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ABSTRACT

Recent approaches to Video Temporal Grounding (VTG) predominantly rely on
CLIP-based representations, often augmented with visual encoders such as Slow-
Fast or C3D to enhance temporal modeling. However, the prevailing “concat-
then-project” paradigm disrupts the inherent alignment between CLIP’s visual
and textual modalities and undermines the temporal modeling capabilities of the
additional video encoder. To address these, we propose FDAP, a plug-and-play
Feature Decoupling and Aggregation Paradigm. FDAP introduces two key com-
ponents: a Textual-Guided Feature Decoupling Module (TGFDM) that preserves
CLIP’s cross-modal alignment and SlowFast’s temporal modeling via indepen-
dent attention maps, and a Dual-branch Feature Aggregation Module (DFAM) that
dynamically adjusts feature weights during aggregation based on query-specific
needs. Extensive experiments across four VTG methods (M-DETR, TR-DETR,
CG-DETR, Flash-VTG) on three benchmark datasets (QVHighlights, Charades-
STA, TACoS) demonstrate consistent performance gains, e.g., a 3% improvement
in M-DETR’s R1@0.7 metric. With minimal overhead (0.2M additional param-
eters), FDAP advances VTG feature modeling and generalizes effectively across
diverse methods.

1 INTRODUCTION

With the rapid expansion of video content across diverse domains, efficiently identifying relevant
segments within untrimmed videos has become a critical research challenge. The Video Temporal
Grounding (VTG) task encompasses two downstream tasks: Moment Retrieval (MR) and Highlight
Detection (HD), which aim to leverage both textual and temporal information to precisely localize
video timestamps that correspond to the given textual descriptions.

The overall VTG task can be broadly divided into two key components: feature modeling for
multi-modal alignment and inter-frame temporal information aggregation, and head design for task-
specific adaptation to MR and HD. The majority of existing efforts have concentrated on head de-
sign|Yan et al.| (2023); [Xiao et al.|(2024); [Zhang et al.| (2020bjal)); |Cao et al.|(2025)). These methods
generally leverage simple feature modeling approaches, which can be divided into two main frame-
works: a) The “CLIP-Only” framework that relies solely on the multi-modal alignment capability of
the pretrained CLIP [Liu et al.[(2024)); Ju et al.| (2022); Huang et al.|(2023). b) The “CLIP+” frame-
work that introduces an additional video encoder to integrate the temporal modeling capability |[Lin
et al.| (2023)); Yang et al.|(2024); Jiang et al.| (2024)); Zhao et al.| (2024).

However, these feature modeling frameworks fail to meet the requirements of the VTG task. The
“CLIP-Only” framework lacks temporal modeling capabilities. The “CLIP+” framework directly
concatenates the features extracted from multiple encoders and projects them into a fixed dimension
before being aligned with CLIP textual features Moon et al.[(2023afb); |Sun et al.|(2024); [Liu et al.
(2022); Jang et al. (2023). It disrupts both the multi-modal alignment of CLIP and the temporal
modeling capabilities of the video encoder (see Figure [3). Moreover, in the VTG task, different
queries typically have different preferences for textual and temporal features (see Figure [)), yet
existing methods fail to model these preferences. Despite these shortcomings, feature modeling has
long been overlooked in the research community.

To address these challenges, we propose a plug-and-play Feature Decoupling and Aggregation
Paradigm (FDAP) to achieve better feature modeling for VTG. FDAP consists of two key com-
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Figure 1: Comparison between the conventional feature modeling paradigm and our proposed
paradigm for the VTG task. Existing methods adopt a “concat-then-project” aggregation approach,
whereas our paradigm decouples this process for more effective feature modeling.

ponents: the Textual-Guided Feature Decoupling Module (TGFDM), which preserves the inherent
alignment of CLIP features and maintains the temporal modeling capacity of SlowFast features; and
the Dual-branch Feature Aggregation Module (DFAM), which dynamically adjusts the preference
between textual and temporal features at the feature aggregation stage in a sample-adaptive manner.

Specifically, TGFDM computes a textual-guided attention map between CLIP’s visual and textual
features and a temporal-guided attention map from SlowFast features. These attention maps are in-
dependently applied to the CLIP and SlowFast visual streams, enriching representations with textual
and temporal cues. DFAM then adaptively integrates the two guided features with sample-specific
weights, enabling the model to dynamically adjust the preference for textual and temporal features
during the feature aggregation stage.

To validate the effectiveness of our proposed FDAP, we integrate FDAP into four widely adopted
VTG methods: M-DETR [Lei et al.| (2021), TR-DETR |Sun et al.| (2024), CG-DETR Moon et al.
(2023a)), and Flash-VTG|Cao et al.|(2025)), and conduct extensive experiments across three datasets:
QVHighlights|Lei et al.|(2021)), Charades-STA |Gao et al.|(2017), and TACoS [Regneri et al.| (2013).
The results demonstrate consistent performance improvements across all methods, e.g., it improves
R1@0.7 of M-DETR by about 3%. Notably, FDAP is highly lightweight, introducing only 0.2M
additional parameters.

Our main contributions are summarized as follows:

* We propose the FDAP to tackle three critical issues in VTG feature modeling: the disrup-
tion of CLIP’s cross-modal alignment, the degradation of SlowFast’s temporal modeling
capacity, and the neglect of query-dependent preferences between textual and temporal
features.

* We design a TGFDM to preserve CLIP’s cross-modal alignment while retaining SlowFast’s
temporal modeling capabilities. Additionally, we introduce a DFAM to dynamically adjust
feature preference between textual and temporal features in a sample-adaptive manner.

» Extensive experiments on four VTG methods across three benchmarks demonstrate the
effectiveness and generalizability of FDAP.
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Figure 2: Overview of the Feature Decoupling and Aggregation Paradigm, which consists of two
main components: (a) the Textual-Guided Feature Decoupling Module and (b) the Dual-Branch
Feature Aggregation Module.

2 METHODOLOGY

2.1 OVERVIEW

In the Video Temporal Grounding (VTG) task, the objective is to localize the most relevant tempo-
ral segment within an untrimmed video V, given a natural language query Q. Specifically, the input
video is processed by a frozen CLIP and SlowFast encoder to extract two parallel streams of visual
features, which are then projected into a unified feature space of dimension C via a dedicated MLP
layer, resulting in V¢ and V. Meanwhile, the textual features extracted from the CLIP text en-
coder are similarly projected and expanded as needed, yielding T,;. These multi-modal features are
subsequently aggregated via simple concatenation and passed to a unified grounding head ®, which
performs two tasks: moment retrieval (MR) and highlight detection (HD). The MR head predicts the
start and end timestamps of the target segment, while the HD head generates a continuous saliency
score to identify frames that are most semantically aligned with the query.

However, under the conventional “concat-then-project” aggregation paradigm, the dual visual fea-
tures V. and Vg are directly concatenated and projected into a fixed dimension C, followed by
cross-modal alignment with the textual features extracted by CLIP. This strategy inevitably disrupts
the inherent cross-modal alignment originally established by CLIP, while also undermining the tem-
poral modeling capabilities introduced by SlowFast. To mitigate the misalignment caused by naive
feature concatenation, we propose a Feature Decoupling and Aggregation Paradigm (FDAP), which
is composed of two key modules: the Textual-Guided Feature Decoupling Module (TGFDM) and
the Dual-branch Feature Aggregation Module (DFAM).

Specifically, TGFDM preserves CLIP’s original cross-modal alignment by decoupling the dual vi-
sual encoders and generating two types of enhanced visual representations: textually enhanced fea-

tures (f5*, fi*) and temporally enhanced features (f5™, fif™), formulated as follows:

{fa fa™, 16", £§™} = TGFDM(Ta, Va, Vi) M

Considering that different queries often exhibit different preferences for textual and temporal fea-
tures in VTG, it is crucial to design an aggregation strategy that accounts for such query-dependent
characteristics. However, conventional aggregation paradigms typically overlook such query-
dependent preferences. To address this limitation, we introduce the Dual-branch Feature Aggrega-
tion Module (DFAM), which incorporates three independent Adaptive Weight Aggregation Modules
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(AWAM) to compute sample-specific aggregation weights in a query-adaptive manner. This design
enables the model to effectively fuse the four enhanced visual representations based on the textual
and temporal preferences implied by each query. Formally, the aggregation is defined as:

F = ®(DFAM(f", £, f5™, ™)) 2
The final representation is routed to the task-specific head ¢ to produce F for label prediction,
supporting the downstream tasks of Moment Retrieval and Highlight Detection.

2.2 TEXTUAL-GUIDED FEATURE DECOUPLING MODULE

To address the three critical issues in feature modeling, we propose the Textual-Guided Feature De-
coupling Module (TGFDM), which specifically targets the first two: preserving the inherent cross-
modal alignment of CLIP features and maintaining the temporal modeling capacity of SlowFast
features, as illustrated in Figure[2| To achieve this, TGFDM computes two types of enhanced visual
representations using a textual-guided attention mechanism Att,x and a temporal-guided attention
mechanism Att,, yielding:

{fa, £ fam i}

TGFDM (T, Vo, Vir)
Attiex (Ter, Ver, Var)
Attiex (Tclv Va, VSf) 3)
Attier (Ter, Vg, Ver)
Att[em (Tch stv VSf)

We decompose the procedure as follows: First, to preserve the original cross-modal alignment estab-
lished by CLIP’s visual and textual encoders, we introduce a textual-guided attention mechanism,
which computes a textual-guided attention map M € RT*LX1 based on the visual and textual
features extracted from CLIP, where T denotes the total number of video frames, with L being the
number of tokens in the query. This map captures the semantic relevance between video content
and the query. The attention map M is then applied to both the CLIP and SlowFast visual features
to obtain the corresponding textually enhanced visual representations. The computation is formally
defined as:

Ty - VY
M = Softmax (CIVCI>
VC

1% = Attex (Ter, Ver, Var)
— Mcl ) Vcl c RTXLXC

o = Attiex (Tar, Var, Vi)
— Mcl Vg € RTXLXC

Here, T represents the matrix transpose operation. By using M, to attend over the CLIP features

V.1, we obtain f*; similarly, by replacing the value component with the SlowFast features Vg, we

cl »
derive the textually enhanced SlowFast representation, denoted as f{*.

“4)

Second, to address CLIP’s limited ability to capture inter-frame dependencies, we incorporate the
SlowFast network into our framework and introduce a temporal-guided attention mechanism to
model query-dependent temporal correlations. Analogous to the textual-guided attention mecha-
nism, this approach differs by explicitly capturing frame-level dependencies through computing the
temporal-guided attention map M € RT*T*1 along the temporal dimension. The computation is
formally defined as follows:

A=Ty Vi
AT
M = Softmax (A A )
VC
Ct?m = Attien (Tcla Vi, Vcl) (5)

— Msf . Vcl c RTXTXC
St?m = Atttem (Tcla st; st)
— Msf . st c RTXTXC
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Table 1: Comparison with state-of-the-art methods on the Charades-STA and TACoS datasets. “*”
denotes results under our FDAP. In the upper group, the highest score is underlined, while in the
lower group, the highest score is bolded.

Method Published Charades-STA TACoS

R1@0.5 R1@0.7 mloU R1@0.5 R1@0.7 mloU
M-DETR NeurIPS’21 - - - 24.67 11.97 25.49
2D-TAN AAAT20 46.02 27.50 - 27.99 12.92 27.22
VSLNet ACL’20 47.31 30.19 45.15 23.54 13.15 24.99
QD-DETR  CVPR’23 57.31 32.55 - - - -
UniVTG ICCV’23 58.01 35.65 50.10 34.77 17.35 33.60
LLMEPET MM’24 - 36.49 50.25 - 22.78 36.55
RQ—Tuning ECCV’24 59.78 37.02 50.86 38.72 25.12 35.92

CG-DETR arXiv’24 56.26 & 0.41 32.82 + 0.51 48.35 + 0.28 37.88 £+ 0.68 22.02 £+ 0.39 35.99 4+ 0.94
CG-DETR"_ Ours __57.37 -+ 0.24 34.78 £ 0.50 49.39 - 0.33 38.91 & 0.40 23.42 £ 0.58 36.27 £ 0.39

Flash-VTG ~ WACV’25 57.86 £ 0.75 35.45 + 0.30 49.63 £ 0.50 39.88 £ 0.54 25.73 £ 0.52 36.56 = 0.55
Flash-VTG* Ours  59.82 + 0.46 37.27 £ 0.97 51.11 & 0.17 40.74 £ 0.48 26.40 £ 0.43 37.16 + 0.34

where A denotes the attention logits reflecting the semantic correlation between the CLIP’s textual
query and SlowFast’s visual features.

2.3 DUAL-BRANCH FEATURE AGGREGATION MODULE

While prior studies leverage both textual and temporal features for video-query alignment, they
often overlook query-dependent preferences between these modalities. Most existing methods apply
uniform aggregation weights, ignoring sample-specific biases. To address this, we propose DFAM,
which enables flexible and query-sensitive fusion via three independent AWAMs.

Adaptive Weight Aggregation Module. To facilitate query-dependent preference modeling and
enable more effective aggregation of dual-stream representations, we propose the AWAM. In con-
trast to conventional strategies such as fixed-weight summation or naive concatenation with shared
global parameters, AWAM adaptively estimates weighting coefficients in a sample-specific man-
ner, allowing the model to dynamically adjust its emphasis on textual or temporal features based
on the input query, which is essential for the task of VTG. Concretely, we apply max pooling to
the textual-guided attention maps M, and temporal-guided attention maps M, along the spatial
(L) and temporal (T) dimensions, respectively, and concatenate the resulting descriptors. This con-
catenated representation is then fed into a parameter-independent multi-layer perception (MLP),
followed by a Softplus activation, to produce the textual weight A\; and the temporal weight As.
Formally defined as:

A1, Ao = MLP (Maxpool(./\/lcl) I Maxpool(./\/lsf)) (6)
where both inputs and outputs are tensors of shape RT*2, and || denotes the concatenation operation.

We subsequently perform textually and temporally enhanced feature aggregation using AWAM,
denoted as o. For textually enhanced feature, we compute a unified representation by applying the
learned weights A; and A2 to f5* and f§*, respectively. The aggregation is formally defined as:

O’( tex :;:x) — )\1 . ftex + )\2 . ;.FX (7)

cl » cl

In parallel, temporally enhanced feature is produced by weighting f5™ and fi§™ with the same
coefficients. This adaptive aggregation strategy enables flexible and context-aware aggregation of
dual-stream features at both semantic and temporal levels. Finally, we apply AWAM once more to
aggregate two enhanced features into the final output F. Here, the grounding head for downstream

tasks is denoted by ®. The complete aggregation process can be explicitly formulated as follows:
F = o (DFAM(/5, fi, 5™, £5™))

— (o (T ([, S5, Tiem (F5™, S5)))

®)
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Figure 3: Visualization of the query-aware representation capacity of existing VTG methods under
the conventional “concat-then-project” paradigm and our proposed FDAP.
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Figure 4: Visualization of query-dependent textual and temporal preferences in VTG, as reflected by
the final AWAM weights across different queries. (a) Textual and temporal weights of representative
samples. (b) Dataset-level distribution of textual and temporal weights.

Training and Inference Setting. Our FDAP serves as a head-agnostic and general feature modeling
paradigm. As an end-to-end method, it can be integrated into various pipelines while preserving
original experimental protocols and hyperparameter settings across different architectures.

Discussion. To qualitatively evaluate the model’s query perception capability, Figure [3] visualizes
the query-guided attention maps derived from the output representation F, produced by TR-DETR
and Flash-VTG under our FDAP, on the QVHighlights dataset. The attention map is presented
alongside the corresponding ground-truth video segments that are most relevant to the given query.
In the visualization, darker colors indicate higher relevance scores, while lighter colors represent
lower relevance. As illustrated, our method localizes query-relevant segments more precisely and
produces higher relevance scores compared to TR-DETR and Flash-VTG. These improvements can
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Table 2: Comparison on the QVHighlights validation set. “{” denotes methods using audio; “*”
indicates results under our FDAP. In the upper group, the highest score is underlined, while in the
lower group, the highest score is bolded.

Method Published Moment Retrieval Highlight Detection
R1@0.5 R1@0.7 mAP mAP Hit@1
UniVTG ICCV’23 59.74 - 38.83 36.13 61.81
uMT? CVPR’22 60.26 44.26 38.59 39.85 64.19
EaTR ICCV’23 61.36 45.79 41.74 37.15 58.61
QD-DETR CVPR’23 62.68 46.66 41.22 39.83 63.05
TaskWeave CVPR’24 64.26 50.06 45.38 39.28 63.68
UVCOM CVPR’24 65.10 51.81 45.79 - -
LLMEPET MM’24 66.58 51.10 46.24 40.52 65.03
R?-Tuning ECCV’24 68.71 52.06 47.59 40.59 64.32
M-DETR NeurIPS’21 5297 +1.13 32.88 £2.29 30.87 £1.35 35.84 0.38 55.29 £ 0.68
M-DETR* Ours 55.33 +1.43 3577 £ 1.37 3247 +1.22 36.30 + 0.56 56.59 + 1.93
"TR-DETR =~ AAAI'24 6578 £0.78 49.67 £0.86 43.71+£0.93 3943 £0.25 6443 £0.39"
TR-DETR* Ours 66.00 = 0.60 50.66 + 1.13 44.38 + 0.58 40.42 & 0.20 64.85 + 0.69

CG-DETR arXiv’24  64.88 £0.38 49.97 £0.39 43.67 = 0.51 39.95£0.34 64.42 +0.51
_CGDETR" __ Ours 6628+ 0.52 51334089 45154037 40432031 6520+ 105

Flash-VTG WACV’25 6778 £0.78 52.36 +0.88 4892 £0.53 41.08 £0.29 66.01 £0.74
Flash-VTG™ Ours 68.66 = 0.60 53.73 +0.42 49.46 +0.46 41.35+0.13 67.37 = 0.98

be attributed to the decoupled design of FDAP, which enables the model to effectively leverage
both textually enhanced and temporally enhanced representations, thereby facilitating more precise
grounding of query-dependent video segments.

Beyond analyzing how the aggregated features respond to query semantics, understanding the inher-
ent preference of queries toward different features is equally essential yet remains underexplored.
Figure {4 visualizes the textual and temporal preferences captured by the final AWAM module of
Flash-VTG under our FDAP setting on the QVHighlights dataset, where (a) presents the textual
and temporal weights of representative samples and (b) depicts their distributions across the original
dataset as well as the subsets derived from our preference-based partitioning. The classification is
guided by linguistic cues such as the presence of temporal connectives (while, then, until, e.g.), the
number of event verbs, and the dominance of stative verbs or relational constructs, resulting in 3,415
textual-preferred queries and 3,803 temporal-preferred queries. For instance, the query “A man talks
while he is eating McDonald’s” contains the temporal connective (while) and two dynamic actions
(talk, eat), thus categorized as temporal-preferred, whereas “Kids are sitting on the floor” lacks
temporal connectives and involves the stative verb (sit), aligning with the textual-preferred category.

Notably, we compute the weighting coefficients Ay and A, for each frame and average them across
all frames to obtain the final sample-adaptive aggregation weights. As shown, queries dominated
by nouns tend to rely more on textual features, whereas those involving states or actions are more
influenced by temporal features when identifying the relevant video segments.

3 EXPERIMENTS

3.1 DATASET AND EVALUATION METRICS

In this paper, we conduct comprehensive experiments on three widely used benchmarks for the
Video Temporal Grounding (VTG) task: QVHighlights |Lei et al.| (2021), Charades-STA |Gao et al.
(2017), and TACoS Regneri et al.| (2013). Among them, QVHighlights is the most extensively
adopted, as it provides annotations for both MR and HD. The dataset contains over 10,000 daily
vlogs and news videos paired with natural language queries, where each video may include multiple
moment-level retrieval clips. This setting better reflects real-world scenarios and retrieval chal-
lenges. In addition, we evaluate our model on Charades-STA and TACoS for MR, which focus on
indoor daily activities and complement grounding performance in structured environments.
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Table 3: Ablation study on different components conducted within the Flash-VTG framework on
the Charades-STA dataset. The highest score in each row is bolded.

Component +DFAM v v
+ TGFDM v v

R1@0.3 68.25 69.14 71.32 4+ 0.40

R1@0.5 54.89 58.33 59.82 + 0.46

Metrics R1@0.7 32.77 35.53 37.27 + 0.97

mAP 37.27 40.03 41.35 + 0.26

mAP@0.5 65.56 67.63 69.39 + 0.36

mAP@0.75 36.22 39.85 41.16 + 0.50

We follow the standard evaluation protocols adopted in previous studies. For HD, we employ mAP
and HIT@1 as evaluation metrics, where a prediction is considered correct if it receives a saliency
score of Very Good. For MR, we report R1 at IoU thresholds of 0.5 and 0.7, mAP at the same
thresholds, and the average mAP computed over a range of IoU thresholds from 0.5 to 0.95 with an
interval of 0.05 on the QVHighlights dataset. Additionally, we assess MR performance on Charades-
STA and TACoS using R1 at IoU thresholds of 0.3, 0.5, and 0.7, as well as the mloU.

3.2 IMPLEMENTATION DETAILS

In all experiments, we utilize the same visual and textual features extracted by CLIP Radford et al.
(2021)) and SlowFast|Feichtenhofer et al.| (2018)) across the three datasets to ensure fair comparisons.
To mitigate variance from random seeds, we follow M-DETR’s protocol and report mean =+ std
over five runs. We evaluate our method on four representative benchmarks: M-DETR [Lei et al.
(2021)), TR-DETR |Sun et al.| (2024), CG-DETR [Moon et al.| (2023a), and Flash-VTG |Cao et al.
(2025). Since the official implementations of M-DETR and TR-DETR are not publicly available
on Charades-STA and TACoS, these two baselines are only evaluated on the QVHighlights dataset.
All experiments are conducted using the same five random seeds on a single RTX 4090 GPU. Other
experimental settings and hyperparameters strictly follow the original configurations. For parameter
and FPS comparisons in Table[5] the batch size is fixed to 32.

3.3 COMPARISON RESULTS

We first evaluate the effectiveness of the proposed FDAP on four benchmark datasets, beginning with
Charades-STA and TACoS, which are widely adopted in VTG and primarily represent in-domain
scenarios. The corresponding results are reported in Table|l| As shown, integrating FDAP consis-
tently improves performance across all evaluation metrics, including R1@0.5, R1@0.7, and mloU,
compared to the baselines. Notably, in both Table [T] and Table 2] the upper group of results corre-
sponds to those reported in the original papers, while the lower group presents our re-implemented
results, averaged over five runs with fixed random seeds following the M-DETR evaluation protocol
(mean =+ standard deviation). Specifically, incorporating FDAP into Flash-VTG leads to a 1.96%
improvement in R1@0.5 and a 1.48% gain in mloU. Beyond performance improvements, FDAP
also contributes to improved result stability. In the lower group of Table[I] 83.3% of the metrics
exhibit reduced standard deviation, demonstrating the robustness of the proposed paradigm. These
results highlight the effectiveness of FDAP in enhancing accuracy and stability in moment retrieval.

To validate our method for highlight detection, we conduct additional experiments on the QVHigh-
lights validation set, which supports both MR and HD tasks. The results for both tasks are summa-
rized in Table[2] Our FDAP approach consistently improves performance across all baseline methods
on MR metrics, achieving gains of approximately 0.5%—1% over TR-DETR and Flash-VTG, around
2% over CG-DETR, and nearly 3% over M-DETR. In addition, we assess the performance of FDAP
on the HD task using HL-mAP and HL-HIT@ 1. As shown in Table[2} Flash-VTG with FDAP yields
a 1.36% improvement in HL-HIT @ 1; when combined with CG-DETR, it achieves a 0.78% gain in
HL-HIT@1; and with TR-DETR, it brings a 0.99% improvement in HL-mAP. These results further
demonstrate the robustness and effectiveness of our approach.
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Table 4: Ablation study of different feature aggregation methods conducted using Flash-VTG on the
Charades-STA dataset. The highest score in each column is bolded.

Setting R1@0.5 R1@0.7 mloU
Concat 57.53 34.33 49.51
Add 58.33 35.53 49.67
Weighted Sum 58.04 36.4 50.06
AWAM (Ours) 59.82 + 0.46 37.27 £ 0.97 51.11 £ 0.17

Table 5: Ablation study on FPS and Parameters of different methods with our FDAP on the QVHigh-
lights dataset. “*”” denotes models equipped with our FDAP.

Metric M-DETR TR-DETR CG-DETR Flash-VTG
FPS 498.91 281.97 39.41 175.59
Params (M) 4.6 7.9 12.0 10.6
Metric M-DETR* TR-DETR* CG-DETR* Flash-VTG™
FPS 469.78 265.29 36.43 159.67
Params (M) 4.8 8.1 12.2 10.8

3.4 ABLATION STUDY

As shown in Table [3] we analyze the individual contributions of the TGFDM and the DFAM. No-
tably, the TGFDM yields a performance gain over the baseline, with both mAP and R1 score for MR
improving by nearly 3%. In addition, the DFAM further contributes to performance improvement,
leading to an additional gain of nearly 2%.

Within our AWAM, we observe that different feature aggregation strategies significantly affect
model performance. In addition to the qualitative analysis presented in Figure |4, we further pro-
vide a quantitative comparison of different aggregation methods in Table[d} To this end, we conduct
a comprehensive evaluation on the Charades-STA dataset, comparing conventional strategies includ-
ing concatenation, element-wise addition, and weighted sum against our proposed AWAM. The eval-
uation is performed using R1@0.5, R1@0.7, and mloU metrics. As shown in Table @, AWAM out-
performs the commonly adopted “concat-then-project” paradigm, yielding improvements of 2.29%
and 2.94% in R1@0.5 and R1@0.7, respectively, along with a 1.6% gain in mloU. These results
demonstrate the effectiveness of AWAM for feature aggregation in the decoupling framework.

Moreover, our FDAP introduces negligible computational overhead, introducing merely 0.2M ad-
ditional parameters and incurring a 5%—-9% increase in inference time (FPS), as shown in Table
For example, when integrated into Flash-VTG, the additional parameters account for only 1.85% of
the total model size. Specifically, FDAP increases FPS latency by 5.83%, 5.91%, 7.56%, and 9.06%
on M-DETR, TR-DETR, CG-DETR, and Flash-VTG, respectively. This lightweight design enables
efficient deployment in resource-constrained scenarios with negligible computational cost.

4 CONCLUSION

In this paper, we propose FDAP, a plug-and-play Feature Decoupling and Aggregation Paradigm for
Video Temporal Grounding. Unlike the conventional “concat-then-project” paradigm, FDAP decou-
ples the CLIP and SlowFast features and employs a Textual-Guided Feature Decoupling Module to
maintain SlowFast’s temporal modeling capability, while preserving the original alignment between
CLIP’s visual and textual representations. Furthermore, we introduce DFAM to adjust the prefer-
ence between textual and temporal features in a sample-adaptive manner. Extensive experiments on
three VTG benchmarks demonstrate the superior performance of FDAP on both the Moment Re-
trieval and Highlight Detection tasks. We hope that our FDAP can inspire further exploration into
feature aggregation strategies for VTG tasks within the community.
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CONTENTS OF APPENDIX

This supplementary material provides additional discussions and experiments to further support the
effectiveness of our proposed method. The appendix is organized into three parts:

A) Related Work. We review prior research on Video Temporal Grounding (VTG), from
early benchmarks on moment retrieval and highlight detection [Regneri et al.| (2013)); |Gao!
et al.[| (2017) to unified benchmarks such as QVHighlights |[Lei et al.| (2021). Advances
in cross-modal feature modeling range from “CLIP-only” approaches |Liu et al. (2024);
Huang et al|(2023)); |Radford et al.[(2021) to “CLIP+” paradigms that incorporate temporal
encoders like SlowFast |Feichtenhofer et al.| (2018), VGG Simonyan & Zisserman| (2014)),
or C3D |Carreira & Zisserman|(2017)), with representative works including TR-DETR |Sun
et al.| (2024), CG-DETR Moon et al.| (2023a)), and Flash-VTG |Cao et al.| (2025). A key
underexplored challenge is query-dependent feature preference, where different queries
emphasize textual or temporal cues; our FDAP addresses this by decoupling features and
dynamically adapting aggregation to query semantics.

B) Extended Visualization Results. We present additional qualitative comparisons on
QVHighlights and Charades-STA, evaluating TR-DETR, CG-DETR, and Flash-VTG
alongside their FDAP-enhanced counterparts. As illustrated in Figures [5] and [6] the ex-
amples include both single and multiple relevant segments. For fair comparison, all pre-
dicted score sequences are normalized by their respective maximum values. Across both
datasets, FDAP consistently produces predictions that better align with the ground-truth
score distributions and exhibit stronger saliency responses, demonstrating its effectiveness
and generalizability in capturing query-relevant moments under complex temporal condi-
tions.

C) Additional Quantitative Results. We provide further quantitative comparisons for M-
DETR, TR-DETR, CG-DETR, and Flash-VTG. Specifically, we report detailed metrics on
the QVHighlights validation and test sets, as well as on the Charades-STA and TACoS
datasets, averaged over five runs with fixed random seeds. This offers a comprehensive
comparison between the original models and their FDAP-enhanced versions.

A RELATED WORK

Video Temporal Grounding. Video Temporal Grounding (VTG) aims to localize semantically rel-
evant temporal segments within untrimmed videos conditioned on natural language queries. The
task comprises several subtasks, such as moment retrieval (MR) and highlight detection (HD), all of
which require precise cross-modal alignment between visual content and linguistic semantics over
time. While early benchmarks Regneri et al.| (2013); |Gao et al.| (2017) addressed MR and HD as
separate problems, recent benchmarks like QVHighlights |Lei et al.| (2021) unify these subtasks to
enable comprehensive evaluation, introducing Moment-DETR as a strong baseline for joint model-
ing that has laid the foundation for subsequent frameworks in VTG.

Cross-Modal Feature Modeling. In the task of VTG, feature modeling remains a central challenge,
aiming to effectively capture and integrate features across diverse modalities. “CLIP-Only” meth-
ods, such as R2-Tuning |Liu et al.| (2024) and VoP Huang et al.| (2023), leverage a single visual-text
encoder—CLIP [Radford et al.| (2021)—to exploit the representational capacity of a unified back-
bone. These approaches focus on aligning visual and textual modalities within a shared embedding
space. However, the modeling capacity of a single encoder remains limited. To address these limita-
tions, recent research has shifted toward multi-modal feature aggregation, in which CLIP features are
combined with temporal encoders such as SlowFast [Feichtenhofer et al.| (2018), VGG |Simonyan &
Zisserman| (2014), or C3D |Carreira & Zisserman| (2017). As a result, several “CLIP+” approaches
have emerged. For instance, TR-DETR [Sun et al.| (2024) introduces a local-global multi-modal
alignment mechanism to project features from different modalities into a unified embedding space.
CG-DETR Moon et al.| (2023a) employs dummy tokens and adaptive cross-attention to suppress
irrelevant video segments conditioned on the query. More recently, Flash-VTG |Cao et al.| (2025)
proposes a Temporal Feature Layering module to model temporal dynamics, along with an Adap-
tive Score Refinement strategy that incorporates contextual cues to enhance frame-level relevance.
However, recent works that adopt the “concat-then-project” aggregation paradigm disrupt the origi-
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Query: Man with curly hair speaks directly to camera.

78 GT]

16 92 Flash-V1G ]

20 80 Flash-VTG w/ Ours ]

96 TR-DETR ]

81 TR-DETR w/Ours ]

| (o ot )
| s Flash-VTG

| . Flash-VTG w/ Ours
| mmmm TR-DETR
: mmmm TR-DETR w/ Ours

0 10 20 30 4 50 60 70 8 9 100 110 120 130 140 150
Query: Man and woman sit next to each other on a plane.

AT i
o I 70 114 I 126 GT ]
o I s 109 38T Tash-VIG
o I 15 I 126 Flash-V1G w/ Ours )
o T B TRDETR
o I 112 128 TR-DETR w/ Ours
________________ .
.{— GT

1
| Flash-VTG H
| I Flash-VTG w/ Ours !
1
1
|

Figure 5: Qualitative results of TR-DETR and Flash-VTG, as well as their enhancements with our
proposed FDAP, on the QVHighlights validation set.

nal alignment between CLIP’s visual and textual representations and degrade the temporal modeling
capability of SlowFast. FDAP effectively addresses the inherent limitations of the conventional ag-
gregation paradigm through feature decoupling.

Query-Dependent Feature Preferences. Another underexplored challenge in VTG is the query-
dependent preference for different feature modalities. Depending on the semantics of the query,
some samples may benefit more from temporal cues (e.g., actions), while others rely heavily on
appearance or contextual information. In conventional aggregation paradigms, textual and temporal
features are processed jointly using shared parameters, which implicitly ignores such query-specific
preferences. To address this limitation, our FDAP introduces the DFAM, which dynamically learns
preference weights between textual and temporal features in a sample-adaptive manner. This design
enhances the model’s domain adaptability while preserving the original alignment between visual
and textual representations.

B EXTENDED VISUALIZATION RESULTS

We present qualitative analysis results on both QVHighlights and Charades-STA to compare base-
line models (TR-DETR, CG-DETR, and Flash-VTG) with their FDAP-enhanced counterparts. As
shown in Figures[5]and[6] the examples cover cases with single and multiple relevant segments. For
fair comparison, all predicted score sequences are normalized by their respective maximum values.
Across both datasets, FDAP-augmented models (green and blue) yield predictions that align more
closely with the ground-truth score distributions and exhibit higher saliency responses, compared
to the original models (brown and orange). These consistent improvements highlight the effective-
ness and generalizability of FDAP in accurately capturing query-relevant moments and enhancing
robustness under complex temporal conditions.
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Query: The person puts down the bag.
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Figure 6: Qualitative results of CG-DETR and Flash-VTG, as well as their enhancements with our
proposed FDAP, on the Charades-STA test set.

Table 6: Comparison results of M-DETR on the QVHighlights validation set. “*” denotes results
obtained with our proposed FDAP. S1 through S5 correspond to experiments conducted with fixed
random seeds.

Method R1@0.5 R1@0.7 mAP mAP@0.5 mAP@0.75
M-DETR-S1 53.10 34.13 31.38 54.51 30.14
M-DETR-S2 54.71 34.58 31.67 55.49 29.82
M-DETR-S3 52.06 32.13 29.81 53.61 27.77
M-DETR-S4 52.71 35.55 31.37 54.40 30.53
M-DETR-S5 52.13 33.42 30.09 53.51 27.84
M-DETR-S1* 54.84 36.45 32.19 55.28 30.48
M-DETR-S2* 54.39 35.87 32.05 55.28 31.71
M-DETR-S3* 57.68 37.61 34.55 58.31 33.42
M-DETR-S4* 55.61 34.77 3224 56.23 31.11
M-DETR-S5* 53.10 35.55 31.50 54.40 30.17

C ADDITIONAL QUANTITATIVE RESULTS

Table |§| provides a detailed comparison of M-DETR, TR-DETR, CG-DETR, Flash-VTG with and
without our proposed FDAP on the QVHighlights test and validation sets. All experiments are
conducted under five independent runs with fixed random seeds (S1 to S5, corresponding to seed
values 604, 2001, 2025, 4721, and 7717, respectively), ensuring statistical reliability of the reported
results.

We observe that, even under the same model architecture, variations in random seed can lead to
significant performance fluctuations. For example, in Table[6} the original M-DETR exhibits a large
variance of 5.26% in R1@0.7 on the test set, ranging from 28.92% (S3) to 34.18% (S2). With the
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Table 7: Comparison results of TR-DETR on the QVHighlights validation set. “*” denotes results
obtained with our proposed FDAP. S1 through S5 correspond to experiments conducted with fixed
random seeds.

Method R1@0.5 R1@0.7 mAP mAP@0.5 mAP@0.75
TR-DETR-S1 64.65 48.65 42.25 63.87 43.28
TR-DETR-S2 66.19 50.13 43.78 65.27 43.31
TR-DETR-S3 65.61 50.77 44.70 65.30 45.80
TR-DETR-S4 66.77 49.81 44.25 65.97 44.98
TR-DETR-S5 65.68 48.97 43.59 64.91 43.87
TR-DETR-S1* 64.97 49.03 43.52 65.15 44.27
TR-DETR-S2* 66.13 51.81 44.74 64.71 45.47
TR-DETR-S3* 66.52 50.65 45.04 65.82 45.67
TR-DETR-S4* 66.06 50.19 44.35 66.30 45.64
TR-DETR-S5* 66.32 51.61 44.24 65.45 45.47

Table 8: Performance comparison of CG-DETR on the QVHighlights validation set. “*” denotes
results obtained with our proposed FDAP. S1 through S5 correspond to experiments conducted with
fixed random seeds.

Method R1@0.5 R1@0.7 mAP mAP@0.5 mAP@0.75
CG-DETR-S1 65.23 49.94 43.30 64.82 44.19
CG-DETR-S2 64.26 49.35 43.22 63.89 43.85
CG-DETR-S3 64.84 50.00 44.37 64.96 45.55
CG-DETR-S4 64.90 50.39 44.05 64.41 45.34
CG-DETR-S5 65.16 50.19 43.39 64.52 44.09
CG-DETR-S1* 67.03 52.84 45.80 66.35 46.79
CG-DETR-S2* 66.26 50.77 45.10 65.89 45.86
CG-DETR-S3* 66.26 51.35 45.05 66.07 46.30
CG-DETR-S4* 65.55 51.03 44.96 65.21 45.99
CG-DETR-S5* 66.32 50.65 44.85 65.98 45.47

introduction of our FDAP, this variance is substantially reduced to 2.86%, with R1@0.7 ranging
from 33.98% (S4*) to 36.84% (S3*). To account for the remaining variability and rigorously assess
the effectiveness of our approach, we adopt an evaluation protocol that reports the mean and standard
deviation over five runs with different fixed seeds.

Table[6|reports retrieval performance improvements achieved by integrating FDAP on the validation
set. For R1@0.5, the baseline model achieves scores ranging from 52.06% (S3) to 54.71% (S2),
while FDAP-enhanced models improve this to 53.10% (S5*) and 57.68% (S3*), corresponding to
gains of 1.04% to 2.97%. For R1@0.7, the baseline scores span 32.13% (S3) to 35.55% (S4), and
FDAP raises these to 34.77% (S4*) and 37.61% (S3*), yielding improvements of 2.64% to 2.06%.
The mAP metric exhibits similar gains, increasing from 29.81% (S3) to 34.55% (S3*) after applying
FDAP.

Table[/|summarizes the impact of FDAP on TR-DETR’s performance across multiple metrics on the
QVHighlights validation set. Compared to the baseline models, FDAP consistently improves results
across all evaluation metrics. For instance, R1@0.5 increases from 64.65% (S1) to 66.52% (S3*),
and R1@0.7 improves from 48.65% (S1) to 51.81% (S2*). Mean average precision (mAP) also
shows notable gains, rising from a range of 42.25%-44.70% to 43.52%-45.04%. Similar improve-
ments are observed in mAP@0.5 and mAP@(.75, demonstrating enhanced localization accuracy.
These results confirm that FDAP consistently enhances TR-DETR’s retrieval and localization capa-
bilities across different random initializations, highlighting its robustness and generalizability.
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Table 9: Performance comparison of Flash-VTG on the QVHighlights validation set. “*” denotes
results obtained with our proposed FDAP. S1 through S5 correspond to experiments conducted with
fixed random seeds.

Method R1@0.5 R1@0.7 mAP mAP@0.5 mAP@0.75
Flash-VTG-S1 68.52 53.55 49.66 68.67 51.48
Flash-VTG-S2 67.23 51.23 48.83 68.73 51.37
Flash-VTG-S3 68.39 52.13 48.69 68.62 50.03
Flash-VTG-S4 66.71 52.84 48.57 67.16 50.67
Flash-VTG-S5 68.06 52.06 48.84 68.01 50.19
Flash-VTG-S1* 68.06 53.42 49.96 68.89 52.33
Flash-VTG-S2* 68.06 53.23 49.55 68.48 51.61
Flash-VTG-S3* 69.35 53.81 49.24 69.17 51.57
Flash-VTG-S4* 68.65 53.87 49.75 69.33 51.95
Flash-VTG-S5* 69.16 54.32 48.78 68.80 51.18

Table 10: Comparison results of CG-DETR on the Charades-STA and TACoS datasets. “*” denotes
results obtained with our proposed FDAP. S1 through S5 correspond to experiments conducted with
fixed random seeds.

Charades-STA TACoS
R1@0.5 R1@0.7 mAP mAP@0.5 mloU R1@0.5 R1@0.7 mAP mAP@0.5 mloU

CG-DETR-S1 56.59 33.04 3427 6573 48.55 3839 21.54 21.06 4240 36.23
CG-DETR-S2 56.83 3247 33777 6541 48.66 3824 22.04 2131 4234 36.40
CG-DETR-S3 55.73  32.02 3320 63.65 48.23 36.89 2259 2095 4124 34.13
CG-DETR-S4 55.81 3323 3398 6540 47.89 3747 2194 2133 41.87 36.52
CG-DETR-S5 56.32 3333 3557 67.53 4840 3842 2197 2223 4480 36.75

CG-DETR-S1* 57.10 35.11 3577 66.70 49.35 38.84 23774 2223 43.16 36.06
CG-DETR-S2* 57.39 3476 3539 6624 4946 3832 2257 2141 4267 3572
CG-DETR-S3* 57.74 34.68 3541 6641 4992 3894 23.07 2207 43.14 36.61
CG-DETR-S4* 57.12 3398 35.11 66.66 49.06 3942 2379 23.05 4423 36.67
CG-DETR-S5* 57.50 3538 35.88 67.61 49.19 39.02 2394 22.89 4408 36.27

Method

Table [§|reports the performance of CG-DETR with and without FDAP integration on the QVHigh-
lights validation set. The baseline R1@0.5 scores range from 64.26% (S2) to 65.23% (S1), which
are further improved to 65.55%—-67.03% with FDAP. For R1@0.7, FDAP consistently boosts perfor-
mance from 49.35%-50.39% to 50.65%—-52.84%. Similarly, mAP increases from a baseline range
of 43.22%-44.37% to 44.85%—-45.80% after applying FDAP. Improvements are also observed in
mAP@0.5 (from 63.89%—-64.96% to 65.21%—66.35%) and mAP@0.75 (from 43.85%—-45.55% to
45.47%—46.79%). These consistent gains across all metrics and seeds demonstrate the effectiveness
and robustness of FDAP in enhancing CG-DETR’s temporal grounding performance.

Table O] reports the evaluation of Flash-VTG with and without FDAP across five fixed random
seeds on the QVHighlights validation set. The integration of FDAP consistently enhances key
performance metrics. Specifically, R1@0.5 improves from a baseline range of 66.71%—-68.52%
to 68.06%—69.35%, while R1@0.7 increases from 51.23%—-53.55% to 53.23%-54.32%. Similarly,
mAP is improved from 48.57%—49.66% to 48.78%—49.96%. FDAP also brings consistent gains
in mAP@0.5 (from 67.16%—68.73% to 68.48%—69.33%) and mAP@0.75 (from 50.03%-51.48%
to 51.18%-52.33%). These consistent improvements across all seeds confirm the robustness and
generalizability of FDAP when applied to Flash-VTG under varied initialization conditions.

Table presents the performance comparison of CG-DETR with and without FDAP on the
Charades-STA and TACoS datasets across five fixed random seeds. The incorporation of FDAP
consistently improves performance across all metrics and datasets. For Charades-STA, R1@0.5
increases from a baseline range of 55.73%-56.83% to 57.10%—-57.74%, and R1@(.7 improves
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Table 11: Comparison results of Flash-VTG on the Charades-STA and TACoS datasets. “*” denotes
results obtained with our proposed FDAP. S1 through S5 correspond to experiments conducted with
fixed random seeds.

Charades-STA TACoS
R1@0.5 R1@0.7 mAP mAP@0.5 mloU R1@0.5 R1@0.7 mAP mAP®@0.5 mloU

Flash-VTG-S1 58.50 3591 3987 6852 50.22 3999 2624 27.10 4852 36.66
Flash-VTG-S2 58.15 3540 3922 6745 49.56 39.04 2522 2634 47778  35.65
Flash-VTG-S3 57.02 3532 3920 66.75 49.04 40.24 25,57 2773 49.04 37.06
Flash-VTG-S4 57.60 3422 39.10 6796 4929 39.72 2529 27.73 48.65 36.52
Flash-VTG-S5 58.60 3532 3947 6849 50.04 4041 2632 2758 49.88  36.89

Flash-VTG-S1* 60.56 3642 4132 69.94 5135 40.11 26.82 2832 4939 37.57
Flash-VTG-S2* 59.54  36.77 4155 69.30 51.05 4034 2577 2740 49.59  36.79
Flash-VTG-S3* 5997 36.51 4092 69.50 50.88 41.09 26.29 27.87 4997 37.16
Flash-VTG-S4* 59.54  38.39 4151 69.25 51.09 41.04 2679 2838 50.20 37.42
Flash-VTG-S5* 59.49 3825 4145 6898 51.19 41.14 2632 28.06 49.85 36.84

Method

from 32.02%-33.33% to 33.98%-35.38%. Similar improvements are observed in mAP (from
33.20%-35.57% to 35.11%-35.88%), mAP@0.5 (from 63.65%—67.53% to 66.24%—67.61%), and
mloU (from 47.89%-48.66% to 49.06%—49.92%). On the TACoS dataset, R1@0.5 increases from
36.89%-38.42% to 38.32%-39.42%, R1@0.7 from 21.54%—-22.59% to 22.57%—23.94%, and mAP
from 20.95%-22.23% to 21.41%-23.05%. Similarly, consistent gains are observed in mAP@0.5
(from 41.24%—-44.80% to 42.67%—44.23%), and mloU (from 34.13%—-36.75% to 35.72%—-36.67%).
These improvements across all random seeds and evaluation metrics further validate the effective-
ness of FDAP in enhancing CG-DETR’s performance.

To further evaluate the stability and robustness of FDAP across different random initializations,
we report results of Flash-VTG variants under five distinct random seeds (S1-S5) in Table
Each row pair compares the baseline Flash-VTG with its FDAP-enhanced counterpart. Across both
Charades-STA and TACoS datasets, we observe consistent performance gains after applying FDAP.
In particular, FDAP contributes to improvements in stricter metrics such as R1@0.7, which reflect
precise temporal grounding. For example, on Charades-STA, Flash-VTG-S4* achieves the highest
R1@0.7 (38.39%), surpassing all other settings. Similarly, on TACoS, Flash-VTG-S4* yields the
best R1@0.5 (41.04%). These consistent improvements across multiple runs validate the generaliz-
ability of FDAP, indicating that it not only enhances overall performance but also reduces variability
across training seeds.

Overall, we conduct comprehensive experiments on multiple baseline models (M-DETR, TR-
DETR, CG-DETR, Flash-VTG) across the QVHighlights, Charades-STA, and TACoS datasets, eval-
uating the effectiveness of our proposed FDAP module under five fixed random seeds. The results
demonstrate that FDAP consistently improves retrieval and detection metrics across all models and
datasets. Notably, FDAP yields substantial gains on stricter metrics such as R1@0.7, which require
precise temporal grounding, confirming its ability to improve both accuracy and reliability. These
findings validate FDAP as a generalizable and effective paradigm for temporal grounding models.
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