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Abstract

Temporal action localization (TAL) involves dual tasks to
classify and localize actions within untrimmed videos. How-
ever, the two tasks often have conflicting requirements for
features. Existing methods typically employ separate heads
for classification and localization tasks but share the same
input feature, leading to suboptimal performance. To ad-
dress this issue, we propose a novel TAL method with
Cross Layer Task Decoupling and Refinement (CLTDR).
Based on the feature pyramid of video, CLTDR strategy in-
tegrates semantically strong features from higher pyramid
layers and detailed boundary-aware boundary features from
lower pyramid layers to effectively disentangle the action
classification and localization tasks. Moreover, the multiple
features from cross layers are also employed to refine and
align the disentangled classification and regression results.
At last, a lightweight Gated Multi-Granularity (GMG) mod-
ule is proposed to comprehensively extract and aggregate
video features at instant, local, and global temporal granu-
larities. Benefiting from the CLTDR and GMG modules, our
method achieves state-of-the-art performance on five chal-
lenging benchmarks: THUMOS14, MultiTHUMOS, EPIC-
KITCHENS-100, ActivityNet-1.3, and HACS.

Code — https://github.com/LiQiang0307/CLTDR-GMG

Introduction
With the aim of accurately identifying action categories and
localizing its start and end times within a video, tempo-
ral action localization (TAL) has garnered significant atten-
tion from the research community due to its wide applica-
tions, including intelligent surveillance, video summariza-
tion, highlight detection, and visual question answering.

Recent advancements in deep learning techniques have
led to remarkable progress in various computer vision fields,
including TAL. Numerous deep learning methods have been
proposed to address the TAL problem, such as (Shou, Wang,
and Chang 2016; Nag et al. 2022; Long et al. 2019). A typ-
ical deep learning-based TAL model comprises three main
steps: extracting video features using deep learning net-
works, encoding these features into a multi-layer feature
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Figure 1: Comparison of different task decoupling. (a) Pre-
vious methods use two head branches share the same input
feature; (b) Our method uses cross layer features for task
decoupling and refinement. Zoom in for better view.

pyramid to capture action information at different tempo-
ral scales and using a decoder with classification and regres-
sion heads for action recognition and localization. The initial
step of video feature extraction is often accomplished using
pretrained video classification backbones. Consequently, the
encoder and decoder in the subsequent steps become critical
for achieving high TAL performance. To model the temporal
context of features, various techniques have been employed
in TAL, including 1D CNN (Lin et al. 2021), GCN (Xu et al.
2020), xGPN (Zhao, Thabet, and Ghanem 2021) and RNN
(Buch et al. 2017). Recently, the Transformer (Vaswani et al.
2017) with self-attention mechanism and its variants have
also been adopted to capture long-range temporal depen-
dency between video features (Zhang, Wu, and Li 2022;
Tang, Kim, and Sohn 2023; Shi et al. 2023). Nevertheless,
the existing TAL methods still encounter two limitations.

On the one hand, current methods often struggle to bal-
ance the trade-off between classification and localization.
Typically, these methods adopt two separated convolutional
heads at each layer of video feature pyramid to accomplish
the category classification and boundary regression of ac-
tions. However, this strategy relies heavily on learned pa-
rameters in the convolutional networks to decouple tasks
because both heads process identical features at each pyra-
mid layer (Zhang, Wu, and Li 2022). Although TriDet (Shi
et al. 2023) incorporates relative information to help bound-
ary prediction, this information is still extracted indepen-
dently at each feature pyramid layer (Fig. 1a). Thus, its over-
all performance may still be suboptimal. Moreover, existing
TAL methods often lack explicit interaction between classi-
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fication and localization heads, which would exacerbate the
inconsistency between their predictions.

On the other hand, the features encoded by existing meth-
ods are incomprehensive since most of them only consider
the local temporal information of the video. Though the
global temporal context can be captured by self-attention,
it is achieved at the cost of high computational overhead.
Therefore, a local self-attention strategy is adopted by some
studies to restrict the attention within a limited temporal
window (Zhang, Wu, and Li 2022; Cheng and Bertasius
2022). While both the local and instant temporal information
is aggregated in TriDet (Shi et al. 2023), the global temporal
dependencies among the entire video are still neglected.

To alleviate the above limitations and improve the TAL
performance, a novel method is presented in this paper.

First, we introduce a Cross-Layer Task Decoupling and
Refinement (CLTDR) strategy to disentangle classification
and localization tasks and enhance their consistency. Specif-
ically, the CLTDR based decoder incorporates suitable cross
layer features to handle the specific tasks in TAL. As shown
in Fig. 1b, since the action classification requires rich seman-
tic context information for accurate category inference, we
combine the feature at each pyramid layer with temporally-
coarse yet semantically-strong feature from higher layer for
this task. Conversely, the action localization necessitates
highly detailed information for boundary regression. Hence,
we fuse the feature of each pyramid layer with a finer fea-
ture extracted from lower layer to address this task. Dur-
ing the two cross layer feature fusion, the attention mecha-
nism is utilized to select important information from higher
and lower layer features. Furthermore, we also incorporate a
refinement head that leverages both higher and lower layer
features to harmonize the decoupled classification and local-
ization tasks, thereby the consistency and accuracy of their
respective outputs can be enhanced.

Second, we propose a Gated Multi-Granularity (GMG)
module at each feature pyramid layer to comprehensively
aggregate the information from multiple temporal granular-
ities. The major characteristic of GMG module is that it uti-
lizes three-branch network as a substitution for self-attention
in Transformer architecture. In this network, we adopt sim-
ple fully-connected operation and 1D depth-wise convolu-
tion to obtain the instant and local temporal information. Ad-
ditionally, a 1D Fast Fourier Transform (FFT) branch with
a learnable global filter is employed to capture global tem-
poral dependencies across the video in frequency domain,
offering a more efficient alternative to self-attention. To mit-
igate potential redundancy among features extracted from
different temporal granularities, we employ a gated mecha-
nism to selectively fuse features of various branches and im-
prove the discriminative ability of the final representation.

Considering the aforementioned two major contributions,
the proposed method is termed CLTDR-GMG. Numerous
experiments on five datasets demonstrate that our method
achieves state-of-the-art TAL performance.

Related Work
Temporal Action Localization (TAL). The existing TAL
methods primarily fall into two categories: two-stage meth-

ods and one-stage methods. Two-stage TAL initially gen-
erates proposals to localize potential action instances be-
fore classifying them into different categories. Therefore,
most two-stage methods prioritize proposal generation. Var-
ious techniques are employed for this purpose, including an-
chor window classification (Heilbron, Niebles, and Ghanem
2016), action boundaries detection (Lin et al. 2018), graph
based representation learning (Bai et al. 2020), and fine-
grained temporal representation design (Qing et al. 2021a).
Despite their effectiveness, two-stage methods face signif-
icant challenges, including high computational complexity
and the inability to be end-to-end optimized. One-stage TAL
methods combine action localization and classification into
a single framework by eliminating the proposal generation
stage. Some previous studies (Lin et al. 2021; Yang et al.
2020; Lin, Zhao, and Shou 2017) accomplished the one-
stage TAL by constructing a hierarchical network architec-
ture with CNNs. Subsequently, anchor-free model (Long
et al. 2019) has been introduced as a simplified approach for
one-stage TAL. More recently, some innovative techniques,
such as Transformer (Vaswani et al. 2017), SGP (Shi et al.
2023) and Mamba (Gu and Dao 2024) have also been lever-
aged to further improve the one-stage TAL performance.
However, as mentioned in the Introduction section, there still
exist certain limitations in these methods.

Task Decoupling. The conflict between classification and
regression tasks, initially observed in object detection, has
led to a widespread adoption of decoupled heads in object
detectors. Double head RCNN (Wu et al. 2020) introduced
separate heads for classification and localization within the
RCNN framework. YOLOX (Ge et al. 2021) adopted decou-
pled heads to address the detrimental impact of coupled clas-
sification and localization tasks for YOLO series algorithms.
DDOD (Chen et al. 2021) proposed an adaptive disentangle-
ment module that employs deformable convolution to au-
tomatically obtain beneficial features for classification and
regression. These studies underscore the importance of de-
coupling classification and localization tasks. However, the
task decoupling in them occurs solely at the parameter level
with the same input features, leading to an imperfect trade-
off between the two tasks. To address this issue, (Zhuang
et al. 2023) proposed the task-specific context decoupling
(TSCODE) head, which further disentangles the classifica-
tion and localization tasks at feature level.

Similar to object detection, existing one-stage TAL meth-
ods employ separate heads for action classification and lo-
calization with shared input feature. Thus, the task decou-
pling in them is still limited to the parameter level. Addi-
tionally, the classification and localization heads in existing
methods work independently, which may lead their results
to be inconsistent and inaccuracy.

Method
Problem Statement
We assume that an untrimmed video with T frames can be
represented by a set of feature vectors X = {x1, · · · , xT },
where xt is the feature of frame t. Temporal action local-
ization aims at detecting a set of action instances Y =
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Figure 2: An illustration of our method. We build a feature pyramid with GMG module. The CLTDR decoder at the l-th pyramid
layer leverages the features P l+1 and P l−1 to generate distinct representations for classification and localization tasks, followed
by a refinement using RefineHead.

Figure 3: Illustration of GMG. Zoom in for better view.

{y1, · · · , yN} from X , where N is the number of actions.
The n-th action in Y is defined as yn = (sn, en, an), where
sn ∈ [1, T ], en ∈ [1, T ] and an ∈ {1, . . . , C} denote its
start time, end time and corresponding label, respectively. C
is the number of action categories.

Method Overview
As depicted in Figure 2, our CLTDR-GMG architecture
comprises three key components: First, a pre-trained 3D
CNN network is employed to extract spatiotemporal features
from the input video. Subsequently, an encoder formed by
the proposed GMG module and downsampling is utilized to
construct a feature pyramid that captures actions across var-
ious temporal scales. Finally, a CLTDR module decodes the
feature within each pyramid layer for action localization. A
detailed explanation of our core innovations, i.e., GMG and
CLTDR, will be elaborated in the following section.

Encoder with GMG
Our approach begins by encoding the video feature X into
a multi-scale feature pyramid P =

{
P 1, P 2, · · ·PL

}
. The

encoder comprises two primary components: a simple 1D
CNN for initially feature projection and our proposed GMG
module for aggregating information across diverse temporal
granularities.

To facilitate local context learning within time series data
and promote stable training (Zhang, Wu, and Li 2022), we
employ two consecutive 1D CNNs followed by ReLU acti-
vation to embed video featureX into aD dimensional space.
The projected feature of X is denoted as P 0 ∈ RD×T .

Following feature projection, a feature pyramid is con-
structed using the proposed Gated Multi-Granularity(GMG)
module. Briefly, the initial feature P 0 is iteratively down-
sampled to a series of smaller temporal scales and the fea-
ture in each scale are then processed by GMG module to
capture instant, local and global temporal information. As
shown in Figure 3, GMG utilizes a simple fully-connected
(FC) and a 1D depth-wise convolution (Conv) network for
instant and local feature extraction, respectively. To exploit
global feature dependencies, we employ Fast Fourier Trans-
form (FFT), a powerful tool for global feature extraction,
as validated by recent research (Lee-Thorp et al. 2022; Rao
et al. 2023; Guibas et al. 2021). Given the input sequence
x with T time steps, we first transform it to the frequency
representations by FFT for global information aggregation:

Xf [u] = FFT (x) =

T−1∑
t=0

xte
−j 2π

N ut, 0 < u < T − 1 (1)

Subsequently a global filter Wϕ whose dimension is
equivalent to Xf is learned by a convolution, followed by
a ReLU activation and another convolution as

Wϕ = Conv (ReLU (Conv (Xf ))) (2)

where Conv and ReLU denote the 1D depth-wise convolu-
tion and activation function.

Finally, we get the updated feature representations in the
original space by

fglobal = IFFT (Xf ⊗Wϕ) (3)

where ⊗ denotes element-wise multiplication (i.e.,
Hadamard product) and IFFT is inverse FFT. Based on the
equivalence between Hadamard product in Fourier domain
and convolution in time domain (Oppenheim 1999), the
feature fglobal could be interpreted as the outputs of a

4880



Figure 4: Illustration of Decoupled Classification Module and Decoupled Regression Module.

convolution whose kernel dimension matches the number
of feature vectors in x.

Since the feature extracted from larger temporal granu-
larity may inherently contain some information in smaller
granularities, we incorporate a gated mechanism with
ReLU activation to selectively emphasize discriminative
features and suppress redundant information within the in-
stant and local branches. As a result, the feature of GMG
can be obtained by combining the original feature x with the
features of the three granularity branches as

fGMG = x+ReLU(flocal)⊗ FC(x)︸ ︷︷ ︸
finstant

+ReLU(fglobal)⊗ Conv(x)︸ ︷︷ ︸
flocal

+fglobal (4)

After multi-granularity feature extraction, our GMG mod-
ule incorporates a Group Normalization (GN) and a Feed
Forward Network (FFN) with residual connections to further
process the feature fGMG. To construct the feature pyramid,
1D max-pooling is employed for downsampling between ad-
jacent layers.

Decoder with CLTDR
The GMG based encoder generates a feature pyramid P ={
P 1, P 2, · · ·PL

}
. To decode this feature pyramid into the

sequence label Ŷ = {ŷ1, ŷ2, · · · , ŷN}, we propose a Cross-
Layer Task Decoupling and Refinement (CLTDR) module
that disentangles features for classification and localization
tasks. The CLTDR consists of three main components: a de-
coupled classification module, a decoupled regression mod-
ule, and a Refinehead.

Decoupled Classification Module. Some studies have
demonstrated the sufficiency of sparsely distributed key
frames for action classification (Yan et al. 2018; Dong et al.
2022). However, existing TAL methods often neglect the
redundant and uninformative feature in the classification

task. Moreover, the classification accuracy of individual
frame benefits from context information from its surround-
ing frames. For example, the athletic actions like Long Jump
and High Jump have the same initial running. Thus, it is hard
to identify the categories of the two actions without the in-
formation in the following frames. These observations high-
light the importance of temporally coarse yet semantically
robust features for classification task.

Based on above analysis, we propose a decoupled clas-
sification module (DCM) as illustrated in Figure 4. Specif-
ically, the feature at each pyramid layer is combined with
its coarse abstraction, i.e., the feature extracted from higher
layer, to generate a semantically rich feature for classifica-
tion. Taking feature P l ∈ RD×T l at the l-th pyramid layer
as an example, we first employ a 1D transposed convolution
to upsample the feature P l+1 from the l+1-th pyramid layer
by a factor of 2 and leverage a 1D convolution to refine P l
to obtain features fl+1 and fl.

Since fl+1 may contain some irrelative information for
classification, an attention weight Wl+1 is learned from the
element-wise summation of fl and fl+1 as
Wl+1 = Sigmoid (FC (GAP (ReLU (fl+1 + fl)))) (5)

where ReLU , GAP , FC and Sigmoid denote the ReLU
activation function, global average pooling, fully connected
layer and sigmoid function, respectively.

Then, the important and useful features from fl+1 are se-
lected by Wl+1 and combined with P l as

f lcls = Pl + fl+1 ⊗Wl+1 (6)
At last, the feature f lcls is fed into a lightweight net-

work composed of three 1D convolutions, layer normaliza-
tion (LN) and ReLU activation ( for the first 2 blocks ). A
sigmoid function is applied to yield the coarse classification
result âl ∈ RC×T

l

, where âlt ∈ RC
(
t = 1, . . . , T l

)
rep-

resents the probabilities of the t-th feature vector belongs to
the C action categories in Pl.

Decoupled Regression Module. Different from the clas-
sification task, localization requires the feature with tempo-
ral details to regress the start and end times of an action.
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Nevertheless, most existing TAL methods rely solely on sin-
gle scale feature from each pyramid layer for localization,
which may lose some important information.

To address this issue, our Decoupled Regression Mod-
ule (DRM) leverages the temporally rich feature from lower
pyramid layer, which provides more detailed and boundary-
specific information, to help action localization. As depicted
in Figure 4, the DRM at the l-th pyramid layer first employs
a 1D convolution to downsample the feature from the l-1-th
layer by a factor of 2. Simultaneously, a 1D convolution is
also utilized to refine the feature Pl. As a result, we can get
two features fl−1 and fl.

Next, similar to the DCM, the features fl−1 and fl are
added to learn an attention weight Wl−1 through a series of
operations as

Wl−1 = Sigmoid (FC (GAP (ReLU (fl−1 + fl)))) (7)

where the meanings of ReLU , GAP , FC and Sigmoid are
the same as those in Eq. 5.

Based on Wl−1, the crucial features for boundary regres-
sion in fl−1 are selected and combined with P l as

f lreg = Pl + fl−1 ⊗Wl−1 (8)

Our DRM employs the Trident-head (Shi et al. 2023)
with relative information to get the coarse boundary regres-
sion results from feature f lreg . The boundary predictions

ŝl ∈ RT
l

and êl ∈ RT
l

represent the start and end times
for each time step in Pl, respectively.

RefineHead. While DCM and DRM leverage cross-layer
information to generate distinct features for classification
and localization tasks, their independent processing may
lead to inconsistent predictions. Thus, we propose to refine
the outputs of DCM and DRM using the cross layer features.
For refining the prediction results of the l-th pyramid layer,
the features from the l+1-th and l-1-th layers are employed.

We first combine the features from three pyramid layers
by a simple Cross-Layer Feature Fusion (CLFF) module as

f lc = Conv
(
P l−1

)
+P l+ConvTransposed

(
P l+1

)
(9)

where ConvTransposed(·) and Conv(·) denote the 1D
transpose convolution and 1D depth-wise convolution to up-
sample and downsample P l+1 and P l−1, respectively.

Then, the fused f lc, which integrates the features benefit
for both classification and localization, is fed into the Re-
fineHead to explicitly refine the coarse predictions of DCM
and DRM. For classification, a vector Rlco ∈ RT

l×C is ob-
tained from f lc by a simple network with three convolutional
blocks to adjust the prediction of DCM. The refined result
can be denoted by

ârl =
√
âl ×Rlco (10)

Meanwhile, two offsets Rlso ∈ RT
l

and Rleo ∈ RT
l

are
also learned from f lc by a convolutional network to calibrate
the regression results of DRM. Specifically, the t-th element
in Rlso is the offset between time step t and the actual start
boundary, given that time step t is predicted as the start of an

action. Through combining the offset Rlso with the predic-
tion of ŝl, the refined start boundary can be obtained by

ŝrl = ŝl +Rlso (11)
Similarly, we can get the refined end boundary as

êrl = êl +Rleo (12)

Training and Inference
In this study, the varifocal loss (Zhang et al. 2021) and IOU
loss (Rezatofighi et al. 2019) are employed to supervise
the refined classification and regression outputs respectively.
The loss function is defined as follows:
L =

1

Npos

∑
l,t

1{clt>0} (σIoULV FL + LIoU )+
1

Nneg

∑
l,t

1{clt=0}LV FL

(13)

where σIoU is the temporal IoU between the predicted action
and ground truth. LV FL is varifocal loss to handle imbal-
anced samples in different action categories. LIou denotes
IoU based regression loss and is applied only when the func-
tion l{clt>0} indicates that the current time step t is a positive
sample within an action. Npos and Nneg are the numbers of
positive and negative samples, respectively. Following other
studies (Shi et al. 2023), we utilize the center sampling to
identify the positive samples.

At inference time, we first feed the full video sequences
into our model to obtain the outputs for each instant t across
all pyramid layers. Then, the instants with classification
scores exceeding a predetermined threshold λ are processed
by Soft-NMS (Bodla et al. 2017) to yield the final output.

Experiments
We conduct experiments on five challenging datasets includ-
ing THUMOS14 (Yeung et al. 2018a), MultiTHUMOS (Ye-
ung et al. 2018b), EPIC-KITCHEN-100 (Damen et al. 2022)
ActivityNet-1.3 (Heilbron et al. 2015), and HACS (Zhao
et al. 2019) to validate the effectiveness of our method.

Evaluation Metric
To evaluate the performance of our CLTDR-GMG, we
employ the widely adopted mAP metric across various
temporal IOU (tIoU) thresholds. In line with the preva-
lent methodologies, the thresholds for THUMOS14, Mul-
tiTHUMOS, and EPIC-KITCHENS-100 datasets are set as
[0.3:0.1:0.7], [0.1:0.1:0.9], and [0.1:0.1:0.5], respectively.
For ActivityNet-1.3 and HACS, we report the results at tIoU
thresholds [0.5,0.75,0.95] and the average mAP obtained
from thresholds [0.5:0.05:0.95].

Implementation Details
We employ the AdamW with warm-up and a cosine anneal-
ing learning rate schedule for model optimization. The num-
ber of feature pyramid layers is set to L=6 for THUMOS14,
MultiTHUMOS and EPIC-KITCHENS-100, and L=7 for
ActivityNet-1.3 and HACS. Given the absence of higher and
lower layers for the top and bottom layers in feature pyra-
mid, our CLTDR module is applied exclusively to interme-
diate feature layers with shared parameters. We conduct our
experiments using Python 3.8, PyTorch 2.0, and CUDA 11.8
on a NVIDIA RTX 4090 GPU.
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Method 0.3 0.4 0.5 0.6 0.7 Avg.
TALLFormer (Cheng and Bertasius 2022) ‡ 76.0 — 63.2 — 34.5 59.2

ActionFormer (Zhang, Wu, and Li 2022) 82.1 77.8 71.0 59.4 43.9 66.8
TemporalMaxer (Tang, Kim, and Sohn 2023) 82.8 78.9 71.8 60.5 44.7 67.7

TFFormer (Yang, Wei, and Zheng 2024) 82.1 78.9 72.0 60.8 44.9 67.8
TransGMC (Yang et al. 2024) 82.3 78.8 71.4 60.0 45.1 67.5

TriDet (Shi et al. 2023) 83.6 80.1 72.9 62.4 47.4 69.3
CLTDR-GMG 84.1 80.3 73.6 62.4 48.2 69.9

ActionFormer (Zhang, Wu, and Li 2022) † 84.0 79.6 73.0 63.5 47.7 69.6
TriDet (Shi et al. 2023) † 84.8 80.0 73.3 63.8 48.8 70.1

CLTDR-GMG † 85.7 81.3 75.5 65.3 51.0 71.8
ActionFormer (Zhang, Wu, and Li 2022) § 82.3 81.9 75.1 65.8 50.3 71.9

TemporalMaxer (Tang, Kim, and Sohn 2023) § ∓ 87.4 83.1 76.6 65.7 49.6 72.5
ActionMamba (Chen et al. 2024) § 86.9 83.1 76.9 65.9 50.8 72.7

TriDet (Shi et al. 2023) § ∓ 86.9 83.4 76.6 66.3 51.7 73.0
CLTDR-GMG § 87.0 84.0 78.4 67.9 54.0 74.3

Table 1: Performance comparison on THUMOS14 dataset.
∗: TSN features. ‡:Swin Transformer features. †: Video-
MAEv2 features. §: InterVideo2-6B features. Others: I3D
features. ∓:indicates our implementation.

Method 0.2 0.5 0.7 Avg.
PointTAD (Tan et al. 2022) 39.7 24.9 12.0 23.5

ActionFormer (Zhang, Wu, and Li 2022) 46.4 32.4 15.0 28.6
TemporalMaxer (Tang, Kim, and Sohn 2023) 47.5 33.4 17.4 29.9

TriDet (Shi et al. 2023) 49.1 34.3 17.8 30.7
CLTDR-GMG 56.7 42.2 24.1 37.1

TriDet (Shi et al. 2023)∗ 55.7 41.0 23.5 36.2
CLTDR-GMG∗ 62.5 49.1 30.2 42.7

TriDet (Shi et al. 2023)† 57.7 42.7 24.3 37.5
CLTDR-GMG† 64.9 51.4 32.9 44.9

Table 2: Performance comparison on MultiTHUMOS
dataset. ∗: I3D (RGB+Flow) features. †: VideoMAEv2 fea-
tures. Others: I3D (only RGB) features.

Results and Analysis
THUMOS14. Following most approaches (Zhang, Wu, and
Li 2022; Shi et al. 2023), we leverage the pre-trained two-
stream I3D (Carreira and Zisserman 2017) on Kinetics (Kay
et al. 2017) to extract features from the THUMOS14 dataset.
To ensure a fair comparison with recent state-of-the-art
methods, we also employ VideoMAEv2 (Wang et al. 2023)
and InterVideo2 (Wang et al. 2024), which are extensively
pre-trained large models, for feature extraction. The perfor-
mance of various TAL methods is shown in Table 1. It is
evident that recent methods based on innovative techniques
(such as Actionformer, TriDet and ActionMamba) outper-
form other counterparts. Moreover, the performance of our
proposed CLTDR-GMG is superior to all existing methods.
Specifically, our method achieves average mAPs of 69.9%,
71.8%, and 74.3% with I3D, VideoMAE V2, and Inter-
Video2 features, which are at least 0.6% , 1.7%, and 1.3%
higher than those of previous SOTA approaches.

MultiTHUMOS. Similar to the experiment on THU-
MOS14, we employ I3D and VideoMAEv2 to extract video
features on this dataset. The results in Table 2 clearly
show that our CLTDR-GMG significantly outperforms other
methods. Additionally, we find that the more sophisticated

Task Method 0.1 0.2 0.3 0.4 0.5 Avg.

V.

ActionFormer (Zhang, Wu, and Li 2022) 26.6 25.4 24.2 22.3 19.1 23.5
TemporalMaxer (Tang, Kim, and Sohn 2023) 27.8 26.6 25.3 23.1 19.9 24.5

TriDet (Shi et al. 2023) 28.6 27.4 26.1 24.2 20.8 25.4
TFFormer (Yang, Wei, and Zheng 2024) 28.8 27.7 26.1 24.7 20.5 25.6

TransGMC (Yang et al. 2024) 27.8 26.7 25.5 23.6 20.7 24.9
CLTDR-GMG 29.5 28.6 27.0 24.3 20.7 26.0

N.

ActionFormer (Zhang, Wu, and Li 2022) 25.2 24.1 22.7 20.5 17.0 21.9
TemporalMaxer (Tang, Kim, and Sohn 2023) 26.3 25.2 23.5 21.3 17.6 22.8

TriDet (Shi et al. 2023) 27.4 26.3 24.6 22.2 18.3 23.8
TFFormer (Yang, Wei, and Zheng 2024) 27.2 25.9 24.2 21.7 17.9 23.4

TransGMC (Yang et al. 2024) 26.4 25.2 23.4 21.4 18.1 22.9
CLTDR-GMG 28.2 26.9 25.2 22.7 19.4 24.5

Table 3: Performance comparison on EPIC-KITCHENS-
100 dataset. V. and N. denote the verb and noun sub-tasks.

Method
tIoU Avg.

0.5 0.75 0.95 0.5:0.05:0.95
ReAct (Shi et al. 2022)∗ 49.6 33.0 8.6 32.6
TadTR (Liu et al. 2022)∗ 51.3 35.0 9.5 34.6
TadTR (Liu et al. 2022)† 53.6 37.5 10.5 36.8

TALLFormer (Cheng and Bertasius 2022)‡ 54.1 36.2 7.9 35.6
TFFormer (Yang, Wei, and Zheng 2024) 54.4 36.7 7.5 35.8

ActionFormer (Zhang, Wu, and Li 2022)† 54.7 37.8 8.4 36.6
TransGMC (Yang et al. 2024)† 54.8 37.6 8.5 36.7

TriDet (Shi et al. 2023)† 54.7 38.0 8.4 36.8
CLTDR-GMG† 55.0 38.0 8.6 37.1

Table 4: Performance comparison on ActivityNet1.3 dataset.
∗: TSN features. ‡: Swin Transformer features. †: R(2+1)D
features. Others: I3D features.

VideoMAEv2 features can boost the TAL performance of
our CLTDR-GMG and some other approaches, which is
consistent with the results in Table 1. For instance, the
VideoMAEv2 features lead to a 2.2% improvement in av-
erage mAP for our method.

EPIC-KITCHENS-100. Table 3 shows the performance
obtained by different TAL methods using the features ex-
tracted by pre-trained SlowFast network (Feichtenhofer
et al. 2019). It can be seen that our CLTDR-GMG achieves
average mAPs of 26.0% and 24.5% for the verb and noun
subtasks, which are both superior to previous methods on
these challenging datasets.

ActivityNet-1.3. For the experiment on ActivityNet-1.3,
we use TSP R(2+1)D (Alwassel, Giancola, and Ghanem
2021) as the pre-trained model to extract video features,
which is consistent with the methodology used in several
recent studies (Shi et al. 2023). As shown in Table 4, our
method outperforms other methods.

HACS. On HACS dataset, we use the I3D (Carreira
and Zisserman 2017) features from RGB stream and
the SlowFast (Feichtenhofer et al. 2019) features from
TCANet (Qing et al. 2021b) in our experiments. As shown
in Table 5, our method achieves average mAPs of 37.2%
with I3D features and 39.2% with SlowFast features, which
outperforms the most recent TriDet model.
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Method 0.5 0.75 0.95 Avg.
TadTR (Liu et al. 2022) 47.1 32.1 10.9 32.1

TALLFormer (Cheng and Bertasius 2022)‡ 55.0 36.1 11.8 36.5
TCANet (Qing et al. 2021b)† 54.1 37.2 11.3 36.8

TriDet (Shi et al. 2023) 54.5 36.8 11.5 36.8
CLTDR-GMG 55.2 37.3 11.8 37.2

TriDet (Shi et al. 2023)† 56.7 39.3 11.7 38.6
CLTDR-GMG† 57.6 39.9 12.0 39.3

Table 5: Performance comparison on HACS dataset. ‡: Swin
Transformer features. †: SlowFast features. Others: I3D fea-
tures.

Instant ! 7 7 ! ! 7 !

Local 7 ! 7 ! 7 ! !

Global 7 7 ! 7 ! ! !

Avg. 73.4 73.4 73.5 73.6 73.8 73.9 74.3

Table 6: The analysis of different temporal granularities.

Ablation Study
We perform various ablation studies on THUMOS14 dataset
using InterVideo2-6B features to assess the effectiveness of
each component in our CLTDR-GMG.

Ablation on GMG. First, we conduct an ablation experi-
ment to demonstrate the effectiveness of each temporal gran-
ularity branch in our GMG module. Table 6 shows that our
method does not achieve satisfactory performance when us-
ing information from instant, local or global granularity in-
dividually. Furthermore, combining global granularity infor-
mation with either instant or local granularity information
yields better results than combining the information of in-
stant and local granularities. This substantiates that global
granularity information is crucial for the TAL task. Finally,
our method achieves optimal performance when integrating
information from all three temporal granularities.

We then explore the impact of gated mechanism in GMG
module. As shown in Table 7, our method achieves a per-
formance improvement of 0.4% when the gated mechanism
is used. This confirms the effectiveness of gated mechanism
for adaptive feature selection and redundancy elimination.

Finally, we replace the FFT-based global feature extractor
in our GMG with vanilla self-attention used by Transformer.
Table 8 reveals that while vanilla self-attention achieves sim-
ilar performance as our method, it incurs a significantly
higher parameter count, approximately 2.7 times that of our
FFT-based approach.

Ablation on CLTDR. To investigate the impact of feature
pyramid layers on classification and regression decoupling,
we conducted ablation studies as shown in Table 9. Our re-
sults indicate that fusing features from higher pyramid layer
enhances classification performance due to the richer seman-

Method 0.3 0.5 0.7 Avg.
without Gate 87.0 77.7 53.4 73.9

with Gate 87.3 77.9 53.9 74.3

Table 7: The impact of gated mechanism in GMG.

Global-Level 0.3 0.5 0.7 Avg. # Params
FFT 87.3 77.9 53.9 74.3 9.5M

Self-Attention 87.5 78.0 53.5 74.2 26.1M

Table 8: The comparison of global feature extractor in GMG.

classification regression
Pl+1 Pl Pl−1 mAP Pl+1 Pl Pl−1 mAP

! 73.3 ! 73.4
! ! 74.3 ! ! 74.3

! ! 73.8 ! ! 73.6
! ! ! 74.0 ! ! ! 73.2

Table 9: Ablation of pyramid layers in CLTDR.

Method 0.3 0.5 0.7 Avg.
without refinement 87.1 77.3 53.1 73.5
only refine classification 87.4 77.8 53.9 73.9
only refine regression 87.6 77.3 52.4 73.8
refine classification and regression 87.3 77.9 53.9 74.3

Table 10: The effectiveness of refinement in CLTDR.

Method 0.3 0.5 0.7 Avg.
Concatenation 86.7 76.7 53.3 73.4

Addition 86.8 77.3 52.8 73.5
Attention 87.3 77.9 53.9 74.3

Table 11: The comparison of fusion strategies in CLTDR.

tic information in them. For regression tasks, incorporating
features from lower layer contributes to more performance
gains, as they provide more detailed information. We fur-
ther find that incorporating both higher and lower pyramid
layers leads to a slight performance degradation, which sug-
gests that excessive information may be redundant or even
detrimental for task decoupling.

Then, the effectiveness of RefineHead in CLTDR is stud-
ied. The results in Table 10 indicates that the performance of
our method can be improved by refining the predictions of
classification and localization tasks.

At last, the attention based cross layer information fusion
strategy in DCM and DRM is compared with addition and
concatenation. From Table 11, it is clear that the attention
mechanism achieves better performance than other two in-
formation fusion manners.

Additional experimental results and analyses of our
method are provided in the supplementary material.1

Conclusion
In this paper, we proposed a GMG based encoder and a
CLTDR based decoder for TAL problem. Experiments con-
ducted on five datasets demonstrate that our method outper-
forms the previous approaches and achieves state-of-the-art
performance. Moreover, several ablation studies are also car-
ried out to validate the components in our method.

1http://arxiv.org/abs/2412.09202
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