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Abstract

Video retrieval is a challenging task that requires captur-
ing both semantic relevance and temporal consistency to
return accurate results. Recent advancements in Vision-
Language Models (VLMs) have significantly improved re-
trieval performance, but challenges remain in handling
complex queries and ensuring robust ranking. To address
these issues, we explore the integration of Large Language
Models (LLMs) into multiple modules within the retrieval
process to enhance video retrieval using textual queries.
Specifically, we propose four key modules: Temporal-
assisted retrieval, Query refinement, Results reranking, and
Multimodal combinations. These modules leverage LLMs
to improve temporal understanding, refine input queries,
rerank retrieval results, and integrate multimodal cues, ul-
timately enhancing the relevance and accuracy of retrieved
video segments. Our study focuses on a fully automated
retrieval system, where queries are processed without hu-
man intervention. Comprehensive experiments on the tex-
tual KIS dataset from the Video Browser Showdown (VBS)
competition demonstrate that LLM-assisted retrieval sig-
nificantly improves retrieval performance. The proposed
framework outperforms conventional approaches by effec-
tively handling complex search queries and improving re-
trieval accuracy, highlighting the potential of LLMs in au-
tomated video search.

1. Introduction

Video retrieval [32] is a critical and challenging task in mul-
timodal information processing, particularly as the volume
of video content on online platforms continues to grow ex-
ponentially. Users may search for specific video segments
for various purposes, including research, education, surveil-
lance, or entertainment. Unlike traditional text retrieval,
video retrieval requires systems not only to understand tex-
tual queries accurately but also to align them with relevant
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visual features. A common scenario is Known-Item Search
(KIS), in which users attempt to retrieve a video or segment
they have previously seen but can no longer recall in de-
tail. These queries are often vague, involving partial memo-
ries of scenes, characters, or general context, and cannot be
expressed through precise keywords. This creates a signifi-
cant challenge, as the system must interpret the user’s intent
and identify semantically relevant content within a large-
scale video repository. Among the various approaches to
video retrieval, keyframe-based methods with textual query
input have demonstrated superior performance in both re-
trieval speed and result accuracy [24]. However, natural
language queries often pose challenges due to their com-
plexity and narrative structure. Such queries typically con-
tain multiple elements—such as characters, actions, and
scenes—described in a continuous flow, making it difficult
for systems to extract and match relevant details. In ad-
dition, many queries imply a temporal sequence of events,
which traditional systems often fail to model effectively.

Recent advances in artificial intelligence, particularly
with the rise of Large Language Models (LLMs) [4], have
led to a paradigm shift in the representation of vision-
language cross-domain tasks, enabling unprecedented lev-
els of automation and cognitive assistance across a wide
range of applications [14, 30]. The inherent ability of LLMs
to process and generate natural language, combined with
their advanced reasoning and inferential capabilities, has
paved the way for the development of sophisticated models
powered by LLM [5, 8, 11]. These models are increasingly
being deployed across various domains, including complex
data analysis, knowledge representation, and intuitive infor-
mation retrieval, to optimize and streamline cognitive and
operational workflows. Among various challenges [6, 24],
numerous advanced video search frameworks have been in-
troduced incorporating LLMs [19, 23].

To address the limitations of video retrieval methods
using textual input, we propose an LLM-assisted retrieval
framework designed to improve video retrieval perfor-
mance. By incorporating LLMs into the retrieval stages,
our approach improves accuracy, temporal understanding,
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and ranking, leading to more effective and semantically co-
herent video retrieval. Experimental results on the V3C1
dataset [18] demonstrate that our method outperforms ex-
isting approaches, underscoring the impact of LLM-assisted
retrieval in video search tasks. The proposed retrieval pro-
cess is fully automated, with queries provided in advance to
participants, and does not require direct human involvement
to resolve. Our contributions can be outlined in two primary
points, detailed as follows:
• We propose an enhanced retrieval framework that in-

tegrates Large Language Models (LLMs) for query re-
finement, temporal search, results reranking, and multi-
model fusion. Extensive ablation studies show that LLM-
assisted modules significantly improve retrieval accuracy.
Additionally, we extend our framework with a question-
answering module that extracts contextualized questions
from queries and generates responses based on retrieved
video content.

• Second, we conduct an in-depth analysis of state-of-
the-art Vision-Language Models (CLIP, SigLIP, EVA-
CLIP) and different keyframe extraction methods for
video retrieval. Our results show that SigLIP and EVA-
CLIP outperform CLIP across all retrieval metrics on the
V3C1 dataset, while keyframes extracted using FFmpeg
[3] yield superior performance compared to the default
keyframes extracted by Cineast [17] in the V3C1 dataset.

2. Related Works

2.1. Video Retrieval

The ubiquity of video data in daily activities, such as news
reports, cinematic entertainment, or automated surveillance,
has led to a huge demand for sophisticated video retrieval
systems. These systems must exhibit scalability and pre-
cision to efficiently manage and extract pertinent informa-
tion from the vast amount of visual data collection. Specif-
ically, in the context of video retrieval, users may perform
the search process to locate predefined or known items us-
ing their own natural language description. The attempt
to retrieve a specific, familiar contextual visual content is
the primary task of video segment retrieval, namely the
Known-Item Search or KIS task. Additionally, the Adhoc
Video Search or AVS is also an important task where the
goal is to find as many keyframes as possible that are se-
mantically relevant to the textual query input. Multiple an-
nual competitions, e.g. Lifelog Search Challenge [6], Video
Browser Showdown [24], or NTCIR-Lifelog [31] are orga-
nized to promote advanced search frameworks with real-
time benchmarks and achieve competitive results. Previous
approaches [2, 12, 21] demonstrated that integrating CLIP-
based semantic knowledge [7, 16, 29] into the search pro-
cess can improve the accuracy and relevance of the retrieval
results. Therefore, in recent years, various CLIP variants

have emerged to enhance video retrieval tasks. In 2023,
Zhai et al. introduced SigCLIP [29], which replaces the tra-
ditional loss function with a sigmoid-based loss, decoupling
batch size from the loss function. SigLIP improves per-
formance even with limited computational resources while
maintaining high accuracy. Building on these advance-
ments, Sun et al. proposed EVA-CLIP [22] to optimize
training efficiency without significantly increasing compu-
tational costs. The model leverages pre-trained EVA, the
LAMB optimizer, and flash attention, ensuring stable train-
ing and improved performance on zero-shot tasks.

2.2. Integration of LLM in Multimodal Models
Advancements in LLMs have led to the creation of AI
models that can integrate multimodal inputs for richer un-
derstanding and reasonable decisions for human-computer
interaction. Tools such as Visual ChatGPT [26] bridge
the gap between text and visuals, enabling image gener-
ation and editing during chats. MM-REACT [27] takes
it a step further, integrating vision experts with ChatGPT
for multimodal understanding and action. HuggingGPT
[20] leverages various AI models from HuggingFace, tack-
ling complex tasks across different modalities and domains.
TaskMatrix.AI [8] expands the scope even further, connect-
ing foundation models with millions of APIs for diverse
digital and physical tasks. InternGPT [10] emphasizes clear
communication by combining pointing actions with natural
language instructions. VisProg [5] and the followed appli-
cation [11] introduced the concept of visual programming
in which modular pseudocodes are generated based on user
instructions. The corresponding programs are then exe-
cuted to achieve the target requirement. With the in-context
learning attribute of LLMs, the models learn specific pat-
terns from a limited set of task examples and uses this un-
derstanding to interpret new instances. Our work builds
upon these approaches by integrating LLMs into multiple
stages of the retrieval process, including query refinement,
temporal-assisted search, and reranking, demonstrating sig-
nificant improvements in retrieval accuracy.

3. Approaches
3.1. Base Retrieval Model
The base video retrieval pipeline is illustrated in Figure 1.
Our approach follows the standard keyframe-based video
retrieval framework used in previous systems [24]. The
pipeline consists of two main stages: Indexing Stage and
Searching Stage.

3.1.1. Indexing Stage
In the indexing stage, keyframes are extracted from a large-
scale video dataset to capture the core content of each video.
These keyframes act as visual anchors for retrieval, ensur-
ing that only the most relevant frames are stored. Once ex-

3709



Keyframes Vector
Database

Indexing stage

Textual 
query

Retrieval stage 

Large-scale
video dataset

Retrieval stage with LLM-assisted (Our approach)

K
eyfrane

Extraction

Textual
query

Temporal-assisted
Module

Basic search

Temporal search

Integrated Search
Function 

Contain
Temporal Shot_1: "..."

Shot_2: "..."

Query Refinement
Module

Query Refinement
Module

Temporal-assisted Query Refinement Results Reranking

Results Reranking
Module

Results Reranking
Module Result

Result

Basic search

Temporal search

Integrated Search
Function 

NOT 
Contain Temporal

Result

Vision-
Language

Model

Vision-
Language

Model

Vision-
Language

Model

Figure 1. The overall pipeline of the video retrieval system using textual description input. The system consists of two main stages:
the Base Retrieval Model and the proposed LLM-assisted Retrieval Stage, which enhances retrieval accuracy through query refinement,
temporal-assisted search, results reranking, and multimodal fusion.

tracted, the keyframes are processed by a Vision-Language
Model (VLM), which converts each image into a high-
dimensional feature vector. These feature representations
are then indexed in a vector database, enabling efficient
similarity-based retrieval. The quality of keyframe extrac-
tion and the choice of VLM significantly impact the ac-
curacy of the entire retrieval system. Selecting the right
keyframe selection strategy and model ensures that the in-
dexed representations accurately capture the semantics of
the video content, leading to more precise search results.
Keyframes Extraction We tested two types of keyframes
extracted from videos: 1. keyframes extracted by Cineast
[17] provided in the dataset and 2. keyframes extracted by
FFmpeg [3]. For keyframes extracted by FFmpeg, we de-
fined the segment’s start time as the time of the extracted
keyframe and the end time of the segment as the time of the
next extracted keyframe.
Joint Embedding Models Many prior works have utilized
CLIP as a joint embedding model for textual and visual
data, achieving remarkable results in video retrieval compe-
titions, such as the Video Browser Showdown (VBS). How-
ever, recent advancements have introduced enhanced varia-

tions of CLIP that offer superior performance, particularly
in Text-to-Image retrieval tasks. In our approach, we inte-
grate two state-of-the-art CLIP variations, SigLIP [28] and
EVA-CLIP [22], both of which demonstrate stronger perfor-
mance in zero-shot image-text retrieval, significantly sur-
passing the original CLIP, especially on datasets like MS-
COCO [9]. By leveraging these advanced joint embedding
models, our system enhances retrieval accuracy and robust-
ness, ensuring improved alignment between textual queries
and visual content.

3.1.2. Retrieval Stage
In the retrieval stage, the input textual query is processed
using the same Vision-Language Model (VLM) as in the
indexing stage to generate its feature representation. This
ensures consistency between the textual and visual em-
beddings, allowing for accurate similarity-based retrieval.
We employ two types of search strategies in our retrieval
system: Basic Search and Temporal Search. By integrat-
ing these search strategies, our system effectively retrieves
keyframes that align with both static and temporally con-
nected queries, enhancing the overall retrieval performance.
Basic Search This type of search takes a textual query
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as input and returns a list of relevant video segments
that match the query. The retrieval process works by
comparing the similarity between the textual query rep-
resentation—extracted using a Vision-Language Model
(VLM)—and the keyframe representations stored in the
vector database during the indexing stage. Pairs of vectors
with the highest similarity scores are considered the most
relevant results, enabling the retrieval of video frames that
best align with the linguistic description. This approach en-
hances both efficiency and accuracy in video retrieval by
leveraging the power of VLMs to understand and bridge the
gap between visual and textual content.
Temporal Search While input queries often contain tempo-
ral information, our video retrieval system also incorporates
temporal search to enhance retrieval accuracy. Specifically,
our temporal search feature takes as input two chronological
descriptions corresponding to two scenes appearing in the
video. For this type of search, we first retrieve keyframes
using the first input query, generating a list of the most rel-
evant keyframes along with their corresponding similarity
scores. Then, for each keyframe in this list, we compute the
similarity scores of the second input query with all its suc-
cessive keyframes in the next segments, selecting the one
with the highest similarity score as the most relevant suc-
cessive keyframe. To further refine the ranking, we combine
the similarity score from the initial retrieval with the highest
similarity score from the successive keyframe search. This
ensures that the final ranking reflects both the relevance of
the initial keyframe to the first query and the temporal con-
tinuity between keyframes with respect to the second query.
As a result, the retrieved keyframe pairs maintain a coherent
temporal alignment, making them highly effective for video
retrieval tasks that require both semantic relevance and tem-
poral consistency.

3.2. Retrieval Stage LLM-Assisted

In this approach, we integrate Large Language Models
(LLMs) into multiple modules within the base retrieval
process to enhance video retrieval using textual queries.
Specifically, we propose four key modules: Temporal-
assisted retrieval, query refinement, results reranking, and
multimodel combinations - all designed to improve retrieval
performance with LLM support. The LLM-assisted re-
trieval stage is illustrated in Figure 1-bottom. The retrieval
process begins when a user submits a textual query. From
there, the system leverages LLMs across the proposed mod-
ules to enhance temporal understanding, refine the query,
re-rank results, and incorporate multi-modal cues, ulti-
mately improving the relevance and accuracy of retrieved
video segments.

For the Temporal-Assisted and Query Refinement mod-
ules, we use ChatGPT-4o [13], while InternVL 2.5 [1]
is adopted for the Results Re-ranking module. Detailed

prompts are provided in the Supplementary Material.

3.2.1. Temporal-Assisted Module
While textual queries often describe multiple scenes within
a video, a basic search approach that considers only a single
scene from the query may introduce noise into the retrieval
results. To address this, the temporal-assisted module is de-
signed to first determine whether the given query contains
temporal information. By identifying queries that describe
sequential events or multiple scenes, this module enables
more accurate retrieval by incorporating temporal context
into the search process. Based on this classification, the re-
trieval system can decide whether to perform a basic search
(using a single input description) or a temporal search (han-
dling multiple input descriptions). If the query contains
temporal information, this module further helps decompose
it into multi-shot descriptions, ensuring that each segment
is processed separately for more accurate video retrieval.

3.2.2. Query Refinement Module
The query refinement module enhances video retrieval by
optimizing textual queries for better search relevance. It
restructures the input description into a concise, keyword-
rich, and highly searchable format, ensuring alignment with
common search patterns. By removing unnecessary details
while preserving core meaning, this module improves re-
trieval accuracy and ranking, making video searches more
efficient and effective.

3.2.3. Results Reranking Module
The results re-ranking module leverages vision LLMs to
refine retrieval accuracy by reassessing the similarity be-
tween the textual query and the retrieved images. After
the initial search retrieves candidate keyframes, this module
re-evaluates their relevance using a Vision LLMs-powered
similarity assessment. This ensures that the top-ranked re-
sults are the most semantically and visually aligned with the
query. This process helps filter out less relevant frames and
improves the overall quality of video retrieval.

Specifically, given an input textual query and its re-
trieved keyframes, a Vision LLM evaluates their relevance
and assigns an “LLM score” as a refined similarity mea-
sure. The retrieved results are then re-ranked based on this
LLM score. If multiple results share the same LLM score,
they are further ranked using the similarity score between
the textual query and keyframe representations extracted by
the Vision LLM. For temporal searches, the module com-
putes LLM similarity scores between retrieved keyframe
pairs and the multi-shot descriptions generated by the query
refinement module.

3.2.4. Multi-model Combinations
The multi-model combinations module enhances retrieval
diversity by integrating results from multiple Vision-
Language Models (VLMs). Instead of relying on a single
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Figure 2. The video question-answering pipeline based on the proposed LLM-assisted video retrieval system. From the input containing
both a textual description and a question, we introduce a Question Extraction Module to separate them. The extracted description is used
to retrieve the top relevant videos, and a Video Question-Answering Module answers the question based on the top relevant result.

model, this approach combines the top retrieval results from
different VLMs, ensuring broader coverage and improved
retrieval robustness.

Specifically, the most relevant keyframes retrieved by
different models are concatenated into a unified result set.
To ensure optimal ranking, the Results Reranking Module
is then applied to evaluate the relevance of these retrieved
frames against the textual query. This process helps lever-
age the strengths of multiple models, leading to more accu-
rate and diverse video retrieval outcomes.

3.3. Question-Answering with LLM-Assisted

The Question-Answering with LLM-Assisted pipeline is il-
lustrated in Figure 2. For the question-answering task, we
utilize the same Retrieval Stage LLM-Assisted pipeline de-
scribed in Section 3.2. However, unlike standard retrieval,
the retrieved keyframes are grouped by video, meaning each
video is represented only by the keyframe with the highest
relevance score. To generate answers based on video con-
tent, we introduce two additional modules: Question Ex-
traction and Video Question-Answering.

3.3.1. Question Extraction

In textual queries, the question is always located in the last
sentence. However, relying solely on the question itself may
result in a loss of contextual information, as previous sen-
tences often describe the background or setting of the query.
This module is designed to extract the question while pre-
serving its relevant contextual information, ensuring that the
response remains accurate and meaningful.

3.3.2. Video Question-Answering

To generate answers based on video content, we employ the
InternVideo 2.5 model [25], which has demonstrated state-
of-the-art performance across various short and long video
benchmarks. This model takes the retrieved video as input
along with the extracted question from the previous step and
generates an answer based on the visual content. By lever-
aging advanced video-language modeling, this approach en-
hances the accuracy and relevance of question-answering in
video retrieval.

4. Experiment
4.1. Datasets and Evaluation Metrics
Validation Dataset For validation, we use the textual KIS
dataset from the Video Browser Showdown (VBS) compe-
tition from 2019 to 20241. To ensure relevance, we filter out
all queries where the answer is contained within the V3C1
dataset [18], resulting in a final validation set of 46 items.
Each item in the dataset consists of a textual description
that uniquely specifies a target time segment in a video. For
our retrieval pipeline, we use the last hint provided in the
dataset as the input textual query, as it contains the most de-
tailed description of the target scene. For an answer to be
considered accurate, it must: Correctly identify the video
containing the target segment and ensure that the retrieved
interval fully overlaps with the ground-truth segment.

Evaluation Metrics We employed Hit@K as the eval-
uation metric, where a score of “1” is assigned if at least
one correct item appears within the top K retrieved entries;
otherwise, a score of “0” is recorded. To determine the cor-
rectness of an answer, the target video must be correctly
identified and ensured that the predicted interval is entirely
contained within the ground-truth segment. Intervals that
are fully enclosed within the target, even if shorter in dura-
tion, are considered correct. However, segments that only
partially overlap with the target are regarded as incorrect.
This strict evaluation criterion ensures precise temporal lo-
calization in video retrieval.

4.2. Experiment setup
Vision-Language Models & Similarity Search For the
Vision-Language Models (VLMs), we evaluate CLIP [15],
SigLIP [28], and EVA-CLIP [22] using their respective pre-
trained weights: clip vit large patch14 336, SigLIP-large-
384, and EVA-CLIP-large-336. The retrieval system em-
ploys Milvus as the vector database, with cosine similarity
used as the similarity metric to measure the relevance be-
tween textual and visual representations.

LLM-Assisted Modules We integrate ChatGPT-4o [13]
as the Large Language Model (LLM) in the Temporal-
Assisted Retrieval, Query Refinement, and Question Ex-
traction modules. To ensure deterministic outputs, we con-

1https://github.com/lucaro/VBS-Archive
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Table 1. Retrieval results with different vision language models
and keyframe extractions on the V3C1 dataset.

Models Type of
Keyframes #Keyframes Validation

H@1 H@5 H@10
CLIP [15]

Default keyframes
(Cineast)

1,082,659
0.1087 0.2391 0.2826

SigLIP [28] 0.1739 0.3478 0.3913
EVA-CLIP [22] 0.1739 0.3043 0.3695
SigLIP [28] Custom keyframes

(FFmpeg)
1,552,550

0.2391 0.5217 0.6304
EVA-CLIP [22] 0.4130 0.6304 0.6957

figure it with a fixed seed of 0, a temperature of 0, and top p
set to 1e − 21. Despite these settings, we observed slight
variations in the generated outputs across different calls.
To account for this variability, we report the average per-
formance over five runs in Table 2, including the standard
deviation. For the Results Re-ranking and Multi-Model
Combinations modules, we use InternVL2 5-8B [1] with 4-
bit quantization for evaluating retrieval relevance. For the
Video Question-Answering module, we use InternVideo2.5
[25]. The InternVL2 5-8B and InternVideo2.5 models are
set with do sample = false to maintain deterministic out-
puts. All experiments run on a single NVIDIA RTX 4090
GPU with 24GB of VRAM, ensuring efficient processing
and evaluation of retrieval quality. In Multi-Model Com-
binations, we merge the top-10 retrieval results from each
SigLIP and EVA-CLIP model.

4.3. Results

4.3.1. Keyframes Extraction and Features Extraction

The retrieval results for different feature extraction mod-
els and keyframe extraction methods are presented in Ta-
ble 1. When using the default keyframes provided in the
V3C dataset, both SigLIP and EVA-CLIP demonstrated sig-
nificantly higher performance than CLIP across all eval-
uation metrics. SigLIP, in particular, achieved the high-
est H@5 and H@10 scores, outperforming the CLIP base-
line by 45.45% and 38.46%, respectively. With keyframes
densely extracted using FFmpeg, the retrieval performance
of both SigLIP and EVA-CLIP improved substantially com-
pared to the default keyframes extracted by Cineast. Specif-
ically, SigLIP achieved a 61.11% improvement over its re-
sults with default keyframes, while EVA-CLIP exhibited
an even greater improvement of 88.28%. In this con-
figuration, EVA-CLIP outperformed SigLIP across all re-
trieval metrics, making it the most effective model in this
setup. However, FFmpeg keyframe extraction produced
43.40% more keyframes than Cineast, increasing the num-
ber of indexed frames in the retrieval system. Despite this,
the superior retrieval performance achieved with FFmpeg-
extracted keyframes justified its use as the keyframe extrac-
tion method for our retrieval pipeline.

4.3.2. LLM-Assisted Modules
The ablation study of the proposed LLM-assisted modules
in our retrieval process is illustrated in Table 2. The appli-
cation of the Temporal-Assisted module led to a significant
performance boost for both SigLIP and EVA-CLIP com-
pared to not using it. Specifically, for SigLIP, the retrieval
performance improved by 103.65% in H@1, 22.49% in
H@5, and 19.31% in H@10. Similarly, for EVA-CLIP, the
Temporal-Assisted module resulted in increases of 32.64%
in H@1, 5.52% in H@5, and 2.49% in H@10.

Further improvements were observed when incorporat-
ing the Query Refinement module. With EVA-CLIP, apply-
ing this module led to performance gains across all retrieval
metrics. However, for SigLIP, while H@1 and H@5 im-
proved, a slight decrease was noted in H@10. These results
indicate that while the Query Refinement module generally
enhances retrieval accuracy, its impact may vary depending
on the feature extraction model used.

When applying the reranking module, the EVA-CLIP
model shows a notable improvement in retrieval accuracy,
particularly in H@1, which increases by 10.07% compared
to not using reranking. This demonstrates the effectiveness
of Vision LLM-based assessment in refining top-ranked re-
trieval results. On the other hand, the SigLIP model exhibits
an improvement in H@5, but a slight decrease in H@1, sug-
gesting that the reranking module may prioritize broader
relevance over exact top-1 matches in this case. Addition-
ally, reranking across multiple retrieved elements has a neg-
ligible overall impact, indicating that the module is most
effective when refining the highest-ranked results.

4.3.3. Multi-Model Combinations
Table 3 presents the results of the Multi-Model Combina-
tions approach. Specifically, we integrate both SigLIP and
EVA-CLIP with LLM-assisted retrieval. Compared to us-
ing each model separately, the combined approach demon-
strates an improvement in H@5, highlighting the diversity
in retrieval results between the two models. This suggests
that SigLIP and EVA-CLIP capture complementary aspects
of the query, and their combination enhances the overall re-
trieval performance. The results validate the effectiveness
of leveraging multiple VLMs to improve the robustness and
accuracy of video retrieval.

4.3.4. Constrain Relaxation
In this experiment, rather than using strict evaluation con-
straints—where an answer is considered correct only if it
correctly identifies the video and the specified interval is en-
tirely contained within the target—we explore a more flexi-
ble evaluation approach. We assess our system under three
relaxed scenarios to better understand its effectiveness. In
the Inside scenario, an answer is considered correct if the
predicted interval is fully contained within the target seg-
ment. The Overlap scenario allows partial overlap between
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Table 2. Ablation study of the proposed LLM-assisted modules in our retrieval process. The best results for each model are highlighted in
bold, while the overall best results across both models are highlighted in red.

Models Temporal
assisted

Query
refinement

Results
Reranking

Validate
H@1 H@5 H@10

SigLIP [28]

0.2391 ± 0.0000 0.5217 ± 0.0000 0.6304 ± 0.0000
✓ 0.4870 ± 0.0194 0.6391 ± 0.0119 0.7522 ± 0.0119
✓ ✓ 0.5130 ± 0.0248 0.6435 ± 0.0119 0.7043 ± 0.0119
✓ ✓ ✓(Top 10) 0.4913 ± 0.0248 0.6609 ± 0.0119 0.7043 ± 0.0119
✓ ✓ ✓(Top 20) 0.4957 ± 0.0283 0.6739 ± 0.0154 0.7174 ± 0.0154

EVA-CLIP [22]

0.413 ± 0.0000 0.6304 ± 0.0000 0.6957 ± 0.0000
✓ 0.5478 ± 0.0182 0.6652 ± 0.0119 0.7130 ± 0.0097
✓ ✓ 0.5609 ± 0.0182 0.7391 ± 0.0000 0.7783 ± 0.0097
✓ ✓ ✓(Top 10) 0.6174 ± 0.0119 0.7348 ± 0.0097 0.7783 ± 0.0097
✓ ✓ ✓(Top 20) 0.6000 ± 0.0119 0.7174 ± 0.0000 0.7783 ± 0.0097

Table 3. Results of Multi-Model Combinations. The LLM-
assisted approach includes Temporal-Assisted retrieval, Query Re-
finement, and Results Reranking (Top 10 results considered).

Model Validate
H@1 H@5 H@10

#1: SigLIP + LLMs 0.4913 ± 0.0248 0.6609 ± 0.0119 0.7043 ± 0.0119
#2: EVA + LLMs 0.6174 ± 0.0119 0.7348 ± 0.0097 0.7783 ± 0.0097
Model #1 + Model #2 0.5957 ± 0.0119 0.7478 ± 0.0119 0.7522 ± 0.0194

the predicted and target segments, considering them correct
as long as there is some intersection. In the Mean scenario,
instead of using the original start and end times of a segment
to define its temporal boundaries, we compute the mean of
the start and end times and assign both the new start and
end to this average value, resulting in a fixed-duration seg-
ment centered within the original interval. These relaxed
evaluation criteria provide a broader perspective on the re-
trieval system’s performance, capturing its ability to retrieve
semantically relevant content even when the exact time seg-
ment prediction is not strictly precise.

Table 4 illustrates the results when simplifying the eval-
uation constraints. When considering the Overlap condi-
tion instead of the strict Within constraint, the retrieval per-
formance improves significantly across all metrics, with a
notable increase in H@1 by 24.07%, reaching 73.81% ac-
curacy. This indicates that the proposed retrieval system
provides results that are closely aligned with the intended
search targets, even if the exact time intervals do not fully
match. Similarly, when evaluating results based on the
Mean condition—where the start and end times of the re-
trieved segment are set equal to the averaged value—the
performance improves compared to the strict within the
condition. The results obtained using the Mean condition
are only slightly lower than those using the Overlap condi-
tion but still significantly higher than Within constraints.

4.4. Qualitative Results
The qualitative results of the video retrieval system using
EVA-CLIP, Temporal-assisted, and Query Refinement mod-

Table 4. Results of constraint relaxation on our Multi-Model Com-
binations approach, showing the impact of different evaluation cri-
teria on retrieval performance.

Constraints Validate
H@1 H@5 H@10

Within 0.5957 ± 0.0119 0.7478 ± 0.0119 0.7522 ± 0.0194
Overlap 0.7391 ± 0.0000 0.8043 ± 0.0000 0.8087 ± 0.0097
Mean 0.6957 ± 0.0000 0.8043 ± 0.0000 0.8087 ± 0.0097

ules are illustrated in Figure 3. Compared to using the de-
fault input query, the Temporal-assisted module effectively
extracts temporal information, breaking down the query
into descriptions of two distinct scenes. This allows the re-
trieval system to conduct a temporal-aware search, leading
to higher accuracy in retrieving relevant keyframes.

Furthermore, the Query Refinement module further en-
hances retrieval performance by optimizing the input query.
It refines the textual descriptions to be more search-friendly
while eliminating redundant information, ensuring a more
precise match with the indexed keyframes. The combi-
nation of these modules results in a more effective video
retrieval pipeline, demonstrating the benefits of integrating
LLM-assisted enhancements into the search process.

5. Conclusion
In this paper, we present Toward Automation in Video
Retrieval with LLM-Assist, a novel automated video re-
trieval framework that leverages Large Language Mod-
els (LLMs) to handle complex search queries and en-
hance retrieval accuracy. Our system integrates LLMs for
query refinement, temporal-assisted search, results rerank-
ing, and multi-model fusion, significantly improving per-
formance compared to traditional methods. Experimen-
tal results demonstrate that incorporating LLM-assisted
modules boosts retrieval effectiveness, with the Temporal-
Assisted module increasing H@1 by 103.65% for SigLIP
and 32.64% for EVA-CLIP. Additionally, applying the
reranking module further improved H@1 performance for
EVA-CLIP by 10.07%, showcasing the effectiveness of
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first of a gorge with rocks hanging over a wooden walkway, second a
wooden bridge seen from a creek. In the first shot, the creek is not
visible, just the rocks on the right and trees and gorge on the left.
Shot in autumn, with still some green trees but colored leafs on the
ground, and boulders on both sides of the creek (in 2nd shot).

Input
query

Video
Retrieval
System

"Shot_1": A gorge with rocks hanging over a wooden walkway. The
creek is not visible, just the rocks on the right and trees and gorge on
the left. Shot in autumn, with still some green trees but colored
leaves on the ground.
"Shot_2": A wooden bridge seen from a creek, with boulders on both
sides of the creek. Shot in autumn, with still some green trees but
colored leaves on the ground.

"Shot 1":  Autumn gorge with overhanging rocks above wooden
walkway. Trees and colored leaves on ground, rocks on right, gorge
on left.
"Shot 2":  Wooden bridge over creek with boulders, autumn scene
with green trees and colored leaves on ground.

Top:  9th

Top:  6th

Top:  4th

Temporal-
assisted

Query
Refinement

Figure 3. Qualitative results of the video retrieval system with EVA-CLIP, Temporal-assisted, and Query Refinement modules.

LLM-based ranking adjustments.
Our study also highlights the advantages of combining

different Vision-Language Models (VLMs), where the fu-
sion of SigLIP and EVA-CLIP improves retrieval diversity
and enhances results, particularly at higher recall levels.
Furthermore, relaxing evaluation constraints reveals that a
substantial number of retrieval results are near the target in-
terval, emphasizing the robustness of our approach in han-
dling ambiguous or complex queries.

Further progress on refining LLM-based query decom-
position, adaptive temporal search strategies, and optimiz-
ing multimodal fusion techniques could enhance the over-
all accuracy and efficiency of the system. Future work
may also explore real-time retrieval optimization and user
feedback-driven refinement to improve search relevance in
large-scale video datasets. Expanding the framework to
support interactive query reformulation and integrating ad-
vanced scene understanding models could further push the
boundaries of automated video retrieval.
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