the beginning of each pyramid level. In addition,
instead of using additional strided convolutions, we simply apply nearest-neighbor inter-
polation for downsampling. We make these adjustments to retain the original temporal
structure and avoid introducing unnecessary transformations that might distort the feature

semantics. Formally, for each pyramid level [, we obtain

X! = o/LocalMHSA (LN(X'™1) + X!=1), 4.7
X' = a'FFN(LN(X") 4+ X1, (4.8)
X! =] (X') e RT'*C, (4.9)

where | (-) denotes nearest-neighbor downsampling with a fixed ratio of 7'~ /T" = 2.
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4.4 Multi-Scale Aware Salient Head

4.4.1 Motivation

The use of a salient head in ZS-TAPG was proposed in GAP [4], which applies it on
top of the transformer encoder output to predict the foreground probability (i.e., action-
ness) for each timestamp in a video. The objective is to provide an early supervision signal
for the final proposal generation task. If the model can effectively distinguish foreground
from background, it is more likely to localize the action segments, which correspond to

the start and end timestamps of proposals. The overall process is illustrated in Figure 4.6.

| I | |
HEEEE OO NN (NN EEE salient gt

early supervision

i salient logits

salient head

Figure 4.6: Illustration of the salient head. Ground-truth action segments (outlined)
produce a binary mask (salient gt, foreground = 1, background = 0). The salient head
outputs per-timestamp scores (salient logits), which are compared to salient gt to com-
pute the salient loss for early supervision.

4.4.2 Salient Head Types

4.4.2.1 CNN-based

In the original GAP design, the salient head is composed of 1D convolutional layers.
Since GAP is built upon Conditional DETR instead of Deformable DETR, it only supports
single-scale features as input. To make the salient head multi-scale aware, we extend this
design by applying one salient head per scale. Each output is upsampled to a common

temporal resolution, followed by a fusion step.
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This CNN-based design benefits from improved temporal smoothing due to its ability
to incorporate neighboring context, which helps reduce oscillations in predictions. How-
ever, making it multi-scale aware introduces computational overhead due to the stacked
per-scale heads. Moreover, the manual fusion step may not be optimal for integrating

multi-scale information.

4.4.2.2 Unified MLP-based

To alleviate the limitations of the CNN-based design, we propose a unified MLP-
based salient head, as presented in Algorithm 1. Specifically, we replace convolutional
layers with an MLP. Although MLPs are less capable of modeling local temporal con-
text, they better preserve sharp boundary predictions because each neuron operates in-
dependently across timestamps. This property is particularly beneficial for short action

proposals that require high boundary precision.

We concatenate the multi-scale features along the channel dimension and feed them
into the MLP, allowing it to learn how to integrate different scale representations per times-
tamp. This design eliminates the need for manual fusion as in the CNN-based method.
Additionally, the unified MLP head is more lightweight and better aligned with the output

of the deformable encoder, making it more compatible in practice.
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Algorithm 1 Unified MLP-based Salient Head

Input: Concatenated multi-scale features X = Concat({ X'}~ ,), where X' € RT'*¢

Output: Salient logits S € RT*!

Parameters: Wy, b;, W5, by are weights and biases of two linear layers

1: Xpa < Flatten(X) > Concat along channel dimension, Xg, € R7*(C)
2: H < ReLU(Xqy - Wi + by) > Cross-scale integration, H € RT*¢
3. S« H-Wsy+ b > Generate salient logits, S € RT*!
4: return S

4.5 Auxiliary Heads for Stable End-to-End Learning

4.5.1 Motivation

In our current setup, the primary prediction heads (i.e., the bounding box head and the
actionness head) are only used on the final output of the deformable transformer decoder.
The salient head is used on the encoder output. However, since our model is designed to
be an end-to-end system, this setup does not fully constrain the entire learning process.
To improve training stability, we add several auxiliary heads. Specifically, we place the
salient head on the output of the temporal FPN, and we also add prediction heads to each

intermediate decoder layer.

4.5.2 [Early Supervision on Temporal FPN

To help the model learn better features in the temporal FPN stage, we apply the salient
head directly on its output. This provides early supervision signals, just like how we
supervise the encoder output. Because the purpose is the same, we reuse the same shared

multi-scale aware salient head introduced in the previous section.
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4.5.3 Deep Supervision on Decoder Layers

To make the training process more stable and efficient, we adopt a common strategy
in transformer-based models by applying deep supervision. Concretely, we add indepen-
dent auxiliary prediction heads to each intermediate decoder layer. This helps the model
receive more direct gradient feedback at different stages of the decoder and improves

overall learning quality.

4.6 Training

4.6.1 Bipartite Matching

In DETR-based models, bipartite matching via the Hungarian algorithm is a key com-
ponent that enables one-to-one assignment between learnable queries and ground-truth

instances. This design eliminates the need for hand-crafted post-processing.

Specifically, we assume the number of learnable queries NV, is larger than the number
of ground-truth proposals Ny in a video. As a result, unmatched queries are assigned
to (). Because of the analogy between object detection and temporal action localization,
and to maintain consistency with the formulation of DETR, we represent temporal action
proposals—defined by their start and end timestamps ¢; = (7, t¢)—using the notation b,,
following the convention of bounding boxes in object detection. The optimal assignment
7 1s determined by minimizing the matching 10ss Laech, Which is computed based on the
temporal boundaries (i.e., b; = (t7,t5)) and the actionness score (i.e., a;) of each proposal

predicted by the primary prediction heads (i.e., the bounding box head and the actionness
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head):

Ng
T = arg rrgnz Linate (Pis Dr(i)) (4.10)

=1

Lmatch(piaﬁw(i)) = ﬂ{ti;aé@}[a : Lbbox + ﬁ : Lactionness]

= ﬂ{tﬁé@}[am : LLl(bia Bw(i)) + Qurou - LtloU(bia I;ﬂ(i)) + 8- Lfocal(aia dw(i))]-
4.11)

box, no box, no
- FG object FG object

1 1@

Figure 4.7: Illustration of bipartite matching.

4.6.2 Training Objectives

Given the one-to-one assignments from bipartite matching, we can define the over-
all training objective. The total loss consists of contributions from all prediction heads,

including the bounding box heads, actionness heads, and salient heads:

L= )\bbox : Lbbox + Aactionness . Lactionness + )\salient . Lsalient- (412)

Here, Lypox and Lactionness are computed from all decoder layers as follows:

Ngec Nq
Livox = > Lia(biisbiegiy) + Luou(bui: by (4.13)
=1 i=1
Niec Nq
Lactionness = Z Z Lfocal<al,ia &l,rr(i))- (4 14)
=1 i=1
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The salient 10ss Lggjient 1S calculated from both the temporal FPN and the transformer en-

coder outputs as

T
Ltient = — Z Lgcg(my, Sfpn) + Lpce(my, s7°°), (4.15)

t=1

where Appox, Aactionnesss Asalient ar€ Weighting factors to balance each component.

4.7 Inference

During inference, we simply forward the video features through the network to obtain

the predicted proposals, i.e., P= {t;, di}ﬁjvq, where each proposal consists of a predicted
timestamp and its corresponding actionness score, generated by the learned bounding box

head and actionness head.

It is important to note that the salient head (used for early supervision) and the aux-
iliary prediction heads (i.e., the intermediate bounding box and actionness heads for deep

supervision) are only employed during training and are omitted during inference.

To clearly illustrate the structural differences between training and inference stages,
we provide two diagrams in Figure 4.8 and Figure 4.9. During training, auxiliary mod-
ules such as salient heads and intermediate prediction heads are enabled to provide both
early and deep supervision, with bipartite matching used to align predictions with ground
truth for loss computation. In contrast, the inference stage disables these components and

directly utilizes the outputs from the final decoder layer for proposal generation.
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Figure 4.9: Illustration of inference pipeline.
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Chapter S Experiments

This chapter details the experimental evaluation of our proposed TP?>-DETR for ZS-
TAPG, a subtask of ZS-TAL. We begin by introducing the datasets, evaluation metrics,
and implementation details. We then present the main results in comparison with prior
work, followed by an ablation study analyzing the temporal FPN choices and design, the
salient head, the contribution of each component, and qualitative visualizations highlight-

ing improvements, especially for short actions.

5.1 Datasets

We evaluate our model on two publicly available benchmarks: Thumos14 [9] and

ActivityNet1.3 [&].

5.1.1 Thumosl14

The Thumos14 (Thumos 2014) dataset contains 413 untrimmed videos with temporal
annotations across 20 action classes. It provides 200 validation videos (approximately 6
hours) and 213 test videos (approximately 6.5 hours). The videos are relatively short,
ranging from a few seconds to a few minutes, with around 15 action instances per video

on average. Following prior work, we use the validation set for training and the test set
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for inference in our experiments.

5.1.2 ActivityNetl.3

The ActivityNetl.3 (ActivityNet v1.3) dataset consists of 19,994 untrimmed videos
collected from YouTube, covering 200 action categories. It includes 10,024 training videos
(648 hours) and 4,926 validation videos (127 hours). Unlike Thumos14, ActivityNetl.3
videos are longer, typically between 5 to 10 minutes, with an average of 1.5 action in-
stances per video. Following prior work, we use the training set for training and the vali-

dation set for inference in our experiments.

5.1.3 Zero-Shot Split Settings

To evaluate our model under zero-shot scenarios, we adopt two commonly used split

settings from existing methods [4, 10, 26].

1. 75/25 Split: 75% of the action categories are used for training, and the remaining

25% are used for testing.

2. 50/50 Split: 50% of the action categories are used for training, and the remaining

50% are used for testing.

For both settings, we report the final performance as the average over 10 different combi-

nations (i.e., split_ids), as depicted in Figure 5.1.
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Figure 5.1: Illustration of zero-shot split settings. The left diagram shows the 75/25
split, and the right diagram shows the 50/50 split. Each row denotes one possible train/
test split (i.e., split_id). Each square represents an action category.

5.2 Evaluation Metrics

In our work, we use mean Average Precision (mAP) under multiple temporal Inter-
section over Union (tloU) thresholds as the main evaluation metric, a standard criterion for
measuring proposal quality for temporal action localization. Typically, mAP is reported
in the format mAP@|[lowest:step:highest], indicating the average of Average Precision
(AP) values over multiple specified tloU thresholds. To obtain each AP, we first sort
all predicted proposals by their confidence scores (i.e., actionness score), and then match
them to ground-truth segments based on the given tloU threshold. After that, we compute

the precision-recall (PR) curve and calculate the area under the curve as the AP.

In the general setting, AP is usually computed for each class independently, and the
final mAP is averaged over all classes and thresholds. However, our model follows a
two-stage design for zero-shot temporal action localization, where the final classification
is handled by vision-language models (VLMs). As a result, we intentionally design the
proposal generation stage to be class-agnostic, where the model only predicts whether a
segment is likely to contain any action (i.e., foreground), regardless of its semantic cat-
egory. This design simplifies the proposal evaluation while remaining consistent with

standard mAP computation practices, as illustrated in Algorithm 2.
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Following the standard protocols [19], we adopt the following evaluation settings:

* Thumos14: mAP@[0.3:0.1:0.7]

Averaged over 5 tloU thresholds: {0.3, 0.4, 0.5, 0.6, 0.7}.

« ActivityNet1.3: mAP@[0.5:0.05:0.95]

Averaged over 10 tloU thresholds: {0.5, 0.55, ..., 0.95}.

Algorithm 2 Class-Agnostic mAP Computation for Proposal Generation
Input:

G': Ground-truth proposals across all videos
P: Predicted proposals with actionness scores (i.e., confidence scores)
T': Set of tloU thresholds
Output:
mAP: Mean Average Precision across all tloU thresholds

foreach threshold ¢;,;y in T do

Sort P by actionness score in descending order
Initialize empty set matched_gt to store matched ground truths

foreach prediction p in P do

if exists g € G in same video s.t. ¢ & matched_gt and IoU(p, g) > t;,y then

Mark p as True Positive (TP)
Add g to matched gt

end

else
Mark p as False Positive (FP)

end

end

Compute precision and recall from TP/FP labels

Compute AP,, , as area under Precision-Recall curve

end

Compute mAP = ;15 3%, AP,
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5.3 Implementation Details

For data preparation, to ensure fair comparison with existing methods [4, 10, 26], we
adopt the visual encoder from pre-trained CLIP [29] (ViT-B/16) to extract video features
with per-timestep feature dimension C' = 512. In our design, we choose to use a snippet,

which aggregates 8 consecutive frames, as the timestamp unit for efficient computation.

For the temporal FPN, we set the number of pyramid layers to 4. The window size
for Local MHSA is set to 9 for Thumos14 and 17 for ActivityNetl.3. Regarding the
Deformable DETR [40], we use 3 encoder layers and 5 decoder layers for Thumos14,
and 2 encoder layers and 3 decoder layers for ActivityNetl.3. The number of reference
points for the encoder and decoder is set to 4/4 for Thumos14 and 4/6 for ActivityNetl1.3.
The number of queries is set to 40 and 30, respectively. Both the proposal generation
heads (i.e., the bounding box head and the actionness head) are implemented using fully

connected (FC) layers.

We use the AdamW [23] optimizer with a learning rate of 2 x 107° for the temporal
FPN and 1 x 10~ for the Deformable DETR. A multiplier of 0.1 is applied to the linear
projection layers responsible for predicting reference points and sampling offsets. The
weight decay is set to 1 x 10~*. We train with a batch size of 16 for 35 epochs, using a

StepLR scheduler with a decay step at epoch 30.

Key hyperparameters for bipartite matching (Eq. 4.11) are ap,y = 5, a0 = 2, and
B = 2. The loss weights (Eq. 4.12) are Xppoz 11 = 9, Avbow tiol = 25 Aactionness = 2
and Aqien: = 3 for Thumos14 and 2 for ActivityNetl.3. Our method is implemented in

PyTorch and all experiments are conducted on a NVIDIA RTX 4070 GPU.
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5.4 Main Results

Table 5.1: Comparison with state-of-the-art ZS-TAL methods on Thumos14 under
two zero-shot splits. AVG refers to the standard average mAP (%) metric computed
across loU thresholds [0.3:0.1:0.7], following the common evaluation protocol for Thu-
mos14. TP2-DETR achieves state-of-the-art performance in both the 75/25 and the more
challenging 50/50 splits, significantly outperforming existing methods. All methods use
CLIP (ViT-B/16) with RGB frames only, without incorporating optical flow. TP>-DETR
denotes our final and best-performing model, which adopts the Transformer-based design
for the temporal feature pyramid. For consistency, mAP values from prior methods origi-
nally reported with only one decimal place have been padded with trailing zeros to retain
two decimal places.

mAP@tloU
03 04 05 06 07 AVG
TadTR [22F | 3049 2661 2198 1653 11.08 21.34
EffPrompt [10] | 39.70 31.60 23.00 1490 7.50 23.30
STALE [26] | 40.50 32.30 23.50 1530 7.60 23.80
75% Seen | ZEETAD [28]% | 4730 -~ 2970 - 1150 29.70
25% Unseen | GAp [4] 52.30 4420 32.80 22.40 12.40 32.90
GAP [4]t | 43.63 3448 2475 1490 7.50 24.86
GAP [4]f | 52.50 42.69 3078 1871 9.00 30.72
TP-DETR | 57.81 49.36 38.80 27.91 16.34 38.04
TadTR [22]F | 28.82 2422 1891 13.41 841 1876
EffPrompt [10] | 37.20 29.60 21.60 14.00 7.20 21.90
STALE [26] |38.30 30.70 21.20 13.80 7.00 22.20
50% Seen GAP [4] | 4420 36.00 27.10 15.10 8.00 26.10
S0% Unseen | GAp [4]t | 3738 29.39 2086 1289 6.03 21.36
GAP [4]! | 50.00 40.06 28.64 17.08 8.04 29.11
TP>-DETR | 55.95 47.82 37.34 25.89 14.84 36.37

Split Method

T reproduced ¥ w/o class logits ¥ w/o extra information (i.e., optical flow) fully-supervised

5.4.1 Comparison with State-of-the-Art Methods

In Tables 5.1 and 5.2, we compare our proposed method, TP?>-DETR, with exist-
ing ZS-TAL approaches on Thumos14 and ActivityNetl.3 under various zero-shot split

settings. The results are reported in terms of average mAP (denoted as AVG). In most sce-
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Table 5.2: Comparison with state-of-the-art ZS-TAL methods on ActivityNet1.3 un-
der two zero-shot splits. AVG refers to the standard average mAP (%) metric computed
across loU thresholds [0.5:0.05:0.95], following the common evaluation protocol for Ac-
tivityNet1.3. TP>-DETR remains competitive in the 75/25 split and shows clear improve-
ments in the 50/50 split. All methods use CLIP (ViT-B/16) with RGB frames only, with-
out incorporating optical flow. TP>-DETR denotes our final and best-performing model,
which adopts the Transformer-based design for the temporal feature pyramid. For con-
sistency, mAP values from prior methods originally reported with only one decimal place
have been padded with trailing zeros to retain two decimal places.

mAP@tloU
0.5 075 095 AVG
TadTR [22]F | 37.59 23.34 297 23.06
EffPrompt [10] | 37.60 22.90 3.80 23.10
STALE [26] | 3820 2520 6.00 24.90
75% Seen | ZEETAD [28]8 | 45.50 28.20 6.30 28.40
25% Unseen | GAPp [4] | 47.60 32.50 8.60 31.80
GAP [4]! | 44.14 2993 6.65 29.00
GAP [4]} | 4691 29.08 4.65 28.81
TP>-DETR | 48.41 3128 7.06 31.05
TadTR [22]F | 35.59 2145 230 21.37
EffPrompt [10] | 32.00 1930 2.90 19.60
STALE [26] |32.10 20.70 5.90 20.50
50% Seen GAP [4] | 41.60 2620 6.10 26.40
50% Unseen | GAPp [4]F | 4044 27.32 533 26.52
GAP [4] 45.67 28.53 397 28.18
TP>-DETR | 47.18 30.25 6.28 30.08

Split Method

T reproduced ¥ w/o class_logits § w/o extra information (i.e., optical flow) fully-supervised

narios, TP2-DETR achieves state-of-the-art performance. On Thumos14, our method out-
performs the previous best-performing method GAP [4] by a significant margin. Specifi-
cally, TP>-DETR improves the average mAP by 5.14% under the 75/25 split and achieves
an even larger gain of 10.27% under the more challenging 50/50 split. On ActivityNet1.3,
TP2-DETR remains competitive in the 75/25 setting and surpasses GAP by 3.68% in the

50/50 split.

To ensure a fair comparison, we further examine the results under settings where the

semantic classification branch in GAP is removed (denoted as GAP*), which aligns with
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our model design that does not rely on class-specific supervision. In this case, TP>-DETR
consistently outperforms GAP* across all split settings, highlighting its robust generaliza-
tion in the zero-shot scenario. All results are based on visual features extracted from CLIP
(ViT-B/16) using RGB frames only, without incorporating additional modalities such as
optical flow. Under this constraint, ZEETAD? refers to a re-evaluated variant reproduced

within the GAP framework.

Importantly, significant improvements on Thumos14 are particularly notable. Our
initial motivation was to unlock the potential of Deformable DETR for short action lo-
calization by integrating a temporal FPN structure. Since a large proportion of actions
in Thumos14 are short, as shown in our dataset analysis (see Figures 5.2 and 5.3), our
method is especially effective on this benchmark. This validates our design assumption

and explains why our method particularly excels on this dataset.

5.4.2 Comparison with Deformable DETR-based methods

In the field of temporal action localization, two representative methods have adopted
Deformable DETR as their main architecture, primarily due to the use of the deformable

attention mechanism: the fully-supervised TadTR [22] and the zero-shot ZEETAD [28].

To ensure a fair zero-shot comparison, we reimplement TadTR by disabling its clas-
sification head and removing the computation and training involving the classification
loss, and use actionness scores (instead of class logits) for confidence prediction, which

is consistent with the setup in TP>-DETR.

As shown in Tables 5.1 and 5.2, TP?-DETR consistently outperforms both TadTR and

ZEETAD across all split settings. This highlights the effectiveness of our temporal feature
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pyramid: When integrated properly, it significantly enhances the capacity of Deformable

DETR in zero-shot temporal action proposal generation.

Comparison of Action Duration Distributions
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(a) Histogram of action durations (seconds).
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Figure 5.2: Absolute view of action duration distributions on Thumos14 and Activ-
ityNetl.3. (a) Histogram of action durations in seconds. (b) Count of actions in short,
medium, and long duration categories. (c) Relative proportions by duration category.
Thumos14 contains a large number and proportion of short actions (less than 10 seconds),
aligning with focus of our model on short-action localization.
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Relative Duration Distribution (Binned by 5%)
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Figure 5.3: Relative view of action duration distributions on Thumos14 and Activi-
tyNetl.3. The x-axis indicates the relative duration of each action instance as a percentage
of the corresponding video length. Thumos14 shows a high concentration of short actions,
with the majority falling under 5% of video length. This observation aligns with our mo-
tivation to enhance short-action localization.

5.5 Further Analysis and Ablation Study

To extensively evaluate our proposed TP2-DETR framework, we conduct a series of
comprehensive ablation studies. Specifically, we examine the impact of different vari-
ants of the temporal FPN (Section 5.5.1), the internal design of the temporal FPN (Sec-
tion 5.5.2), and the design of the salient head (Section 5.5.3). We also analyze the contri-
bution of each individual component to overall performance (Section 5.5.4). In addition,
we provide qualitative visualizations (Section 5.5.5) and analyze prediction distributions
to assess the quality of model predictions (Section 5.5.6). These analyses collectively

validate the effectiveness and robustness of our proposed approach.

Unless otherwise stated, all experiments and visualizations in this ablation study sec-

tion are conducted on the Thumos14 dataset under the 50/50 split configuration.

43 doi:10.6342/NTU202503736



5.5.1 Choice of Temporal FPN

As described in Section 4.3, we explore different variants of the temporal FPN to
identify the most effective structure to fully leverage the strengths of the Deformable
DETR. The experimental results are summarized in Table 5.3 for Thumos14 and Table 5.4

for ActivityNetl.3.

On Thumos14, the Transformer-based variant consistently outperforms the other de-
signs by a notable margin, followed by the Direct Downsampling variant. In contrast, on
ActivityNet1.3, the enhanced CNN-based variant achieves the best performance, with the
Transformer-based variant showing competitive results. Taking into account both bench-
marks, we adopt the Transformer-based variant as the final design of TP?>-DETR, as al-

ready presented in our main experimental results.

Table 5.3: Analysis of different variants of the temporal FPN on Thumos14. We
compare Direct Downsampling, CNN-based (basic/enhanced), and Transformer-based
designs. All variants use the same overall architecture, differing only in the temporal FPN
design.

mAP@tloU

03 04 05 06 07 AVG
Direct Downsampling | 55.69 47.05 35.34 24.21 13.37 35.13
75% Seen | CNN-based (basic) | 53.46 44.65 34.88 22.86 12.09 33.59
25% Unseen | cNN-based (enhanced) | 51.95 43.05 3148 21.21 12.14 31.96
Transformer-based 57.81 49.36 38.80 27.91 16.34 38.04
Direct Downsampling | 53.86 44.79 33.98 2238 11.87 33.37
50% Seen | CNN-based (basic) | 51.17 4222 3137 19.66 9.73 30.83
50% Unseen | cNN-based (enhanced) | 51.71 42.40 31.09 2031 11.07 31.32
Transformer-based 55.95 47.82 37.34 25.89 14.84 36.37

Split Type
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Table 5.4: Analysis of different variants of the temporal FPN on ActivityNet1.3. We
compare Direct Downsampling, CNN-based (basic/enhanced), and Transformer-based
designs. All variants use the same overall architecture, differing only in the temporal FPN
design.

mAP@IoU
0.5 0.75 095 AVG
Direct Downsampling | 47.30 30.22 6.59 30.09
75% Seen CNN-based (basic) 47.81 3038 6.58 30.37
25% Unseen | cNN-based (enhanced) | 48.62 31.32 7.15 31.17
Transformer-based 48.41 31.28 7.06 31.05
Direct Downsampling | 45.78 28.67 5.58 28.67
50% Seen CNN-based (basic) 46.29 2922 564 29.12
50% Unseen | c\N_based (enhanced) | 48.18 30.68 6.37 30.46
Transformer-based 47.18 30.25 6.28 30.08

Split Type

5.5.2 Design of Temporal FPN

Building upon the Transformer-based variant identified in the previous section, we
further refine its internal design by drawing inspiration from ActionFormer [39]. How-
ever, to better accommodate the ZS-TAPG setting in TP>-DETR, we make specific adjust-
ments to the original ActionFormer structure. To validate the effectiveness of our modi-
fied design, we present experimental results in Table 5.5 for Thumos14 and Table 5.6 for

ActivityNet1.3.

On Thumos14, our Transformer-based design slightly outperforms the original Ac-
tionFormer configuration, demonstrating the benefit of these refinements under short-
action-dominant scenarios. On ActivityNetl.3, however, the performance gains are less
consistent across different zero-shot splits. We hypothesize that the impact of temporal
FPN design is more noticeable for short actions, which are common in Thumos14 but
less so in ActivityNetl.3. This observation suggests that carefully crafted temporal FPN

structures are more influential in datasets dominated by short actions.
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Table 5.5: Analysis of the internal design of the temporal FPN on Thumos14. We
compare the original ActionFormer design with our Transformer-based variant adapted
for ZS-TAPG.

mAP@tIoU

03 04 05 06 07 AVG
75% Seen | ActionFormer | 58.09 49.92 38.79 27.14 1557 37.90
25% Unseen | pransformer-based | 57.81 49.36 38.80 27.91 16.34 38.04
50% Seen | ActionFormer | 55.92 47.00 3622 24.11 1320 35.29
50% Unseen | rransformer-based | 55.95 47.82 37.34 25.89 14.84 36.37

Split Design

Table 5.6: Analysis of the internal design of the temporal FPN on ActivityNetl.3. We
compare the original ActionFormer design with our Transformer-based variant adapted
for ZS-TAPG.

mAP@tIoU

0.5 075 0.95 AVG
75% Seen ActionFormer 48.57 31.33 6.67 31.13
25% Unseen | Transformer-based | 48.41 31.28 7.06 31.05
50% Seen ActionFormer 47.40 30.03 6.03 29.94
50% Unseen | pransformer-based | 47.18 30.25 6.28 30.08

Split Design

5.5.3 Design of Salient Head

As described in Section 4.4, we adopt a unified MLP-based salient head applied to
the encoder output, instead of using the multi-scale-aware CNN-based extension from
GAP [4], which was originally designed for single-scale features. To assess the effective-

ness of our design, we conduct experiments as shown in Table 5.7.

For a comprehensive comparison, we evaluate different fusion strategies applied to
the per-scale CNN-based salient head, including max pooling (i.e., selecting the most dom-
inant signal across levels), mean pooling (i.e., averaging outputs from all levels), and adap-
tive fusion (i.e., applying learnable weights to each level). Among these, the max fusion
strategy achieves the best result with an average mAP of 35.91. However, regardless of

the fusion method, all CNN-based designs fall short of the performance achieved by our
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unified MLP-based variant, which is adopted in TP>-DETR.

Furthermore, as described in Section 4.5, we extend the application of the unified
salient head beyond the encoder, applying it jointly to both the encoder and the temporal
FPN outputs. This is intended to enhance early supervision and better guide the proposal
learning. The corresponding results are summarized in Table 5.7. Compared to applying
the salient head only on the encoder output, the joint configuration yields consistently bet-
ter performance, further validating the benefits of our proposed early supervision strategy.

Table 5.7: Analysis of the design of the salient head. We compare various feature fu-
sion types for the per-scale CNN-based design and compare with our unified MLP-based
variant.

. ) mAP@tloU
Design Fusion Type
0.3 04 0.5 0.6 0.7 AVG
Per-scale CNN-based max 55.74 47.49 36.86 25.05 14.43 35.91

Per-scale CNN-based mean 56.47 47.68 36.64 24.51 13.26 35.71
Per-scale CNN-based adaptive 55.89 47.24 3622 2447 13.87 35.57
Unified MLP-based - 5595 47.82 37.34 25.89 14.84 36.37

Table 5.8: Analysis of the placement of the unified MLP-based salient head. We com-
pare applying it solely on the encoder (enc) versus jointly on both the encoder and temporal
FPN outputs (fpn + enc).

mAP@tIoU

03 04 05 06 07 AVG
enc | 55.02 47.06 36.59 25.17 14.72 35.71

fon+enc | 55.95 47.82 37.34 25.89 14.84 36.37

Design Upon

Unified MLP-based

5.5.4 Effectiveness of Components

To further assess the effectiveness of each proposed component in our framework,
we conduct a set of ablation experiments summarized in Table 5.9. Our model introduces
three core components: (1) the temporal FPN, (2) a multi-scale-aware salient head, and

(3) auxiliary supervision for training stability. The auxiliary supervision includes both
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deep supervision via additional decoder-layer prediction heads and early supervision via

a shared salient head applied to earlier stages.

Notably, since the salient head is functionally involved across two proposed com-
ponents, we avoid defining the ablation as a simple additive combination. Instead, we
restructure the experiment based on distinct functional objectives to better isolate each

contribution. Specifically, we divide the experiments into four configurations as follows:

Baseline: A Deformable DETR model using single-scale features (no temporal FPN),

trained with the original single-scale CNN-based salient head from GAP.

+ Temporal FPN (Tx): The baseline model with a Transformer-based temporal FPN,

trained with a multi-scale-aware CNN-based salient head adapted from GAP.

+ Deep Supervision: Builds on the above by introducing auxiliary prediction heads

(i.e., bounding box and actionness heads) for each decoder layer.

+ Early Supervision: Builds on all prior components and replaces the salient head
with a unified MLP-based variant applied to both the encoder and the temporal FPN

outputs, providing stronger early supervision.

From the results in Table 5.9, we observe that the introduction of the temporal FPN
alone brings a noticeable improvement over the baseline across all tloU thresholds, in-
creasing the average mAP from 30.58 to 33.18. Incorporating deep supervision further
improves the performance, raising the average mAP to 35.63. With the addition of early
supervision through the unified MLP-based salient head, the model achieves a further gain

of 0.74, reaching an average mAP of 36.37.
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The consistent performance improvements observed across all configurations vali-
date the effectiveness and necessity of our proposed components in enhancing the quality
of class-agnostic temporal action proposals, ultimately enabling TP>-DETR to achieve

superior performance over existing state-of-the-art methods.

Table 5.9: Ablation study on the effectiveness of each proposed components. We incre-
mentally add Temporal FPN (Tx), Deep Supervision, and Early Supervision on top of the
baseline and report results under different IoU thresholds. Tx indicates the Transformer-
based design variant of our temporal feature pyramid.

Method 0.3 0.4 0.5 0.6 0.7 AVG
Baseline 51.37 4255 31.12 19.09 878 30.58
+ Temporal FPN (Tx) 53.90 44.69 33.82 2245 11.03 33.18
+ Deep Supervision 5596 47.18 36.37 24.84 13.80 35.63
+ Early Supervision 5595 47.82 37.34 25.89 14.84 36.37

5.5.5 Qualitative Results

In addition to the quantitative results presented in previous sections, we also provide
qualitative visualizations to further demonstrate the effectiveness of TP>-DETR, as shown
in Figure 5.4. Specifically, we select the top-k class-agnostic proposals in two ways for
visualization: (1) by highest actionness scores, following the GAP approach; and (2) by
lowest bipartite matching cost, consistent with the matching process in the training stage.

Here, k is set to the number of ground-truth action instances (/Vy) in each video.

The visualizations show that TP>-DETR consistently produces more accurate and
comprehensive coverage of ground-truth segments compared to both GAP and the baseline
described in Section 5.5.4. For clearer comparison, we additionally report the average loU
(AvgloU) of the top-k proposals to provide an intuitive understanding of the localization

quality.
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5.5.6 Prediction Quality

To further assess the quality of the predicted proposals, we visualize the distribu-
tion of confidence scores versus the best tloU with ground-truth segments. Specifically,
we compare the prediction distributions of TP>-DETR and the baseline model, as shown
in Figure 5.5. In these scatter plots, each point represents a predicted proposal, with its
horizontal position indicating the confidence score (i.e., actionness score) and the vertical
position representing its best temporal loU with the ground truth. As high-quality pro-
posals typically appear in the top-right region (indicating both high confidence and accu-
rate localization), TP>-DETR demonstrates a significantly denser distribution in that area
compared to the baseline. This highlights the effectiveness of our temporal FPN design

in improving proposal quality, especially for short actions, as evident on Thumos14.
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Figure 5.4: Visualizations of class-agnostic proposals as qualitative results. We present
examples from sparse cases (k = 1, k = 2) to dense cases (k = 38), visualizing the top-k
proposals selected in two ways: (1) by actionness scores (following the GAP approach)
and (2) by bipartite matching using the same cost as in training. In addition to the intuitive
metric AvgloU for each case, we also provide a precision-recall curve for the dense video
(video_test_0000464) to illustrate the mAP behavior. All results are from the 50/50

split (split_id = 0) on Thumos14. 51 doi: 10.6342/NTU202503736
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Figure 5.5: Visualizations of prediction quality (confidence vs. IoU with ground
truth). Each point represents a predicted proposal. TP>-DETR shows a denser concentra-
tion in the top-right region, indicating higher-quality proposals in terms of both localiza-
tion and confidence. Results are reported on Thumos14 using the 50/50 split (split_id =

0).
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Chapter 6 Conclusion

In this chapter, we summarize the key contributions of our work and discuss its lim-

itations, along with potential directions for future research.

6.1 Contributions

We propose TP2-DETR, a novel model tailored to fully leverage the strengths of De-
formable DETR for the proposal generation subtask in Zero-Shot Temporal Action Local-

ization (ZS-TAL), namely ZS-TAPG. Our main contributions are summarized as follows:

1. An effective end-to-end framework for ZS-TAPG: We carefully design and inte-
grate a temporal FPN into Deformable DETR, exploring several architectural vari-
ants and finding that the transformer-based design is the most effective. This design
enables TP2-DETR to not only take advantage of the sparse and efficient sampling
characteristic of deformable attention, but also fully exploit its potential through
multi-scale feature integration. Similar to how this combination enhances small
object detection in spatial domains, our approach brings analogous benefits to the

temporal setting, significantly improving the localization of short actions.

To ensure training efficiency and model stability in the end-to-end setting, we in-
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corporate two additional supervision mechanisms:

» A multi-scale aware salient head that provides early supervision. Unlike exist-
ing CNN-based single-scale designs, our unified MLP-based version is both
lightweight and better aligned with the Deformable DETR architecture, sup-
porting multi-scale feature processing without the need for late-stage manual

fusion.

* Auxiliary prediction heads placed at intermediate decoder layers, which enable
deep supervision and improve convergence. Additionally, the salient head is
applied to multiple stages of the network, including outputs from both the tem-
poral FPN and the encoder, providing consistent early supervision throughout

the model.

2. State-of-the-art performance on benchmark datasets: The experimental results
validate the effectiveness of our design, showing that TP>-DETR achieves state-
of-the-art performance across most zero-shot split settings on the Thumos14 and
ActivityNet1.3 benchmarks. Particularly on Thumos14, which contains a high pro-
portion of short actions, TP>-DETR yields significant average mAP gains of 5.142%

and 10.266% under two commonly used zero-shot split settings.

6.2 Limitations and Future Work

Despite the significant improvements TP>-DETR achieves on short-action-dominant
datasets, certain limitations remain. In particular, while our model performs well on Thu-
mos14, its results on long-action-dominant datasets such as ActivityNet1.3 are less consis-

tent across different zero-shot split settings. This suggests that the model may not general-
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ize as effectively to longer or more complex temporal patterns. A contributing factor could
be the preprocessing design in ActivityNetl.3, where each video is uniformly resized to
a fixed number of timestamps, regardless of its original duration. For long videos, this
may lead to substantial temporal information loss, especially when actions span extended
periods. In contrast to approaches that apply sliding window inference to preserve finer
temporal granularity, our model processes the entire video as a single sequence, which
may limit its capacity to model long-range structures. Future work could explore adaptive
resizing schemes or window-based inference strategies to mitigate this issue. Furthermore,
enhancing the modeling of long-range dependencies—such as through adaptive temporal
scaling or more granular control over the local window sizes in self-attention—may im-
prove the model’s robustness across diverse action durations. Our current framework, for
instance, does not specifically analyze the impact of window size in the local multi-head
self-attention used in the temporal FPN, which may influence its responsiveness to actions

of varying lengths.

In addition, our model represents each timestamp as a single token. Inspired by ef-
ficient transformer designs such as EdgeViT [3], future work could explore using tokens
that cover larger and more context-aware temporal regions. This may help reduce tem-
poral redundancy, enhance local context modeling, and improve efficiency, especially for

long videos.

Another limitation of our current design is that it focuses solely on the proposal gen-
eration subtask within the ZS-TAL framework, without explicitly addressing the proposal
classification component. Future extensions could enrich TP>-DETR by incorporating
vision-language alignment or class-aware modules, enabling the model to tackle the full

ZS-TAL pipeline in a unified manner, and allow for examining how improvements in
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proposal quality may influence classification outcomes. Moreover, the current design fol-
lows a two-stage paradigm, where proposal generation and classification are decoupled.
Reformulating it as a one-stage method could be a promising direction to reduce the risk
of error propagation between stages, as highlighted in prior studies such as STALE [26],

and potentially improve both the efficiency and robustness of the overall system.

Additionally, although our salient head is trained independently as an auxiliary com-
ponent to facilitate early supervision, we further investigate the behavioral alignment be-
tween its predictions (i.e., salient logits) and the predicted segments from the primary
prediction head (i.e., bounding box head), as shown in Figure 6.1. We observe that salient
peaks, particularly those from the encoder output, often align well with the predicted seg-
ments, despite the absence of any explicit cross-head connection during training. This
implicit consistency suggests the potential for cross-head information sharing, motivat-
ing future work to explore mechanisms for shared or guided learning between these two

components to further enhance proposal accuracy.
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Figure 6.1: Visualization of salient logits (blue: from encoder, green: from temporal
FPN) and predicted proposals (red) from matched queries for a randomly sampled
training batch of videos on Thumos14 using the 50/50 split. Each subfigure shows the
predicted saliency scores (y-axis) across timesteps (x-axis). The visualizations show that
salient peaks—particularly those from the encoder output—often align with the predicted
segments, despite the salient head being trained independently. This supports our hypoth-
esis of potential cross-head consistency, which may be leveraged for future improvements.
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