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Abstract

Temporal sentence grounding in videos (TSGV) aims to
localize a temporal segment that semantically corresponds
to a sentence query from an untrimmed video. Most cur-
rent methods adopt pre-trained query-agnostic visual en-
coders for offline feature extraction, and the video back-
bones are frozen and not optimized for TSGV. This leads to a
task discrepancy issue for the video backbone – trained for
visual classification, but utilized for TSGV. To bridge this
gap, we propose a fully end-to-end paradigm that jointly
optimizes the video backbone and localization head. We
first conduct an empirical study validating the effectiveness
of end-to-end learning over frozen baselines across differ-
ent model scales. Furthermore, we introduce a Sentence
Conditioned Adapter (SCADA), which leverages sentence
features to train a small portion of video backbone parame-
ters adaptively. SCADA facilitates the deployment of deeper
network backbones with reduced memory and significantly
enhances visual representation by modulating feature maps
through precise integration of linguistic embeddings. Ex-
periments on two benchmarks show that our method out-
performs state-of-the-art approaches. The code and models
will be released.

1. Introduction
Joint modeling of videos and language, such as video cap-
tioning [46, 65] and video question answering [11, 63],
has gained significant attention in the multimedia com-
munity. In this work, we focus on Temporal Sentence
Grounding in Videos (TSGV) [19, 34], which aims to
localize activities in untrimmed videos through language
queries [13]. TSGV has broad applications in surveillance
retrieval, movie search, and intelligent logistics.

Despite the promising results, the majority of current
methods restrict the performance due to the sub-optimal
video features and insufficient utilization of language. Most
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Language Query: The man stops cutting 
and begins to step down from the ladder.

Language Query: The man stops cutting 
and begins to step down from the ladder.

Figure 1. An overview of the classic pipeline for TSGV (top) vs
ours fully end-to-end pipeline (bottom).

of the current TSGV pipeline mainly consist of the follow-
ing stages, as shown in Figure 1(a): feature extraction
stage to encode the videos and sentences into embedding,
cross-modal fusion stage to integrate the information from
both modalities, and moment localization stage to pinpoint
the start and end time of the described activity within the
video. First of all, the recent literature first pre-train the
video encoder on a large video classification dataset then
freezes it to extract features. After that, only the local-
ization module upon the features is updated for the TSGV
task. However, these backbones are typically trained on a
limited range of objects or actions described at the phrase
level. Consequently, pre-trained models are not likely to
grasp the intricate semantics of natural language queries.
Second, some state-of-the-art methods not only extract fea-
tures from the two modalities independently but also fail to
utilize sentence features during the localization stage. Al-
though these methods integrate the language and video in
the fusion stage, it is far from adequate to align the vision
and sentences for TSGV due to the high requirement for the
precise semantic alignment between the visual and natural
language domains.

To address these limitations, as illustrated in Figure 1(a),
we propose a fully end-to-end framework that deeply in-
tegrates language throughout the entire pipeline, dynami-
cally modulating both the visual backbone and the tempo-
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ral localization head. Breaking away from the sub-optimal
paradigm of frozen, independent feature extraction, we in-
troduce a Sentence Conditioned Adapter (SCADA). As il-
lustrated in Figure 1(b), SCADA conditions the pre-trained
visual backbone (e.g., ViT) on the sentence embedding, en-
abling the network to extract visual concepts tightly aligned
with the query’s intricate semantics. To further enrich
this visual learning and accelerate training, we reformu-
late the mini-batch construction to process multiple sen-
tence queries per video simultaneously. Finally, rather than
limiting language utilization to a standard cross-modal fu-
sion stage, our method leverages the sentence embeddings
to generate channel-wise attention weights, explicitly guid-
ing the localization head to predict precise temporal bound-
aries. Extensive experiments demonstrate the superiority of
our approach, achieving Rank1@IoU=0.5 scores of 48.1%
on Charades-STA and 30.5% on ActivityNet-Captions.

To summarize, our contributions are as follows:
• We introduce a novel, fully end-to-end framework for

TSGV that uniquely leverages sentence embeddings to
continuously guide the entire video grounding process.

• We propose a Sentence Conditioned Adapter (SCADA).
It dynamically conditions the visual backbone on sen-
tence embeddings to capture query-aligned visual con-
cepts.

• Extensive experiments on two challenging benchmarks
demonstrate that our method significantly outperforms
existing state-of-the-art approaches.

2. Related Work
The previous related studies are mainly divided into two cat-
egories: temporal activity localization, and temporal sen-
tence grounding in videos.

Temporal activity Localization. Initially proposed by
Gaidon et al. [12], this task detects the temporal boundaries
of predefined activities. Existing methods primarily in-
clude computationally expensive two-stage approaches us-
ing sliding windows [51, 79], and more direct one-stage
single-shot methods [26, 40, 64]. Recently, end-to-end
training mechanisms have further improved detection per-
formance [36, 37, 39, 40]. Despite this progress, traditional
localization is limited to a fixed set of word-level activities,
struggling to capture the complex and diverse semantic con-
cepts of real-world scenarios. This critical limitation has
motivated the recent shift towards activity localization via
natural language, which is the focus of our work.

Temporal Sentence Grounding in Videos. TSGV [13,
19] methods are primarily grouped into three categories:
two-stage models, one-stage methods, and Video Large
Language Models (Video LLMs).

Two-stage models [13, 15, 19, 22, 28, 34, 42, 53, 74]
first generate moment candidates via sliding windows and
then match them with sentences. Despite enhancements

like temporal regression [13], memory attention [34], and
verb-object mining [15, 22], these pipeline-based methods
remain computationally inefficient.

To improve efficiency, one-stage models [2–4, 14, 16,
25, 29–33, 35, 38, 41, 43–45, 54, 56, 57, 61, 62, 66–
70, 75, 76, 80–82] directly predict temporal boundaries in a
single pass. They utilize diverse mechanisms to achieve bet-
ter alignment, including fine-grained word-frame interac-
tions [2], 2D Temporal Adjacent Networks (2D-TAN) [75],
biaffine architectures [30], joint embedding spaces [61],
memory-guided learning [32], and coarse-to-fine explo-
ration [68, 69].

Recently, Video LLMs have emerged for TSGV. Meth-
ods like TimeChat [49], VTimeLLM [20], HawkEye [59,
60], and others [17, 21, 48] predict timestamps by leverag-
ing time-sensitive instruction tuning, specialized tokens, or
lightweight token compression.

While some recent work [77] explores end-to-end op-
timization with a 2D visual encoder, its performance lags
behind 3D backbone methods. In contrast, our framework
optimizes a 3D visual backbone and detection head entirely
end-to-end. By explicitly using sentence queries to mod-
ulate the 3D backbone, we achieve a deeper cross-modal
fusion that surpasses current state-of-the-art approaches.

Video Object Segmentation and Grounding. Beyond
purely temporal localization, grounding language in videos
has also been widely explored at the pixel level [8]. General
video object segmentation in complex environments has
been significantly advanced by benchmarks like MOSE [6]
and MOSEv2 [9]. Furthermore, multi-modal video object
segmentation, which requires identifying and tracking ob-
jects based on motion expressions, has been deeply investi-
gated in MeViS [5] and MeViSv2 [7].

3. The Proposed Framework
In this section, we first introduce the basic formation of
TSGV. We then describe the overall framework of our
method. Finally, we introduce the main parts of our method:
feature extraction stage, the sentence conditioned adapter,
video-centic learning, and the detection head.

3.1. Problem Definition
Given an untrimmed video V and a natural language query
S, TSGV aims to localize the target moment M that best
aligns with S. Formally, the video is represented as a set
of moment candidates V = {Vi}lvi=1, where lv is the num-
ber of proposals. The query is defined as a word sequence
S = {sj}lsj=1, where ls denotes the sentence length. Dur-
ing training, utilizing the ground-truth temporal boundaries,
the network is optimized to predict the Intersection over
Union (IoU) between each candidate and the target moment.
At inference, the temporal grounding process is formulated
as:M = argmaxVi∈V σ(Vi, S),, where σ(·) denotes the
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Figure 2. The proposed overall framework for fully end-to-end training for TSGV. (a) In the Sentence Conditioned Adapter, sentence
embeddings guide backbone fine-tuning to enhance visual feature extraction. Efficiency is improved via a (b) simplified detector head and
(c) video-center learning.

trained network estimating the IoU score of candidate Vi

conditioned on query S.

3.2. Overall Framework
Figure 2 illustrates our proposed end-to-end framework.
During the feature extraction phase, sentence embeddings
encoded by DistilBERT [50] are utilized by the proposed
SCADA module, which is interleaved within the visual
backbone. This mechanism dynamically modulates the vi-
sual features conditioned on the text query, enabling highly
effective visual fine-tuning with minimal computational
overhead. For temporal localization, we adopt a streamlined
detection head to maintain architectural efficiency. Further-
more, to accelerate the end-to-end training process and en-
rich visual feature optimization, we reformulate the mini-
batch construction to simultaneously pair each video with
multiple sentence queries.

3.3. Feature Extraction Stage
Sentence Encoder. We employ DistilBERT [50] for
lightweight language modeling. Given a query S, we ex-
tract a token-level feature sequence {fS

i }
ls+1
i=1 ∈ RdS

(dS =
768). The global sentence embedding is then derived by
applying average pooling across all tokens.

Video Encoder. To comprehensively evaluate our
framework, we explore three representative video archi-
tectures: C3D [55], I3D [1], and Vision Transformers
(ViT) [58]. While 3D convolutional networks (C3D and
I3D) are standard baselines in TSGV, the potential of ViTs
remains largely underexplored in this domain. Therefore,
we integrate self-supervised pre-trained ViTs of varying ca-
pacities (e.g., ViT-S, ViT-B, and ViT-g) to extract robust
spatial-temporal visual representations.

3.4. Sentence Conditioned Adapter
Jointly fine-tuning a large visual backbone and a detec-
tor head causes substantial memory overhead and risks
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Figure 3. The architecture of sentence conditioned adapter. It con-
tains of inner and out branches that leverage sentences to guide the
fine-tuning of the visual backbone network, ultimately enhancing
the quality of the visual features.

catastrophic forgetting of pre-trained knowledge. To ad-
dress this, we introduce the Sentence Conditioned Adapter
(SCADA). SCADA significantly reduces training mem-
ory while enhancing visual representations by dynamically
modulating feature maps with linguistic embeddings.

As shown in Fig. 3, given an intermediate visual feature
x ∈ Rd×t×h×w and a sentence query q ∈ Rd, SCADA
operates through two complementary pathways: an inner
branch and an outer branch.

Inner Branch. This branch injects linguistic context
into the visual stream and passes the output to the next back-
bone layer:

x′ = σ(FCdown(Reshape(x))),

x′′ = DWConv1D(Normalize(x′ ⊗ FCsentence(q))),

xinner = x+Reshape(σ(FCup(x
′′)))

(1)
It first reduces the channel dimension of x by a ratio γ.



Next, it modulates the visual feature with q via element-
wise multiplication (⊗) and applies a depth-wise 1D con-
volution to capture local temporal context. Finally, an FC
layer restores the dimension, adding the residual x to pro-
duce xinner.

Outer Branch. This branch extracts query-guided, spa-
tially compressed features that bypass the remaining back-
bone layers:

x′
out = σ(Conv3Ddown(x)),

x′′
out = Normalize(x′

out ⊗ FCsentence(q)),

xout = Pooling(σ(Conv3Dup(x
′′
out)))

(2)

It employs 3D convolutions to reduce the channel dimen-
sion and compress the spatial resolution by a ratio β. Fol-
lowing language modulation, a second 3D convolution re-
stores the channels while further condensing the spatial size.
Spatial pooling then yields xout.

Final Aggregation. Rather than discarding the outer
branch outputs, we aggregate them with the final backbone
output xb to form the ultimate query-modulated visual rep-
resentation:

F = Normalize

xb +

n∑
i=1

xi
outer

 , (3)

where n is the number of the SCADA.

3.5. Detector Head and Loss Function
Detector Head. To minimize computational costs during
end-to-end training, we adopt a streamlined detector head
inspired by [36]. As shown in Fig. 2(b), it utilizes a bidirec-
tional LSTM architecture with intermediate residual con-
nections to capture temporal dependencies while preventing
information loss over long sequences. To deeply integrate
the two modalities, we repeatedly fuse the visual features
with the sentence embeddings via element-wise multiplica-
tion throughout the detection process.

Loss Function. Our framework is optimized jointly us-
ing a multi-task loss defined as:

L = Lb + Liou + Loffset

Here, the boundary loss Lb applies a positive-negative-
balanced binary cross-entropy loss [27] to supervise the
start and end probabilities. This effectively handles the typ-
ical class imbalance between sparse boundary frames and
frequent background frames. The IoU loss Liou evaluates
the overlap between predicted proposals and the ground
truth, combining a classification term (via balanced cross-
entropy) and a regression term (via L2 loss). Finally, the
offset loss Loffset utilizes a smoothed L1 loss to fine-tune
the temporal boundaries by regressing the fine-grained co-
ordinate offsets (start, end, center, and width).

3.6. Video-Center Learning
Standard TSGV methods randomly sample individual
video-query pairs to construct a mini-batch. In an end-to-
end framework, this naive sampling is highly inefficient:
because a single video often corresponds to multiple queries
in the dataset, the network is forced to repeatedly dynam-
ically extract features for the same video across different
batches, causing severe computational redundancy.

To accelerate training, we propose a video-center learn-
ing strategy. As shown on the right side of Fig. 2(c), instead
of sampling independent pairs, we first uniformly sample
a video V and group all its associated sentence queries
SV = {Si | ⟨V, Si⟩} into the same mini-batch. For a batch
size of B, this video-level sampling is simply repeated B

|SV |
times.

This strategy ensures that the visual backbone extracts
the features of a given video only once per batch, sharing
them across multiple queries. Beyond drastically reducing
training time, this approach enriches the visual optimiza-
tion process by forcing the network to simultaneously align
the same video with various linguistic contexts in a single
iteration.

4. Experiments
To evaluate our approach, we conduct experiments on two
popular and challenging benchmarks: Charades-STA [13]
and ActivityNet Captions [23]. In this section, we first de-
scribe the two datasets, evaluation metrics, and implemen-
tation details. Then, we compare the performance of our
method with the state-of-the-art models. Subsequently, we
investigate the substantial improvements garnered through
end-to-end learning and examine the impact of various de-
sign decisions on the TSGV task. These factors encompass
the selection of the video encoder, the resolution of the in-
put video, and the number of the frames sampled. Finally,
ablation studies are introduced to further demonstrate the
effectiveness of our method.

4.1. Datasets
We evaluate our proposed method on two widely used
TSGV benchmarks: Charades-STA and ActivityNet Cap-
tions.

Charades-STA [13, 52] focuses on daily indoor activi-
ties. It includes 12,408 training and 3,720 testing pairs. The
dataset features short videos (30.6s on average), brief target
moments (8.2s), and simple queries (6.2 words).

ActivityNet Captions is a large-scale, open-domain
dataset. Following the standard split [76], we use 37,417
pairs for training, 17,505 for validation, and 17,031 for test-
ing. Compared to Charades-STA, it is much more challeng-
ing due to longer videos (117.6s on average), longer target
moments (37.1s), and complex queries (14.4 words). These



Table 1. Comparison of state-of-the-art methods on Charades-STA and ActivityNet Captions dataset.

Backbone Methods
Charades-STA ActivityNet-Captions

Rank1@
IoU0.5

Rank1@
IoU0.7

Rank5@
IoU0.5

Rank5@
IoU0.7

mIoU
Rank1@
IoU0.5

Rank1@
IoU0.7

Rank5@
IoU0.5

Rank5@
IoU0.7

mIoU

LLM-based

Momentor [48] 26.60 11.60 - - 28.50 23.00 12.40 - - 29.30
HawkEye [60] 31.40 14.50 - - 33.70 29.30 10.70 - - 32.70

VideoExpert [78] 40.30 20.90 - - 41.10 - - -
TRACE [18] 40.30 19.40 - - - 37.70 24.00 - - 39.00
D2VLM [71] 50.30 26.00 - - - - - - - -

C3D

MS-2D-TAN [76] 41.10 23.25 81.53 48.55 - 46.16 29.21 78.80 60.85 -
APGN [29] 48.20 29.37 89.05 58.49 - - - - - -
CPN [80] 46.08 26.05 - - 43.90 45.10 28.10 - - 45.70

MMN [61] - - - - - 48.59 29.26 79.50 64.76 -
G2L [24] - - - - - 51.68 33.35 81.32 67.60 -

Ours 50.44 31.19 89.27 61.32 45.49 52.69 34.73 82.60 66.67 46.75

I3D

VSLNet [73] 47.31 30.19 - - 45.15 43.22 26.16 - - 43.19
MS-2D-TAN [76] 56.64 36.21 89.14 61.13 - 45.50 28.28 79.36 61.70 -

MGPN [54] 60.82 41.16 89.77 64.73 - - - - - -
DPQF [67] 62.20 42.52 - - 55.03 - - - - -

Ours 64.59 43.65 92.69 72.31 55.94 48.49 31.36 81.08 66.33 45.69

factors demand stronger cross-modal understanding.

4.2. Evaluation Metrics
Following previous work [13, 75], we adopt “Rank n@ tIoU
= m” and “mIoU” metric to evaluate our method. “Rank n@
tIoU = m” is defined as the percentage of sentence queries
having at least one correct moment retrieval in the top n
retrieved clips. A retrieved clip is correct when its tIoU
(temporal Intersection Over Union) with the target clip is
larger than m. Specifically, we use n ∈ {1, 5} with m ∈
{0.5, 0.7} for both datasets. Meanwhile, “mIoU” means the
average IoU for all the sentence queries.

4.3. Implementation Details
We utilize standard video feature extractors, such as C3D
pre-trained on Sports1M and I3D pre-trained on Kinetics.
The entire frame sequence is fed into the video backbone,
followed by spatial pooling to extract the visual features.
The dimension of detector head’s input is 512. We fix the
parameters of the visual backbone network and set a learn-
ing rate of 1 × 10−3 for optimizing SCADA and the de-
tector head. The networks are optimized by AdamW op-
timizer and the whole system is implemented via the Py-
Torch toolkit [47]. All experiments are conducted on a sin-
gle server with the NVIDIA A800 cards.

4.4. Comparison with State-of-the-art Methods
We compare our approach with recent state-of-the-art meth-
ods on Charades-STA and ActivityNet Captions. As shown
in Table 1, the baselines are grouped into Video LLM-based
methods and traditional models utilizing C3D or I3D back-

bones. Our end-to-end framework consistently achieves the
best performance across the majority of metrics on both
datasets.

First, compared to traditional methods (e.g., MS-2D-
TAN [76], MMN [61], DPQF [67]), our method shows sig-
nificant improvements. Most existing models extract visual
and language features independently and only optimize the
detection head or the late-fusion mechanism. In contrast,
our approach jointly optimizes the visual backbone and
the detection head. By using SCADA to modulate visual
features with language embeddings early on, we achieve
much tighter cross-modal alignment. For instance, on
Charades-STA with the I3D backbone, we achieve 64.59%
and 43.65% in Rank1@IoU0.5 and Rank1@IoU0.7, outper-
forming the strong baseline DPQF.

Second, our method demonstrates clear superiority over
recent Video LLM-based methods (e.g., Momentor [48],
HawkEye [60], VideoExpert [78]). While LLMs excel at
coarse-grained video understanding, they often struggle to
predict precise temporal boundaries. By coupling early lan-
guage guidance with a dedicated temporal detection head,
our C3D-based model surpasses the best LLM method,
VideoExpert, by 10.14% in Rank1@IoU0.5 on Charades-
STA.

Finally, we observe consistent success on ActivityNet
Captions, which poses a greater challenge due to its longer
videos and complex activities. Even in this demand-
ing setting, our method using the C3D backbone reaches
52.69% in Rank1@IoU0.5, surpassing the recent G2L [24]
(51.68%). This confirms that integrating language cues to
dynamically guide visual feature extraction is highly effec-



Table 2. Comparison of E2E learning and non-E2E learning of different visual backbones on Charades-STA and ActivityNet Captions.

Backbone Param. E2E
Rank1@
IoU0.7

Rank5@
IoU0.7

mIoU
Average

Gain
Rank1@
IoU0.7

Rank5@
IoU0.7

mIoU
Average

Gain
Charades-STA ActivityNet Captions

C3D 27.66 M
% 21.99 32.98 32.31 - 25.32 57.23 41.99 -
! 31.19 61.32 45.49 +16.91 32.73 66.67 46.75 +7.20

I3D 46.16 M
% 30.03 48.84 43.80 - 26.58 58.74 43.18 -
! 42.65 72.31 55.94 +16.08 31.36 66.33 45.69 +4.96

ViT-S 21.88 M
% 32.50 50.86 47.30 - 28.90 59.66 44.56 -
! 45.48 72.28 56.19 +14.43 32.65 66.71 46.93 +4.39

ViT-B 86.23 M
% 39.65 60.02 49.57 - 29.66 61.31 44.71 -
! 46.32 73.21 56.29 +8.86 32.91 67.58 47.03 +3.95

ViT-g 774.60 M
% 38.74 63.85 51.60 - 29.21 62.11 45.05 -
! 48.98 72.19 57.78 +8.25 33.64 69.36 48.27 +4.97

tive for localizing complex activities in long, untrimmed
videos.

4.5. The Effect of End-to-end Learning

4.5.1. E2E vs. Head-only

In this section, we investigate the impact of end-to-end
(E2E) training by comparing it against a “Head-only”
baseline, which relies on offline features extracted from
fixed backbones. We evaluate established architectures
(C3D [55], I3D [1]) and further explore Vision Transform-
ers (ViT-S [10], ViT-B [10], and ViT-g [72]) pre-trained
with VideoMAE V2 [58].

As shown in Table 2, E2E training consistently yields
substantial improvements across all backbones and datasets.
On Charades-STA, E2E training boosts the average per-
formance of C3D, I3D, and ViT-S by 16.91%, 16.08%,
and 14.43%, respectively. Even the highly capable ViT-
B and ViT-g models gain over 8% with E2E optimization.
While ActivityNet Captions is more challenging, E2E train-
ing still provides significant and consistent average gains
ranging from 3.95% to 7.20% across all evaluated back-
bones. These results indicate that skipping E2E training
causes a severe performance drop due to the divergence be-
tween standard action recognition pre-training and the spe-
cific requirements of TSGV.

Crucially, when using frozen offline features, our stream-
lined detection head performs poorly compared to existing
methods. However, under the E2E paradigm, it achieves
state-of-the-art results. This demonstrates that complex
detection heads are unnecessary if the visual backbone is
jointly optimized. By directly bridging the gap between
pre-training tasks and TSGV, E2E learning provides highly
task-specific visual features, allowing a simple and efficient

Table 3. The effect of image augmentations.

Cropping
Horizontal
Flipping

Rotation Distortion
Rank1@
IoU0.5

Rank1@
IoU0.7

mIoU

45.13 26.69 41.42
! 47.90 27.85 41.83
! ! 47.75 28.01 43.04
! ! ! 48.65 29.41 43.63
! ! ! ! 50.44 31.19 45.49

Table 4. The effect of text augmentations.

Augmentation
Rank1@
IoU0.5

Rank1@
IoU0.7

Rank5@
IoU0.5

Rank5@
IoU0.7

mIoU

Baseline 45.13 26.69 83.82 57.63 41.42
Swapping 45.43 27.29 84.03 56.99 41.03
Insertion 45.75 26.77 83.59 57.04 41.34
Replacement 46.51 27.85 81.24 57.26 42.45

detection head to deliver superior performance.

4.5.2. The Effect of Training Augmentation
We evaluate the impact of data augmentation within our
end-to-end framework. Unlike offline feature extraction,
end-to-end training allows for the seamless integration of
both image and text augmentations during the learning pro-
cess to prevent overfitting and improve generalization.

Image Augmentations. We progressively apply random
cropping, horizontal flipping, rotation, and photometric dis-
tortion (altering brightness, contrast, saturation, and hue).
Using the C3D backbone on Charades-STA, the results in



Table 3 demonstrate that these visual enhancements signifi-
cantly boost performance. While adding horizontal flipping
to cropping causes a negligible dip in Rank1@IoU=0.5,
combining all four augmentations yields the best overall re-
sults, increasing Rank1@IoU=0.5 from 45.13% to 50.44%.
This confirms that image augmentation is highly effective
for expanding small training datasets. Notably, even our
baseline model without any augmentation outperforms tra-
ditional offline methods, further validating the inherent ad-
vantage of jointly optimizing the visual backbone and the
localization head.

Text Augmentations. We also explore three text aug-
mentation strategies: random word swapping, insertion, and
synonym replacement. As shown in Table 4, text aug-
mentation is notably less effective than image augmenta-
tion. Swapping and insertion fail to improve performance,
likely because they disrupt natural sentence structure and
hinder the model’s language parsing. Synonym replacement
yields modest gains (e.g., improving Rank1@IoU=0.5 by
1.38% and Rank1@IoU=0.7 by 1.16%) but causes a notable
2.58% drop in Rank5@IoU=0.5. This suggests that while
synonym replacement introduces useful linguistic diversity,
text augmentations generally struggle to provide consistent
improvements across all ranking metrics in this task.

4.6. Evaluation of Design Choices
4.6.1. Study on the Video Encoder
As shown in Table 2, we analyze the impact of differ-
ent visual backbones and observe two key findings. (1)
Scaling up the model size consistently improves perfor-
mance. Transitioning from C3D to the larger I3D backbone
yields substantial gains. Similarly, upgrading the Trans-
former backbones from ViT-S to ViT-B and ViT-g further
boosts accuracy. While the relative improvements for larger
ViTs are slightly smaller under end-to-end training due to
performance saturation, the overall upward trend remains
clear. (2) Self-supervised Vision Transformers outperform
3D convolutional networks.Despite having fewer parame-
ters than both C3D and I3D, ViT-S achieves significantly
better results. This highlights the strong representational
power of Transformer architectures and the distinct advan-
tages of self-supervised video pre-training for TSGV tasks.

4.6.2. Study on Image and Temporal Resolution
We investigate the impact of spatial and temporal resolu-
tions on TSGV performance, with results shown in Figure 4.

Image Resolution. First, increasing spatial resolution
improves performance by capturing finer details, though
gains diminish beyond a resolution of 112. Second, encoder
architecture is more critical than input size: a ViT-S model
at a low resolution of 64 matches the performance of a C3D
model at 224. Finally, Table 5 demonstrates that end-to-end
(E2E) training allows for drastic resolution reductions with-

(a) The effect of image resolution. (b) The effect of temporal resolution.
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Figure 4. The effect of image and temporal resolution.

Table 5. Comparison of end-to-end learning and non-end-to-end
learning using different video resolutions.

Backbone E2E Video Res.
Rank1@
IoU0.7

Rank5@
IoU0.7

Charades-STA

C3D
% 112 23.25 48.55
! 64 21.96 53.14

I3D
% 224 36.21 61.13
! 96 37.05 63.74

ActivityNet Captions

C3D
% 112 29.21 60.85
! 96 30.48 60.19

I3D
% 224 28.28 61.70
! 96 28.83 63.49

out sacrificing accuracy. For example, an E2E-trained I3D
at a resolution of 96 matches or outperforms a frozen I3D
at 224 across both datasets. On Charades-STA, the C3D
resolution can even be dropped to 64.

Temporal Resolution. Increasing the number of sam-
pled frames provides crucial temporal context, but excessive
frames merely increase computational costs with diminish-
ing returns. As shown in Figure 4(b), uniformly sampling
128 frames per video is optimal for Charades-STA. How-
ever, because ActivityNet Captions features significantly
longer videos, sampling 384 frames is necessary to main-
tain sufficient temporal context for precise localization.

4.7. Ablation Studies
In this subsection, we perform detailed ablation studies on
the Charades-STA and ActivityNet Captions to demonstrate
the effects of the proposed framework components.

4.7.1. The Effect of SCADA
We evaluate the effectiveness and efficiency of SCADA us-
ing the ViT-S and ViT-g backbones. As detailed in Table 6,



Table 6. The effect of SCADA. Param. is the number of tunable
parameters in the backbone. “Full” fine-tunes all backbone pa-
rameters and “Partial” updates only the final layers. * means out
of memory on A800-80GB.

Backbone Method Param.
Rank1@
IoU0.5

Rank1@
IoU0.7

mIoU

ViT-S

Full 21.88 M 64.01 45.06 55.64
Partial 4.14 M 64.17 44.46 55.13

SCADA w/o text 5.28 M 63.21 43.31 54.06
SCADA 5.28 M 65.03 45.48 55.94

ViT-g
Full∗ 774.60 M - - -

SCADA w/o text 13.21 M 64.93 46.38 55.13
SCADA 13.21 M 66.53 48.98 57.78

our ablation analysis reveals two major advantages of our
proposed module:

Parameter Efficiency and Scalability. While “Full”
fine-tuning achieves competitive results on smaller mod-
els like ViT-S (reaching 64.01% on Rank1@IoU0.5), it be-
comes computationally prohibitive for massive models. For
instance, attempting to fully fine-tune the 774.60 M param-
eters of ViT-g results in out-of-memory (OOM) errors on
an A800 GPU. “Partial” fine-tuning mitigates this memory
bottleneck by updating only the final layers (e.g., training
just 4.14 M parameters for ViT-S), but it sacrifices local-
ization performance because the shallow visual features re-
main unadapted to the TSGV task. In contrast, SCADA
introduces only a lightweight set of trainable parameters
(5.28 M for ViT-S and 13.21 M for ViT-g) yet consistently
outperforms both Full and Partial fine-tuning. For ViT-S,
SCADA achieves a top Rank1@IoU0.5 score of 65.03%.
This demonstrates that SCADA successfully balances mem-
ory efficiency with superior feature representation, enabling
the practical deployment of giant vision models in TSGV.

The Importance of Language Modulation. To ver-
ify the necessity of text-conditioned visual extraction, we
test a variant that removes the language input (“SCADA
w/o text”), essentially treating it as a standard visual-only
adapter. As shown in Table 6, excluding text causes a no-
ticeable drop in performance across all metrics for both
backbones. For the ViT-g model, introducing language
modulation via SCADA increases Rank1@IoU0.5 from
64.93% to 66.53% and mIoU from 55.13% to 57.78%.
This confirms that explicitly modulating the visual back-
bone with the sentence query is critical. It ensures that
the encoder dynamically extracts task-specific visual fea-
tures strictly aligned with the target semantics early in the
pipeline, which significantly improves the final grounding
accuracy compared to relying on isolated visual features.

(a) Video-Center Training on Charades-STA (b) Video-Center Training on ActivityNet Captions
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Figure 5. Comparison of training time and test performance for the
number of concurrent queries trained on a single video. The train-
ing time for a single query is taken as the baseline and normalized
to 1. We report Rank1@IoU0.7 on both datasets using C3D as the
backbone.

4.7.2. The Effect of Video-Centric Training

As shown in Figure 5, we evaluate the impact of varying the
number of queries per video on both training efficiency and
grounding performance. We maintain a fixed total batch
size of 32 (e.g., 4 videos paired with 8 queries each) and
normalize the training time of a single video-query pair to 1
as our baseline.

On Charades-STA, increasing the queries per video from
1 to 4 significantly reduces training time and improves per-
formance. However, because this dataset averages only 2.4
queries per video, further increasing the query count yields
no additional gain. Conversely, ActivityNet Captions in-
herently contains more queries per video. Consequently,
increasing the queries per video to 8 yields substantial im-
provements in Rank1@IoU0.7, while slashing the training
time to approximately 40% of the baseline. In conclusion,
our video-centric training strategy drastically accelerates
the end-to-end learning process while consistently enhanc-
ing overall localization performance.

5. Conclusion

In this work, we address the task discrepancy in tempo-
ral sentence grounding by introducing the first fully end-
to-end framework that jointly optimizes video backbones
and localization heads. Our core innovation, the Sen-
tence Conditioned Adapter (SCADA), enables language-
guided visual feature modulation while maintaining effi-
ciency through sparse parameter updates. Our approach not
only achieves state-of-the-art performance but also reveals
crucial insights: end-to-end training provides consistent
gains across architectures, and strategic visual-linguistic fu-
sion in early stages proves more effective than late-stage in-
tegration alone. In the future, we would like to extend our
method to other vision and language tasks, such as video
question answering, video captioning, etc.
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