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Abstract

Zero-shot Natural Language Video Localization (NLVL)
aims to automatically generate moments and corresponding
pseudo queries from raw videos for the training of the local-
ization model without any manual annotations. Existing ap-
proaches typically produce pseudo queries as simple words,
which overlook the complexity of queries in real-world sce-
narios. Considering the powerful text modeling capabilities
of large language models (LLMs), leveraging LLMs to gen-
erate complete queries that are closer to human descriptions
is a potential solution. However, directly integrating LLMs
into existing approaches introduces several issues, including
insensitivity, isolation, and lack of regulation, which prevent
the full exploitation of LLMs to enhance zero-shot NLVL per-
formance. To address these issues, we propose BTDP, an in-
novative framework for Boundary-aware Temporal Dynamic
Pseudo-supervision pairs generation. Our method contains
two crucial operations: 1) Boundary Segmentation that identi-
fies both visual boundaries and semantic boundaries to gener-
ate the atomic segments and activity descriptions, tackling the
issue of insensitivity. 2) Context Aggregation that employs
the LLMs with a self-evaluation process to aggregate and
summarize global video information for optimized pseudo
moment-query pairs, tackling the issue of isolation and lack
of regulation. Comprehensive experimental results on the
Charades-STA and ActivityNet Captions datasets demon-
strate the effectiveness of our BTDP method.

Introduction
Natural Language Video Localization (NLVL) is a criti-
cal and challenging task in video understanding(Tang et al.
2021a; Hu et al. 2023a; Yan et al. 2024), which aims to lo-
calize specific moment in an untrimmed video based on the
corresponding language query. Most methods focus on fully
supervised settings (Tang et al. 2021b; Jiang, Yizhang, and
Mu 2024). However, due to the high precision required by
localization tasks(Tang et al. 2024; Jiang et al. 2024), the
exorbitant cost of annotations has significantly limited their
practical application. To reduce the reliance on timestamp
annotations, researchers have proposed weakly supervised
methods (Chen et al. 2022; Bao et al. 2024), which only
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Figure 1: Issues of directly integrating LLMs to existing ap-
proaches: (a) Insensitivity to semantic changes when rely-
ing solely on visual features. (b) Isolation of segments with
the same semantic meaning due to visual-based segmenta-
tion. (c) Isolation of contextual and temporal coherence due
to the absence of global video information.

require the correspondence between the video and the lan-
guage query. Nonetheless, annotation cost remains substan-
tial in large-scale model training (Feng et al. 2019).

To completely eliminate the need for manual annota-
tions, the zero-shot NLVL method, automatically generat-
ing pseudo moment-query pairs to train the localization
model, has recently gained research attention. Current main-
stream zero-shot methods (Nam et al. 2021) typically gen-
erate video proposals based on single visual features, and
then construct pseudo queries using nouns detected by ob-
ject detectors and verbs inferred by language models based
on these nouns.

However, these methods often produce overly simplistic
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pseudo queries. Taking LoVe (Lu et al. 2024) as an exam-
ple, the query format for a video proposal depicting “Per-
son opens the entry way door” might be rendered as “door,
doorway, entry, person, room”. Such a reduction to the non-
human and isolated term of queries presents a challenge for
localization models, as they are trained to understand com-
plex and variable language queries in open-world scenarios.
This limitation leads to a critical question: How can we gen-
erate accurate pseudo queries that more closely mimic
human descriptions under zero-shot settings? The recent
advancements and applications of Large Language Models
(LLMs) (Achiam et al. 2023; Team et al. 2023; Liu et al.
2024a; Li et al. 2024) and their integration with visual mod-
els (Li et al. 2023; Chen et al. 2024; Huang et al. 2024; Wu
and Xie 2024) offer a potential solution: Applying LLMs
to the NLVL task to accurately generate human-like de-
scriptive pseudo queries.

Nonetheless, directly integrating LLMs into the existing
approaches can introduce several issues: (1) Insensitivity:
Existing approaches tend to segment only visually distinct
scenes while overlooking segments where visual changes
are subtle but semantic changes occur. As shown in Fig-
ure 1(a), a woman starts to smile, but the overall visual fea-
tures of the scene do not change significantly. Existing ap-
proaches struggle to accurately segment in such cases, lead-
ing to generated query texts that do not match the video
content. (2) Isolation: Existing approaches do not take into
account the contextual influence, treating each segment in-
dependently. As shown in Figure 1(b), during rapid cam-
era movement, although the semantic context remains un-
changed, segmentation based solely on visual features still
occurs, leading to fragmented video segments. Furthermore,
as illustrated in Figure 1(c), the isolation between segments
results in an absence of contextual information, preventing
the LLMs from inferring the entire sequence of dynamic ac-
tivities from the static image captions and from establishing
temporal relationships between pseudo queries. (3) Lack of
regulation: Similar to the challenges LLMs encounter in nu-
merous complex text generation tasks (Madaan et al. 2024;
Shinn et al. 2024), the difficulty in devising clear instruc-
tions and precise criteria means that the initial results gener-
ated by LLMs often struggle to meet task requirements ac-
curately. These results frequently fall short of the expected
criteria for high-quality pseudo queries, necessitating further
refinement and adjustment.

To address these issues, we propose a Boundary-aware
Temporal Dynamic Pseudo-supervision pairs (BTDP) gen-
eration framework. Our approach comprises two essen-
tial components: boundary segmentation and context ag-
gregation. To tackle the issue of insensitivity, the bound-
ary segmentation module is designed to establish both vi-
sual and semantic boundaries. Initially, it segments the video
based on visual features to create visual boundaries. From
these segments, keyframes are extracted, and visual lan-
guage models are employed to generate image captions and
tags. Subsequently, a LLM analyzes the semantic changes
within these visual segments to determine semantic bound-
aries and generate corresponding temporal dynamic descrip-
tions, resulting in more accurate atomic segments. To tackle

the issue of isolation, the context aggregation module inte-
grates global video information to create contextually rel-
evant queries. It leverages the LLM to merge atomic seg-
ments into final segments and summarize them into dynamic
activity descriptions, incorporating temporal and logical re-
lationships. Furthermore, to tackle the issue of lack of reg-
ulation, we have incorporated a self-evaluation mechanism
within the context aggregation process. This mechanism,
along with multiple instructions and criteria set within the
prompts, ensures that the LLMs generate outputs that closely
align with predefined standards.

Our contributions are summarized as follows: (1) We pro-
pose a BTDP framework for zero-shot NLVL that leverages
LLMs and visual-language models to generate boundary-
aware temporal dynamic pseudo-supervision pairs through
boundary segmentation and context aggregation. (2) We
specifically design a prompt template that includes instruc-
tions and criteria tailored for the zero-shot NLVL task and
introduce a self-evaluation mechanism, which effectively
enhances the quality of the generated pseudo-supervision
pairs. (3) We have conducted extensive experiments on
Charades-STA and ActivityNet Captions, and the experi-
mental results demonstrate the advantages of our method.

Related Work
Fully/Weakly Supervised NLVL Methods
Fully supervised NLVL methods train a localization model
with the manually annotated moment-query pairs. Those
methods can be broadly categorized into two types:
proposal-based methods (Gao et al. 2021; Yuan et al. 2022;
Liu et al. 2022), and proposal-free methods (Li, Guo, and
Wang 2021; Nan et al. 2021; Xu et al. 2022). Proposal-based
methods first generate extensive candidate video moments,
which are subsequently ranked based on their alignment
with the language query. In contrast, proposal-free methods
directly predict the boundaries of the target moment within
the video by regressing from the query. Despite progress in
this area, the high cost of manual annotations remains a sig-
nificant barrier to the development of those techniques.

To alleviate this issue, weakly supervised NLVL meth-
ods have emerged. These methods only require video-query
pairs, thereby eliminating the need for detailed temporal
boundary annotations. Early methods (Mithun, Paul, and
Roy-Chowdhury 2019; Huang et al. 2021; Wang et al. 2021)
used sliding windows to generate possible proposals and se-
lected the most probable proposal from them. More recent
approaches (Lv, Su, and Wen 2023; Cao et al. 2023; Kim
et al. 2024) employ a learnable proposal generator to pro-
duce Gaussian proposals and optimize the quality through
masked query reconstruction. Nevertheless, in this setting,
the annotation cost of queries cannot be entirely avoided.

Zero-shot NLVL Methods
To eliminate manual annotation costs, several zero-shot
NLVL methods have been proposed, which train video lo-
calization models with the automatically generated pseudo
moment-query pairs from raw videos. PSVL (Nam et al.
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2021) is the first method in this field. Specifically, it con-
structed pseudo queries with nouns detected from images
and verbs inferred by language models based on these
nouns. Building upon this, CORONET (Holla and Lourent-
zou 2024) further enriched the extracted video and pseudo
query features using common-sense information, while
LoVe (Lu et al. 2024) retrieved relevant concepts from an
open concept pool to enrich the query content, and vali-
dated their accuracy and relevance within the video con-
text, thus enhancing the alignment between visual and tex-
tual modalities. Although these methods have improved the
query content and the consistency between textual and vi-
sual information, the generated pseudo queries remain rel-
atively simplistic, and do not fully align with the human-
generated language in open-world settings. Moreover, even
when augmented with LLMs to strengthen the generation of
their queries, these methods still encounter issues of insen-
sitivity and isolation, resulting in the absence of semantic
changes and global contextual information.

In contrast, our method leverages LLMs to generate
human-like descriptive pseudo queries rather than single
words. Moreover, we perform the boundary segmenta-
tion and context aggregation operations to identify seman-
tic changes and summarize global contextual information,
thereby alleviating issues of insensitivity and isolation.

LLMs for Video Understanding
Due to the language modeling capabilities of LLMs (Liu
et al. 2024b), researchers have integrated LLMs with visual
models to address many complex tasks in video understand-
ing (Wang et al. 2023, 2024). For example, (Wang et al.
2022) proposed to employ LLMs to transform static frame-
level captions into cohesive summaries of entire videos for
video captioning, and (Zhang et al. 2023a) presented lever-
aging short-term visual captioners and LLMs to aggregate
dense, short-term video clip descriptions for reasoning.

Note that some methods have also leveraged LLMs in
the NLVL task, such as ChatVTG (Qu et al. 2024) and
VTimeLLM (Huang et al. 2024). These methods designed
a variety of inferencing and fine-tuning strategies to directly
improve the moment localization ability of multimodal large
language models (MLLMs). However, their performance is
constrained to the limited video understanding ability of
MLLMs. Different from them, our BTDP method enriches
the language processing abilities of LLMs to generate high-
quality pseudo query-moment pairs, so that any traditional
NLVL models can be trained without further annotations.

The Proposed Method
Overview
As illustrated in Figure 2, our BTDP method auto-
matically generates pseudo-supervision pairs within two
stages: Boundary Segmentation and Context Aggregation.
1) Boundary Segmentation: We first segment the video into
visual boundaries based on visual changes. Subsequently,
we extract keyframes from each visual segment and gen-
erate coarse-grained caption and fine-grained tags as their
representations. Then, we input each visual segment and its

corresponding keyframes representations into the LLM. The
LLM further divides semantic boundaries based on seman-
tic changes in keyframe representations, obtaining atomic
segments of the video. 2) Context Aggregation: The atomic
segments and their activity descriptions of the entire video
are fed into a LLM for the generation of temporal dynamic
activity descriptions and their corresponding moment based
on the global information of the video. To ensure that the
LLM can generate high-quality pseudo-supervision pairs,
we set multiple instructions and criteria in the prompts to
facilitate the LLM’s understanding of the task. When deal-
ing with more challenging task of context aggregation, the
LLM undergoes an iterative self-evaluation process to make
the results more aligned with the set criteria. These gener-
ated pseudo-supervision pairs are used to train a video lo-
calization model. Next, the descriptions of each stage will
be provided in detail.

Boundary Segmentation
To alleviate the issue of insensitivity, our method starts with
visual and semantic boundary segmentation of the video.
Specifically, we first segment the video into visual bound-
aries based on visual changes. Subsequently, we further
divide semantic boundaries based on semantic changes in
keyframe representations. After completing the boundary
segmentation, we generate atomic segments and their cor-
responding activity descriptions.

Visual Boundary Detection. Given a video of N frames
V = {F1, . . . ,FN}, we first perform visual boundary seg-
mentation based on a core assumption: significant changes
in visual features may correspond to changes in the content
of video. To this end, we utilize the PySceneDetect1, which
allows for automatic video splitting. To achieve accurate vi-
sual boundary segmentation, it identifies visual boundaries
by detecting significant pixel changes between neighboring
frames. As a result, the video is segmented into multiple vi-
sually independent segments, obtaining the visual boundary
segmentation V = {V(1)

b , . . . ,V
(i)
b }. The visual segment

V
(i)
b constitutes the initial segmentation of our framework.

Keyframes Extraction. With the initial segments with the
visual boundary, we perform keyframe extraction to enhance
processing efficiency and accurately capture the main con-
tent of each visual segment. Videos often contain numer-
ous highly similar frames (Himakunthala et al. 2023; Hu
et al. 2023b), leading to redundant visual information, while
keyframes can effectively represent the core content of the
video. By analyzing the content of keyframes, we can in-
fer the main content of the entire video segment, thereby
avoiding resource waste caused by unnecessary dense uni-
form sampling. To achieve this, we choose the Katna2 tool
for keyframe extraction. Katna employs advanced image
analysis techniques, incorporating various factors such as
LUV color space, brightness, contrast, and blurriness, as
well as the k-means clustering algorithm to identify and ex-

1https://www.scenedetect.com/
2https://katna.readthedocs.io/
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Figure 2: Illustration of our BTDP framework. The boundary segmentation step first segments the video into atomic segments
based on visual and semantic boundaries, and then the context aggregation based on a LLM with the self-evaluation mechanism
summarizes the atomic segments to obtain moment-query pairs. Finally, we use these pairs for the model training.

tract keyframes Fk. Following this step, the keyframes of the
visual segments V(i)

b = {F(1)
k , . . . ,F

(n)
k } can be obtained.

Keyframes Representation. To generate diverse and var-
ied descriptions for keyframes, we adopt a multi-granular
representation generation approach. At the coarse-grained
level, we utilize image captioning model to produce broad
captions for each keyframe, summarizing the primary con-
tent depicted in the image. As for the fine-grained level, we
use the RAM (Zhang et al. 2023b) model to identify the de-
tailed tags for each frame, encompassing dimensions such
as objects, actions, attributes, and more. These detailed tags
complement the coarse-grained representations. By integrat-
ing both coarse and fine-grained representations, we achieve
a comprehensive and detailed descriptions of each keyframe:(

C
(n)
k ,T

(n)
k

)
= VLM

(
F
(n)
k

)
. (1)

Where C represents the captions of the keyframes, and T
represents the tags extracted from the keyframes.

Semantic Boundary. After visual boundary segmentation
and keyframes representations, we observe that segmenting
video based solely on visual features is often insufficient to
fully separate all video segments. This is the issue of insen-
sitivity we previously mentioned. Sometimes, videos can-
not be split by visual features, and further segmentation is
required according to semantic changes. Consequently, the
visual segment can be described as:

V
(i)
b =

{(
F
(1)
k ,F

(2)
k

)
, . . . ,

(
F
(n−1)
k ,F

(n)
k

)}
, (2)

since the semantic information between each pair of paren-
theses is different, they are separated. We leverage a LLM
to identify semantic boundaries within the visual segments.

With its superior nature language processing abilities, the
LLM can deduce dynamic activities based on the descrip-
tions of static descriptions of keyframes, much like humans
do. We input each visual segment and its corresponding
keyframes descriptions into the LLM and instruct it to infer
all semantically distinct activities of each visual segment.
We set multiple instructions and criteria in the prompt to
facilitate the LLM’s better understanding of the task. Subse-
quently, the LLM performs semantic boundary segmentation
based on the changes of keyframes representations:

(Atom1, . . . ,Atomk) = LLM
(
V

(i)
b

)
. (3)

Through dual visual and semantic boundary segmenta-
tion, we ultimately obtain the video atomic segment Atomk

and its dynamic description.

Context Aggregation
To alleviate the issue of isolation between segments and the
deficiency of contextual information, we continue to use
the LLM to analyze the global information of the video
and perform context aggregation. By examining the tem-
poral and logical relationships between atomic segments,
the LLM merges semantically similar segments to summa-
rize and generate queries for each merged segment. Through
this process, we accomplish context aggregation, obtain-
ing non-redundant final segments with new context-related
queries, thus generating high-quality pseudo-supervision
pairs. Given the complexity of this task, we have designed
a self-evaluation prompt template in addition to setting cri-
teria, which ensures that the generated pseudo-supervision
pairs better align with our criteria.

Self-Evaluation. For dealing with complex text tasks, it is
often challenging to ensure that the output of LLMs meets
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the expected criteria in a single iteration. Therefore, a “task
init → feedback → iterate” self-evaluation mechanism has
been proposed, inspired by human thinking processes. This
mechanism has been proven to significantly enhance the
ability of LLMs to handle complex text tasks. In this mech-
anism, the LLM first generates an initial output, then eval-
uates the initial output according to predefined criteria and
provides scores and detailed feedback. Based on feedback,
the LLM refines its output to achieve higher quality and bet-
ter align with our criteria.

Prompt Template. We provide the prompt template to
better illustrate the details of our self-evaluation process.
In this template, the criteria for initialization and feedback
scoring are developed based on our observations and analy-
sis of poor quality results:

(1) task init: <EXAMPLE & VIDEO>+ You are an ex-
cellent video analyst. Your task is to merge and summa-
rize the initial atomic segments of the video and the de-
scription of each segment and generate the final segments
and corresponding descriptions. The criteria for the final re-
sults are: (1) Non-redundancy: Ensure that each segment
describes a unique activity, and integrate segments involv-
ing the same activity. (2) Singularity: Each segment should
describe only one activity, avoiding the mixture of multi-
ple activities within a single segment. (3) Integrity: Adjust
segments based on the overall information of the video,
unify segment descriptions, and emphasize temporal order
and logical relationships. (4) Non-fragmentation: Avoid the
presence of short segments (less than 5 seconds), ensuring
that each segment is not fragmented content. (5) Accuracy:
Based on global video information, ensure that the descrip-
tion of each segment is accurate, allowing no uncertainty.

(2) feedback: Provide atomic segments from the video
and the final result obtained by context aggregation. Your
task is to give scores and feedback according to the provided
criteria : (1) Non-redundancy, (2) Singularity, (3) Integrity,
(4) Non-fragmentation, (5) Accuracy. Here are some exam-
ples of scoring criteria: <EXAMPLE>.

(3) iterate: <FEEDBACK & SCORE>+ Okay, let’s use
this feedback to improve the response.

Result. After the iterative process of the aforementioned
three steps, once the feedback score meets the prede-
fined threshold, it indicates that the generated content has
achieved the desired quality level. At this point, the obtained
pseudo-supervision pairs are considered the final result:

(P1, . . . ,Pn) = LLM(VAtom) , if SCORE > t, (4)

where Pn represents the final generated pseudo-supervision
pair, VAtom represents the overall video description com-
posed of atomic events, and t denotes the threshold score.

We summarize our pseudo-supervision pairs generation
pipeline including boundary segmentation and combined
summary in Algorithm 1.

Training and Inference
After obtaining pseudo-supervision pairs, we can directly
use them to train the fully supervised models. We choose

Algorithm 1: Pseudo queries generation
Input: Training videos
Output: Pseudo-supervision pairs

1: for each training video do
2: perform visual boundary segmentation
3: for each visual segment do
4: extract keyframes
5: represent keyframes(Eq.1)
6: perform semantic boundary segmentation(Eq.2,3)
7: end for
8: perform iterative context aggregation(Eq.4)
9: if SCORE >t then

10: end iteration
11: end if
12: return result
13: end for

the EMB (Huang et al. 2022) model as our video localiza-
tion model. The model first performs video-text alignment
and then constructs a flexible elastic boundary according
to the timestamp difference between the predicted endpoint
and the manually marked endpoint, achieving excellent per-
formance. The total loss function can be expressed as:

L =
b∑

i=1

LEMB(Vi,Qi, [τ̂s, τ̂e]i), (5)

Where Vi is the video, Qi is the pseudo query, [τ̂s, τ̂e]i is the
corresponding start and end time of the query, LEMB is the
localization loss function used in EMB, and b is the batch-
size.

After completing the training, we directly uses the trained
model for inference, without the need to process the query
for splitting words as in the previous approaches, the whole
process is more concise and efficient.

Experiment
Datasets
ActivityNet Captions: ActivityNet Captions includes ap-
proximately 20,000 open-domain videos. The average video
length is 117.61 seconds. The dataset is divided into 37,421
sentence-moment pairs for training and 17,505 for test.
Charades-STA: Charades-STA consists of a collection of
9,848 untrimmed videos, each with an average length of
30.59 seconds. The dataset includes 12,408 event-query
pairs for training and 3,720 for test.

Evaluation Metrics
Following previous methods, we adopt “R@k” and“mIoU”
as our evaluation metrics. Specifically, “R@k” measures the
proportion of instances that achieve at least one top-1 re-
sult with an IoU exceeding k compared to the ground truth.
Meanwhile, “mIoU” represents the mean IoU for all in-
stances relative to the ground truth. In our experiments, we
consistently set k to the values {0.3, 0.5, 0.7}.
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Method Sup. Charades-STA ActivityNet Captions
R@0.3 R@0.5 R@0.7 mIoU R@0.3 R@0.5 R@0.7 mIoU

2D-TAN (Zhang et al. 2020) Fully - 39.81 23.25 - 58.75 44.05 27.38 -
EMB (Huang et al. 2022) 72.50 58.33 39.25 53.09 64.13 44.81 26.07 45.59

SCN (Lin et al. 2020)
Weakly

42.96 23.58 9.97 - 47.23 29.22 - -
CRM (Huang et al. 2021) 53.66 34.76 16.37 - 55.26 32.19 - -
CNM (Zheng et al. 2022) 60.39 35.43 15.45 - 55.68 33.33 - -

VTimeLLM† (Huang et al. 2024) Fine-tuning 55.30 34.30 14.70 34.60 44.80 29.50 14.20 31.40

PSVL (Nam et al. 2021)

Zero-shot

46.47 31.29 14.17 31.24 44.74 30.08 14.74 29.62
CORONET (Holla and Lourentzou 2024) 50.98 33.18 16.48 33.06 45.43 28.27 12.81 30.88

LoVe (Lu et al. 2024) 47.74 34.62 20.16 32.97 49.26 31.45 15.27 33.25
ChatVTG† (Qu et al. 2024) 52.69 33.01 15.89 34.87 40.67 22.49 9.42 27.21

BTDP (ours) Zero-shot 58.31 40.00 20.94 39.05 50.64 30.56 17.54 36.55

Table 1: Performance comparison on the Charades-STA and ActivityNet Captions datasets. † indicates that its method uses
LLMs. The best performance is highlighted in bold and the second-best is underlined.

Implementation Details
We employ PySceneDetect to segment the visual boundary
and Katna to extract the keyframes. For the keyframes repre-
sentation, we use the Qwen-VL (Bai et al. 2023) for coarse-
grained level and the RAM (Zhang et al. 2023b) for fine-
grained level. We utilize Gemini (Team et al. 2023) as our
LLM for segmenting semantic boundaries and performing
context aggregation. During LLM reasoning, we set the tem-
perature to 0.7. To ensure diversity due to the randomness of
each output generated by the LLM, we combine multiple re-
sults to form the final training set. Finally, we use the result-
ing pseudo-supervision pairs set to train the EMB (Huang
et al. 2022) model. All experiments were conducted on a
single NVIDIA A100 GPU.

Performance Comparison
As in Table 1, our BTDP method is compared with several
baseline methods with different settings on the Charades-
STA and ActivityNet-Captions dataset. As we can see, on
the Charades-STA, our approach demonstrates superior per-
formance compared to all zero-shot methods, achieving the
best results across all metrics and exhibiting a 4.18% im-
provement in mIoU over the second-best method. On the
ActivityNet Captions, our BTDP still outperforms other
zero-shot methods in R@0.3, R@0.7, and mIoU, while
maintaining comparable results in terms of R@0.5. Fur-
thermore, without any annotations, our BTDP method even
surpasses some weakly-supervised methods over some met-
rics, demonstrating the high quality of the generated pseudo-
supervision pairs.

Ablation Study
To explore the effectiveness of each module in our method,
we conduct extensive ablation studies on Charades-STA.

Effectiveness of boundary segmentation and context ag-
gregation. As shown in Table 2, “BS” denotes the appli-
cation of semantic boundary segmentation, while “CA” rep-
resents the context aggregation process. When “BS” is re-
moved, LLM inference directly generates a single descrip-

BS CA R@0.3 R@0.5 R@0.7 mIoU
✗ ✗ 49.52 33.33 15.58 33.95
✓ ✗ 51.77 34.87 15.88 34.81
✗ ✓ 54.25 35.65 17.90 36.71
✓ ✓ 57.07 38.47 20.16 38.19

Table 2: Ablation study of the boundary segmentation and
context aggregation processes.

Method R@0.3 R@0.5 R@0.7 mIoU
BTDP w/o SE 57.07 38.47 20.16 38.19
BTDP w/ SE 58.31 40.00 20.94 39.05

Table 3: Ablation study of the self-evaluation processes,
“SE” means the self-evaluation process.

tion for each visual segment, treating the visual boundaries
as final segments without further refinement. When “CA”
is removed, the results after boundary segmentation are di-
rectly used as the final pseudo-supervision pairs for the train-
ing of the localization model.

The comparison between the first and second rows, as
well as the third and fourth rows, elucidates the impact of
boundary segmentation. This component significantly en-
hances performance across all metrics, with a notable im-
provement in mIoU when “BS” is incorporated, demonstrat-
ing its critical role in addressing the insensitivity issue by
refining the alignment between the query and the visual con-
tent. Conversely, the comparison between the first and third
rows, and the second and fourth rows, underscores the con-
tribution of the context aggregation process. The employ-
ment of “CA” results in a marked increase in performance,
particularly in R@0.3 and mIoU, suggesting that the aggre-
gation and summarization of context alleviate semantic re-
dundancy and enhance temporal and logical relationships,
leading to the improved overall performance.
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Figure 3: (a) Ablation study on the use of tags. (b) Experi-
ment of reducing annotation cost.

Effectiveness of self-evaluation. Table 3 demonstrates
the effectiveness of self-evaluation on the LLM. Specifi-
cally, the integration of self-evaluation leads to an average
performance increase of 1.11% across all metrics, with a
maximum improvement of 1.53% for R@0.5. This indicates
that self-evaluation can effectively alleviate the issue of lack
of regulation. Through iterative generation, self-evaluation
makes the generated results more consistent with our crite-
ria, improves the quality of the generated pseudo-supervised
pairs, and thus enhances the performance.

Effectiveness of tags. Figure 3(a) demonstrates the effec-
tiveness of using tags. As we can see, incorporating tags
leads to performance improvements across all four met-
rics. The addition of tags provides finer-grained information,
which enhances the accuracy and richness of the pseudo
queries, resulting in improved overall performance.

Reducing annotation cost. Figure 3(b) illustrates the ef-
fectiveness of pseudo-supervision pairs in reducing annota-
tion costs by comparing two scenarios: one where missing
annotations are left unaddressed, and another where they
are supplemented with pseudo-supervision pairs. The re-
sults show that by filling in the gaps with pseudo data, the
model maintains a high level of accuracy even as the pro-
portion of manually annotated data decreases. In contrast,
when no supplementation is provided, performance declines
significantly. This demonstrates that our method of generat-
ing pseudo-supervision pairs effectively reduces the need for
extensive manual labeling, leading to substantial annotation
cost savings.

Qualitative Results
To more effectively evaluate the performance of our method
in generating pseudo-supervision pairs, we visualize the
pseudo queries produced for sample videos and assess the
qualitative results of the model in temporal localization. Ad-
ditionally, we compare our approach with previous methods,
highlighting the superiority of our approach.

The visualization of the pseudo queries, as shown in Fig-
ure 4(a), demonstrates that the queries generated by our
method closely align with the ground truth (GT) timestamps
and provide detailed descriptions that rival the quality of
manual annotations. This indicates that our method is ca-
pable of producing high-quality pseudo-supervision pairs,
which can be used to train models without requiring ex-
tensive human annotation efforts. We also present a quali-
tative comparison of video localization results, as illustrated

14.2s 22.5sGT:

14.7s 25.1s

GT: Person takes a drink from the cup

Pseudo Event:

Pseudo Query: A woman is drinking from the cup in a bathroom

32.0s23.4sGT:

20.0sPseudo Event: 30.9s

Query: A person in a kitchen reads from a book

Query: A person is smiling

PSVL: 0.0s~12.5s

Ours: 0.0s~8.7s

GT: 0.0s~8.3s

PSVL:22.4s~31.0s

Ours: 0.0s~19.2s

GT: 3.1s~18.8s

GT: Person closes a door

Pseudo Query: A person is walking through a hallway and closing a door

(a)

(b)

Figure 4: (a) Visualization of the pseudo-supervision pairs
on the Charades-STA dataset. (b) Qualitative comparisons
with PSVL on the Charades-STA dataset.

in Figure 4(b). For a given input video and corresponding
query sentence, we provide the GT timestamp, the result of
PSVL, and the result of our method. In these comparisons,
our approach consistently achieves more accurate localiza-
tion than the PSVL baseline, which further indicates the ef-
fectiveness of our method.

Conclusion
In this paper, we introduce a method that uses LLMs
to generate boundary-aware temporal dynamic pseudo-
supervision pairs for zero-shot natural language video lo-
calization. Our approach addresses challenges such as in-
sensitivity, isolation, and lack of regulation through bound-
ary segmentation, context aggregation, and self-evaluation.
These processes improve text-to-visual alignment, consoli-
date the global video information, and ultimately produce
pseudo-supervision pairs that approach the quality of man-
ual annotations. Extensive experiments on the Charades-
STA and ActivityNet Captions datasets validate the ef-
fectiveness of our method. In the future, we will fo-
cus on refining the query-segment correspondence, such
as fine-tuning boundaries to create higher-quality pseudo-
supervision pairs.
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