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Abstract—In this paper, we introduce a novel training-free
framework for Video Temporal Grounding (VTG) that com-
bines pre-trained Visual Language Models (VLMs) and Large
Language Models (LLMs). Existing methods often struggle with
capturing the semantics of natural language queries and identify-
ing the dynamic transitions at event boundaries. To address these
challenges, our approach uses VLMs to generate detailed contex-
tual descriptions of video content, providing richer prompts for
LLMs to understand and reason about event temporal relations.
Furthermore, we introduce an adaptive event boundary refine-
ment strategy, ensuring better coverage of the full event phases.
Our framework demonstrates superior performance in zero-shot
settings on several benchmark datasets, including Charades-STA
and ActivityNet Captions, and exhibits remarkable robustness in
out-of-distribution (OOD) scenarios.

Index Terms—Video temporal grounding, vision language
model, prompt learning, out-of-distribution generalization

I. INTRODUCTION

Video Temporal Grounding (VTG) [1] aims to obtain the
start and end timestamps of the most semantically relevant
segment in an video based on the natural language queries,
serving vital roles in applications like video retrieval and video
editing [2]. Most existing VTG methods [3] rely on supervised
learning frameworks that require large volumes of annotated
video-text pairs. However, the annotation process is labor-
intensive and susceptible to human bias, limiting the scalability
of these methods [4], [5]. As a result, the performance tends
to degrade on unseen datasets and out-of-distribution (OOD)
scenarios, limiting the generalizability [5].

Recently, visual language models (VLMs) [6]-[8] have
demonstrated impressive alignment capabilities between vi-
sual and textual modalities, showing strong generalization in
VTG tasks. An instinctive approach [9]-[11] is leveraging
VLMs to evaluate the similarity between video proposals and
queries, and then select proposals with higher similarity scores.
However, VLMs are more likely to capture the climax of
events in the video while neglecting the transitional phase
[12], as most VLMs are pre-trained on aligned static image-
text pairs or aligned video-text pairs. This is a significant

This work was supported in part by the Shandong Excellent Young Sci-
entists Fund (ZR2024YQO006), Shandong Province Higher Education Institu-
tions Youth Entrepreneurship and Technology Support Program (2023KJ027),
the Industry-University-Research Innovation Fund for Chinese Universities-
Intelligent Driving and Intelligent Cockpit Education Special Project
(2024HTO015) and Fujian Education and Scientific Research Project for Young
and Middle-aged Teachers (JZ240047).

* Corresponding author.

carrierlxk@gmail.com

challenge for VTG tasks, which require precise localization
of the event’s boundaries. Recent zero-shot VTG methods
[4], [12] leverage large language models (LLMs) to obtain
unbiased descriptions of natural language queries and event
relationships, showing promising results. This indicates that
the VTG task would benefit from the powerful reasoning
capabilities of LLMs. However, these methods depend only on
parsing natural language queries, which neglect the important
cues from the video content for boundary prediction.

In response to the challenges in VTG tasks, we introduce a
novel, training-free VTG framework to achieve more precise
event localization. Specifically, we use the video-QA VLMs
[6]-[8] to generate detailed contextual descriptions of the
video content, which serve as the video context prompts for
LLMs. This allows LLMs to better interpret query semantics
and infer event relationships, especially for complex queries.
Additionally, to enhance the model’s sensitivity to temporal
boundaries, we introduce an adaptive boundary refinement
strategy, which generates more refined proposals around the
climax proposal’s endpoints, enhancing both event coverage
and boundary localization accuracy.

Our method achieves performance improvements on the
Charades-STA [1] and ActivityNet-Captions datasets [13]. It
outperforms existing zero-shot VTG methods and delivers
competitive results similar to many supervised methods while
exhibiting outstanding generalization capabilities in OOD sce-
narios. The main contributions as three folds:

e We propose a training-free VTG framework that com-
bines VLMs and LLMs to enhance the unbiased under-
standing of natural language queries and reasoning of
event relationships.

o We develop an adaptive boundary refinement strategy that
improves both the completeness of event coverage and the
precision of boundary localization.

e Our framework outperforms previous studies on the
Charades-STA and ActivityNet Captions datasets. Exten-
sive experiments in out-of-distribution settings validate
the effectiveness of our method.

II. RELATED WORK

A. Video Temporal Grounding

Video Temporal Grounding (VTG) requires aligning textual
queries with specific moments in untrimmed videos. Most
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Fig. 1. Illustration of the framework. Video Context-Based Query Decomposition parses queries and obtains event relationships using video context;

Adaptive Boundary Refinement enhances the event boundary location; Finally, we filter and merge proposals to obtain predictions.

fully supervised VTG methods rely on manual annotations
and typically involve sophisticated multimodal interaction
mechanisms [1]-[3]. Weakly supervised VTG methods relax
the requirement for detailed annotations by omitting start
and end timestamp annotations. For instance, CPL [14] use
learnable Gaussian masks to generate hard negative proposals
for weakly supervised temporal grounding. The unsupervised
method like SPL [15] generates dense captions for videos and
then constructs pseudo-annotation to train the model. However,
the unsupervised methods still depend on specific datasets. In
contrast, our method adopts strict zero-shot settings, eliminat-
ing the need for access to specific training datasets, which is
crucial for enhancing the model’s generalization ability.

B. VTG with Vision-Language Models

Large-scale vision-language models (VLMs) have demon-
strated strong potential in multimodal alignment and gener-
alization. Despite success in tasks like video-QA and video
understanding, most VLMs still struggle with video temporal
grounding, as encoding visual features into a shared language
space could compromise the model’s ability to recognize
temporal boundaries precisely. Recent research has shifted
towards training-free zero-shot VTG methods that leverage
the modal alignment capability and generalization ability of
VLMs, avoiding the need for training on specific datasets.
For example, VTG-GPT [4] generates frame-level captions for
videos using VLMs and performs temporal localization based
on the similarity between captions and queries; TFVTG [12]
uses the LLMs to decompose the raw query into subqueries
and filter and select proposals based on order constraints. In
contrast, our method provides LLMs with rich visual-semantic
information generated from VLMs, enabling more unbiased
parsing of complex queries and event inference, which boosts
zero-shot VTG performance.

III. METHOD
A. Overview

Given an video V consisting of N, frames and a natural
language query g, our method aims to find the most semanti-
cally relevant segment corresponding to the query, which can
be formulated as:

[tsv te} = VTG(‘/v Q), (D

where t, and t. denote the start and end timestamps of the
time segment.

The overview of the proposed training-free framework is
illustrated in Fig. 1. We begin by utilizing the video-QA
VLM VideoChat2 to generate content descriptions of the
input video, which serves as the video context prompts. The
LLM then decomposes the query into subqueries and unbiased
descriptions based on both the video context and the natural
language query, while providing the event relationships. We
then employ BLIP-2, an image-captioning VLM to extract
the textual and frame features to calculate the frame-level
similarity. Following this, we refine the scoring of the pro-
posals based on sliding windows using an adaptive boundary
refinement method. Finally, the proposals are filtered and
merged according to the event relationships to obtain the final
prediction.

B. Video Context-Based Query Decomposition

Natural language queries in VTG tasks often present com-
plex structures, such as detailing various stages of an event or
transitions between scenes [12]. Additionally, subjective biases
in manual annotations could affect the model performance,
as mentioned in [4]. Existing methods focus solely on the
semantic analysis of the raw natural language query by LLMs,
potentially leading to discrepancies with the video content,
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such as inaccurate descriptions or improper relationships of
subevents, which can introduce biases into VTG tasks.

To tackle these challenges, our method integrates the visual
content comprehension of VLMs to support the LLM in
performing more accurate semantic interpretation and logi-
cal reasoning for the raw queries. To elaborate, we employ
VideoChat?2 [6], a popular video-QA model that performs well
on the MVBench. It is used to produce elaborate descriptions
of the video using different prompts, including actions, event
sequences, scenes, and interactions, thereby constructing the
video content context:

¢ = VideoChat2(V, Prompts), 2)

where c represents the video context provided by VideoChat2
and Prompts represents random prompts of different views.
The LLM then uses this contextual information to parse the
raw query g in Eq 1, producing n subqueries and unbiased
descriptions that better match the video content and providing
the temporal relationship between the subqueries:

(Q,Q,7) = LLM(q; c),

Q = {(j”|l = 1, ,TL,J = ]., ...,mi},
where n is the number of subqueries, @ = {q1, .., ¢, } repre-
sents the collection of subqueries, Q represents the collection
of unbiased descriptions and m; is the number of descriptions
of ¢;, and r represents the temporal relationship between the
subqueries. As depicted in Fig. 1, for example, drawing on the
video context provided by the VLM, the LLM decomposes the
complex query “The person puts the book down to continue
eating” into subqueries :

3)

o “The person puts the book down.”

o “The person continues to eat.”
Meanwhile, based on the video context and the semantic logic
of the query, the LLM establishes that the events occur in order
of “sequentially”.

C. Adaptive Boundary Refinement

After obtaining subqueries, we proceed to match these
queries with the video frames. Specifically, following [11],
[12], we use BLIP-2 [11] as the VLM to locate each subqueries
in the video. Formally, given the video V' = {vy,...vx,} and
a subquery’s description ¢, VLM works for projecting the
features of the two modalities into unified feature space:

Fy =VLM(V), Fy € RNv*d,

F; = VLM(G), F; € RY,
where Iy and Fj; denote the vision features and text features
respectively, N, is the number of video frames and d denote
the feature dimension. Then we calculate their cosine similar-

ity S € RN+ to measure the relevance of video frames and
the description queries:

“4)

_ _fv-Fg
v I Fgll
As discussed in [12], the existing proposal-based methods

often focus on the highest similarity regions, overlooking

S &)

event boundaries. In response to this challenge, we propose an
adaptive boundary refinement strategy that extends the event
climax.

Climax Scoring. We first obtain proposals for the event’s
climax. Following the strategy proposed by SPL [15], the
climax proposal for a given query should demonstrate high
semantic relevance within the window and low relevance
outside of it. We obtain diverse proposals using the sliding
window and compute the average similarity inside and outside
for each proposal. The difference between them serves as the
climax score:

1 1
Sclimaz = PE— Z St — N, — (t —t ) Z St
C T et b v € gt te]
(6)

After scoring the event climax, we apply non-maximum
suppression (NMS) to discard proposals with high IoU, re-
taining the top-3k highest-scoring proposals for following
boundary refinement.

Adaptive Boundary Refinement. The boundaries of an event
are typically characterized by rapid changes in cross-modal
similarity. So we use the rate of change in S to quantitatively
evaluate the localization of events’ boundary parts. Specifi-
cally, we first apply Gaussian smoothing on S to reduce the
jitter, obtaining the smoothed similarity sequence S’ = G(S),
where G is the Gaussian filter [12]. Then, we compute the
difference between consecutive values in S’ as similarity
difference scores:

1St = Sial

D, = .
*= max(S) - 5_1)) @

Next, we generate multiple candidate boundary windows
around the climax proposals’ endpoints for boundary refine-
ment. Specifically, for the two endpoints ¢, and ¢, of a climax
proposal with width w, we calculate the average similarity
difference within a range of w’ = 1/2w centered around the
ts and t., which measures the average similarity difference
around endpoints, take ts as an example:

, 1
Diff;, = — zt:Dt,t € [ts —1/2w ts +1/20'].  (8)

The average difference Diff;, is then utilized to guide the
adaptive adjustment of the boundary window size and stride:

size = round(sizeg x (1 — ~y - Diffy_),

. . . )
stride = round(stridey x (1 — ~ - Diff}_),

where sizeg = round(w’/2) and stridey = round(w’/4) are
the default window size and stride, v is the hyperparameter,
and rand is the rounding function. Boundary proposals are
generated using the adaptive window size and stride, enabling
smaller windows in regions with rapid similarity changes
for more precise proposals. For boundary proposals’ scoring,
we consider both the similarity score S; and the similarity
difference D; at each timestamp to get boundary scores S,
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TABLE I
IID TESTING RESULTS ON CHARADES-STA [1] AND ACTIVITYNET-CAPTIONS [13]. SEE §1V-B FOR DETAILS.

Method Reference Setting Charades-STA ActivityNet-Captions
2D-TAN [3] AAAT20 Full 57.31 45.75 27.88 41.05 60.32 43.41 25.04 42.45
MMN [2] AAAT22 y 65.43 53.25 31.42 46.46 64.48 48.24 29.35 46.61
EMB [16] ECCV’22 -Supervised 72.50 58.33 39.25 53.09 64.13 44.81 26.07 45.59
VCA [17] MM’21 Weakl 58.58 38.13 19.57 38.49 50.45 31.00 - 33.15
CPL [14] CVPR’22 Y 66.09 50.06 22.83 43.56 55.73 31.37 13.68 36.65
Huang et al. [18] CVPR’23 -Supervised 69.16 52.18 23.94 45.20 58.07 36.91 - 41.02
PSVL [19] ICCV’21 46.47 31.29 14.17 31.24 44.74 30.08 14.74 29.62
PZVMR [20] MM’22 Unsupervised 46.83 33.21 18.51 32.62 45.73 31.26 17.84 30.35
Kim et al. [21] WACV’23 ’ ’ 52.95 37.24 19.33 36.05 47.61 32.59 15.42 31.85
SPL [15] ACL23 58.92 41.16 21.21 40.41 50.24 27.24 15.03 35.44
VideoChat-7B [6] CVPR’24 9.0 33 1.3 6.5 8.8 3.7 1.5 7.2
VideoChatGPt-7B [8] ACL’24 20.1 7.7 1.7 13.7 26.4 13.6 6.1 18.9
VTG-GPT' [4] APP.SCI."24 Zero-Shot 59.48 43.68 25.94 39.81 47.13 28.25 12.84 30.49
TEVTG' [12] ECCV’24 67.04 49.97 24.32 44.51 49.34 27.02 13.39 34.10
Ours' D 67.91 50.15 24.89 4541 49.23 27.54 13.81 34.47
“1” denotes the Training-Free methods under the zero-shot setting.
TABLE II
RESULTS ON CHARADES-STA AND ACTIVITYNET-CAPTIONS UNDER TEMPORAL ANNOTATION SHIFT. SEE §1V-C FOR DETAILS.
. Charades-STA ActivityNet-Captions
Method Setting OO0D(I0 seconds) oon%}o secor?ds)
R1@0.5 R1@0.7 mloU R1@0.5 1@0.7 mloU

2D-TAN [3] 27.1 13.1 25.7 16.4 6.6 23.2

VDI [22] Fully 25.9 11.9 26.7 20.9 7.1 27.6

DCM [23] 44.4 19.7 42.3 18.2 7.9 24.4

CNM [24] 9.9 1.7 21.6 6.1 0.4 21.0

CPL [14] Weakly 26.9 8.5 322 47 0.5 211

Luo et al. [10] 40.3 18.2 38.2 18.4 6.8 21.1

TFVTG [12] Zero-Shot 45.9 20.8 43.0 20.4 112 31.7

Ours 47.0 223 444 21.4 11.5 324

and calculate the difference of the average boundary score
inside and outside the window:

gt:a-5t+(1—a)~Dt,

: Z St_Nv_

1
te—ts o (te — ts)

Z gtv

I
10)

where Spoundary i the boundary scores, and « is the hyperpa-
rameter used to balance the impact of two types of scores. At
endpoints of the 3% climax proposals, we combine the highest-
scoring boundary window with the climax window to generate
a complete proposal. Finally, the top-k proposals are selected
based on the sum of climax scores and boundary scores:

Sboundary =

an

Stotal = Sclimaa: + Sboundary~

D. Proposal Filtering and Merging

Following [12], we filter and integrate the proposals of
subqueries based on the temporal relationship provided by the
LLM. For a raw query, we enumerate all possible combinations
of its subqueries’ proposals, and all invalid combinations that
fail to satisfy the temporal order constraints are discarded.
For the remaining combinations, we calculate the total score
of proposals, and the highest score combination will be se-
lected. Finally, proposals in the combination are merged based
on their relationships: intersections for “simultaneously” and
unions for “sequentially”. Notably, our proposed method lever-
ages the cross-modal alignment capability of pre-trained large

models to perform VTG tasks, without requiring additional
training.

IV. EXPERIMENTS

We conducted extensive comparisons with SOTA methods
including supervised, weakly supervised, unsupervised, and
zero-shot methods.

A. Experimental Settings

Datasets. To verify the effectiveness of the proposed frame-
work, we conducted extensive experiments on two datasets.

o Charades-STA [1]: This dataset is constructed from the
Charades dataset. It includes 16,128 annotations describ-
ing indoor activities, with 3,720 annotations for testing.

o ActivityNet Captions [13]: Derived from the ActivityNet
dataset, this dataset consists of 2,000 videos spanning
multiple domains and 71,957 queries.

Evaluation Metrics. Following the previous work [14], [19],
[24], we adopted Recall-1 at Intersection over Union (IoU)
thresholds m (R1@m) and mean Intersection over Union
(mlIoU) as the evaluation metrics. Specifically, R1@m mea-
sures the percentage of top-ranked predicted segments with
IoU exceeding the threshold m, while mloU represents the
average IoU across all test samples.

Implementation Details. We take BLIP-2 [11] as the vision-
language model to extract video frame features, down-
sampling the input videos to 3 FPS. GPT-4 Turbo serves
as the LLM to generate fine-grained subqueries and event
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TABLE III
EVALUATIONS RESULTS OF COMPOSITIONAL GENERALIZABILITY ON CHARADES-STA [1]. SEE §1V-D FOR DETAILS.

. | Charades-CG
Method Setting Novel-Composition Novel-Word
R1@0.5 R1@0.7 mloU R1@0.5 R1@0.7 mloU
2D-TAN [3] ‘ Full ‘ 30.91 12.23 29.75 ‘ 29.36 13.21 28.47
SCDM [25] y 27.73 12.25 30.84 - - -
CPL [14] | Weakly | 39.11 15.60 35.53 | 45.90 22.88 -
Luo et al. [10] 40.27 16.27 - 45.04 21.44 -
TFVTG [12] Zero-Shot 43.84 18.68 40.19 56.26 28.49 46.90
Ours 45.28 18.80 41.20 57.23 28.71 47.29
TABLE IV TABLE V
RESULTS ON CHARADES-CD DATASET [26]. REFER TO §IV-C. ABLATIONS ON EACH COMPONENT. REFER TO §IV-F.
Method \ Setting | R1@0.3 R1@0.5 R1@0.7 | LLM  Video Context ~Boundary Refine | mloU
2D-TAN [. 43.45 30.77 11.75
Fully | x X X 38.83
SCDM [25] ‘ ‘ 52.38 41.60 22.22 ) X X y 3043
SPL [15] | Unsupervised | 62.96 38.25 15.53 ©) Vs X X 42.77
TFVTG [12] ‘ ‘ 65.07 49.24 23.05 @\ v X 4 43.22
Ours Zero-Shot 67.04 49.62 23.53 ®| v v X 44.04
®| v v v | 45.41
relationships. For the hyperparameter, we set v = 0.5 in Eq. 9,
a=0.71in Eq. 10 and k£ = 3. TABLE VI
ABLATIONS ON VIDEO-QA VLMS. REFER TO §IV-F.
B. Performance under IID Settings
f d Setting Video-QA Models | RI@0S5  RI@07 | mloU
Under the independent identically dlstrlbutlop (IID? setting, VideoLLaMA [7] 4370 19.32 42.89
we evaluated the proposed method on the official splits of the InternVideo [9] 45.62 20.54 43.91
Charades-STA [1] and ActivityNet Captions [13] datasets and VideoChat2 [6] 50.15 24.89 45.41

compared it with existing VTG methods, including supervised,
weakly supervised, unsupervised, and zero-shot approaches.
As shown in Table I, our method demonstrates outstanding
performance in the zero-shot setting, with the mloU of 45.41%
on Charades-STA and 34.47% on ActivityNet Captions. No-
tably, it outperforms most weakly supervised and unsupervised
methods and even surpasses some fully supervised methods.
These highlight the effectiveness of our method in leveraging
the cross-modal alignment capabilities of VLMs.

C. OOD Evaluations with Distribution Shifts

To demonstrate the generalization ability of our method,
particularly its robustness under distributional shifts, we per-
form two types of out-of-distribution (OOD) experiments:

« Temporal Annotation Shift: Following the [23], we add
randomly generated irrelevant video segments (10 sec-
onds for Charades-STA and 30 seconds for ActivityNet
Captions) to the beginning of each video, and modify
the annotations accordingly. As reported in Table II,
for Charades-STA, our method surpasses the latest zero-
shot method [12] with +1.4% on mloU. For ActivityNet
Captions, following DCM [23] to remove long moments
for fair comparison, we obtain the mIoU of 32.4%, setting
a new SOTA in zero-shot methods.

o Charades-CD [26] Dataset Evaluation: This dataset is
created by re-partitioning the training and testing sets
of the original dataset to change the distribution. As
reported in Table IV, most fully supervised and unsuper-
vised methods witness a significant performance decline.
In contrast, our method surpasses the fully supervised
method [25] by 14.6% and unsupervised method [15]
by 4.1% on R1@0.3, and it also outperforms the latest

zero-shot supervised method [12] by 1.97% on R1@0.3,
proving its superior generalization ability.

D. Compositional Generalizability Evaluations

To further investigate the model’s adaptability to queries
from different sources, we evaluate its compositional gener-
alizability on the Charades-CG dataset with two experimental
settings proposed in [5]:

o Novel-Composition: Queries involve novel combinations
of vocabulary.
« Novel-Word: Queries contain entirely new words.

As shown in Table III, our method achieves the best perfor-
mance with the mloU of 41.20% under the Novel-Composition
setting and 47.29% under the Novel-Word setting, showing the
advanced compositional generalizability.

E. Inference Time Comparison

Our method is training-free, requiring only inference. As
shown in Tableb VII, the VLM and LLM introduce a slight
inference time increase, but it critically enhances the context
understanding, thereby boosting performance (mloU +5.9 on
Charades-STA).

TABLE VII
INFERENCE TIME ON CHARADES-STA DATASET [1]

Method | mloU | Avg infer time (second)
w/o LLM&VLM 39.48 11.3
w/o VLM 43.22 12.1
Full model 4541 13.7
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Query : There is a person laying on the sofa eating.

GT l0s 13.25
TFVTG 19 9.8s
Ours |gg 11.6s

Query : Person takes a towel to wrap a mug.

22.1s

Fig. 2. Qualitative results on Charades-STA [1].

F. Ablation Study

To demonstrate the effectiveness of each module in our
framework, we conduct comprehensive ablation studies.
Impact of each component. Table V presents the effective-
ness of each component in our framework. With LLM disabled,
we directly extract textual features of the raw query. With
Video Context disabled, the LLM generates subqueries and
descriptions solely from the raw query. With Adaptive Bound-
ary Refinement disabled, we use the climax proposals directly
as the candidate proposals. It is clear that all components
significantly contribute to the model’s performance.
Ablations on Video-QA VLMs. Table VI presents the per-
formance of different video-QA VLMs in §III-B, includ-
ing VideoLLaMA [7], InternVideo [9], and VideoChat2 [6].
VideoChat2 achieves the best performance.

G. Qualitative Results

Fig. 2 illustrates the qualitative results on the Charades-STA
dataset. Our method provides more precise coverage of entire
events and exhibits greater sensitivity to event boundaries.

CONCLUSION

In this paper, we introduced an innovative training-free
zero-shot VTG framework that integrates the capabilities of
VLMs and LLMs. By generating video context descriptions,
we enhance the LLM’s reasoning ability of the natural lan-
guage query, while the adaptive boundary refinement strat-
egy improves the precision of event boundary localization.
Experimental results demonstrate that our method surpasses
most existing methods on benchmark datasets while exhibiting
strong robustness and generalization in OOD settings.
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