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Abstract
Existing research on human-centric video understanding typi-
cally focuses on analyzing specific moments or entire videos.
However, many applications require higher precision at the
frame level. In this work, we propose a novel task, BestShot,
which aims to locate highlight frames within human-centric
videos through language queries. This task requires not only
a deep semantic understanding of human actions but also pre-
cise temporal localization. To support this task, we introduce
the BestShot Benchmark. The benchmark is meticulously
constructed by combining human-annotated highlight frames,
duration labels and detailed textual descriptions. These de-
scriptions cover three critical elements: (1) Visual content;
(2) Fine-grained actions; and (3) Human pose descriptions.
Together, these elements provide the necessary precision to
identify the exact highlight frames in videos.
To tackle this problem, we have collected two distinct
datasets: (i) ShotGPT4o Dataset, which is algorithmically
generated by GPT-4o and (ii) Image-SMPLText Dataset,
which features large-scale and accurate per-frame pose de-
scriptions using PoseScript and existing pose estimation
datasets. Based on these datasets, we present a strong base-
line model, ShotVL, fine-tuned from InternVL, specifically
for BestShot. We highlight the impressive zero-shot capabil-
ities of our model and offer comparative analyses with exist-
ing state-of-the-art (SOTA) models. ShotVL demonstrates a
significant 64% improvement over InternVL on the BestShot
Benchmark and a notable 68% improvement on the THU-
MOS14 Benchmark, while maintaining SOTA performance
in general image classification and retrieval.

Code — https://github.com/ShotVL/ShotVL
Extended version — https://arxiv.org/abs/2412.12675

Introduction
Within the field of video understanding, locating highlight
frames in human-centric videos using language queries is
a crucial yet underexplored task. Many downstream tasks
heavily rely on frame-level understanding to function effec-
tively. For stepwise video captioning, it is essential to gen-
erate accurate video captions that align with specific actions
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Dataset Domain #Qu
ery

Dura-
tion

#Ac-
tion

#Vi-
deo

Avg
word

AVA-2.2 Movie 80 1s - 430 2
THUMOS14 Sports 20 4.3s 20 413 3

FAction Daily 106 7.1s 106 16.7K 2
MSports Sports 66 1.0s 4 0.8K 2
HiRest Daily 8K 7.6s - 3.4K 4

DiDeMo Flickr 41K 8.0s - 10.6K 7
ANet Activity 72K 7.2s - 15K 14

Charades Activity 16K 13.4s - 6.7K 6

QVHL Vlog/
News 10K 11.3s - 10.2K 11

BestShot TH14,
FAction 6K 12

frames 59 628 78

Table 1: Benchmark and Dataset Comparison: TH14 (THU-
MOS14), FAction (FineAction), MSports (MultiSports).
BestShot is only for zero-shot test.

and timestamps, such as in sports (“a player scores a goal
between 00:01:05 and 00:01:08”) or in instructional videos
(“the chef flips the pancake at exactly 00:02:03”). In mo-
ment retrieval, precise frame localization ensures that the
retrieved moments exactly match the query, particularly for
short-duration and complex actions.

Despite the importance of precise frame-level localiza-
tion, existing methods face significant limitations, mainly
due to insufficient granularity and inadequate language de-
scriptions. Many current approaches focus on broad tempo-
ral segments instead of precise frames, which limits their
effectiveness in tasks that require detailed understanding.
Furthermore, the restricted length of their language descrip-
tions, usually ten words or fewer, hinders the retrieval of
frames with complex or nuanced descriptions. These meth-
ods also struggle to generalize across diverse scenes and
actions, reducing their reliability in real-world applications,
where content is typically more varied and unpredictable.

In this paper, we introduce a challenging benchmark,
the BestShot Benchmark. This benchmark aims to address
the limitations outlined above by offering a more granular
evaluation metric that more accurately reflects the demands
of high-precision frame understanding. The benchmark fa-
cilitates more convenient and reliable evaluation of mod-
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Expressiveness Rate Poor Fair Good Excellent Excellent

Visual Content

A woman wearing a blue top on a cricket field.
Action Stage The cricket bowling action at maximum power, ready to deliver the ball.

Body facing the 10 o'clock direction, knees bent, left leg forward, right leg back, 
left arm extended forward at shoulder height, right arm raised above the head.

Pose Description

A woman wearing a blue top on a cricket field.
Action Stage The cricket bowling action, releasing the ball.

Body moving forward, left leg forward, right leg back with heel raised. Left arm 
raised to waist height, right arm extended to the upper right side of the head.

Visual Content

Pose Description

start1           key1   end1 start2        key2       end2start2        key2       end2

Figure 1: Example of BestShot Benchmark. The task is to locate the exact frame through language queries related to content,
action stage and pose description. Each query may correspond to multiple intervals.

els’ ability to precisely localize highlight frames in human-
centric videos using detailed queries.

The BestShot Benchmark reveals several key challenges
that must be addressed: (1) Data Limitations: Existing large-
scale image and video captioning datasets often emphasize
coarse-grained summaries rather than detailed descriptions.
Fine-grained annotations, such as ShareGPT4V (Chen et al.
2023a), are limited in both scale and precision, particularly
when it comes to capturing detailed action stages and pose
descriptions. Furthermore, most moment-retrieval datasets
are manually annotated and relatively small, which restricts
the generalization capabilities of models trained on them.
(2) Method Limitations: The performance of current base-
line methods on the proposed benchmark remains sub-par.
Large vision-based models, such as InternVL (Chen et al.
2023b) and InternVideo (Wang et al. 2022), struggle to lo-
calize frames in videos without fine-tuning domain-specific
data. Additionally, while video LLMs such as LITA (Huang
et al. 2024) and VTG-LLM (Guo et al. 2024) exhibit some
localization and temporal understanding capabilities, their
generalization is hindered by insufficient training data.

Therefore, in alignment with the proposed benchmark, we
introduce two large-scale training datasets relevant to Best-
Shot, along with a robust baseline model, ShotVL, to tackle
these challenges. Our primary contributions are summarized
as follows:

• We introduce the BestShot Benchmark for precise high-
light frame retrieval in human-centric videos using com-
plex and fine-grained language queries.

• We propose the large-scale ShotGPT4o Dataset and
Image-SMPLText Dataset to address the challenges of
limited data diversity and insufficient fine-grained de-
scriptions.

• We provide a comprehensive evaluation of existing meth-
ods and propose a robust baseline ShotVL. ShotVL
demonstrates a significant 64% improvement over In-
ternVL on the BestShot Benchmark and a notable 68%
improvement on the THUMOS14 Temporal Action Lo-
calization Benchmark (Jiang et al. 2014), while maintain-

Zero-shot
BestShot Action

Zero-shot
BestShot Pose

Zero-shot
THUMOS14

Zero-shot
AVA

Zero-shot
BestShot

53.6

33.5
35.9

20.6
44.5

8.37
44.4

35.6

75.8

82.32
84.52

14.10

25.7

InternVL

ShotVL
CLIP(ViT-L/14)

77.7

24.6

19.1

7.6527.4

66.8

62.50

Zero-shot
Flickr Retreival

Zero-shot
CLIP Classification 

Benchmark

32.6

Figure 2: Zero-Shot evaluation on BestShot, Temporal
Action Localization (THUMOS14), Action Classification
(AVA), and CLIP Classification and Retrieval Benchmark.

ing SOTA performance in general image classification
and retrieval, as illustrated in Fig. 21.

Related Work
Datasets and Tasks
Shot by Image aesthetics. A straightforward approach to
BestShot involves leveraging Image Quality Assessment
(IQA) and Image Aesthetics Assessment (IAA) techniques,
such as those used in the AVA dataset (Murray, Marchesotti,
and Perronnin 2012), to select the highest-scoring frame. In
practice, frame scoring is often integrated with query-based
retrieval to enhance frame selection.

Shot by Query. Query-based moment retrieval includes
Temporal Action Localization (TAL) and Moment Retrieval
(MR) task. TAL datasets, such as THUMOS14, FineAction,
MultiSports, and ActivityNet, are limited by fixed queries.

1We use both AVA Actions and AVA-Kinetics collectively as
AVA.
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Models trained on these datasets often lack zero-shot ca-
pabilities. MR datasets like Charades-STA, QVHighlight,
HiRest (Zala et al. 2023), QueryD (Oncescu et al. 2021),
and DiDeMo (Anne Hendricks et al. 2017) involve anno-
tated queries but focus more on long temporal segments, em-
phasizing general video understanding rather than highlight
frame retrieval in human-centric videos.

Shot by Pose. The use of pose descriptions for high-
light retrieval remains underexplored. PoseScript (Delmas,
Ginger and Weinzaepfel, Philippe and Lucas, Thomas and
Moreno-Noguer, Francesc and Rogez, Grégory 2022) is the
first large-scale pose description dataset, although it only an-
notates AMASS SMPL (Mahmood et al. 2019), rather than
real-world images. Both Motion-X (Lin et al. 2024b) and our
work utilize a PoseScript-like annotation method to describe
poses in real-world videos. We additionally validated that
this approach is highly effective for locating frames based
on pose-queries in real-world videos. This general pose de-
scription approach satisfies certain highlight frame retrieval
needs and is more user-friendly than dividing each action
into dozens of specialized sub-actions.

Shot by Video Question & Answer (Q&A). Activitynet-
RTL (Huang et al. 2024), Time-IT (Ren et al. 2024), and
VTG-IT (Guo et al. 2024) transform moment retrieval anno-
tations into video Q&As formats using GPT, without adding
new localization data. Subsequently, they fine-tune LLMs on
their proposed dataset, enabling LLMs to acquire moment
retrieval capabilities in specific domains.

Vision Language Models
Image-based. Although CLIP and its derivative methods
(CoCa (Yu et al. 2022), InternVL) can directly perform
frame retrieval in videos via language queries, they strug-
gle with distinguishing subtle differences between adjacent
frames and are less sensitive to long queries describing de-
tailed information, such as fine-grained action stages and
poses. Visual LLMs built on these base models, such as
InternVL-Chat (Chen et al. 2023b, 2024b), face similar is-
sues. ChatHuman (Lin et al. 2024a), which ensembles mul-
tiple models by LLMs, and PoseGPT (Lucas* et al. 2022),
which regresses SMPL using LLMs, are more related to our
work, as both focus on human-centric images.

Video-based. Although InternVideo performs well on su-
pervised Temporal Action Localization tasks, demonstrat-
ing robust temporal understanding, it falls short in captur-
ing fine-grained, frame-level details and in performing zero-
shot retrieval within video, compared to CLIP and InternVL,
which are trained only on image-text pairs. Current Video
LLMs capable of retrieval within video, such as TimeChat,
VTG-LLM, and LITA, often use image-based models, like
CLIP, as the vision encoder rather than video-based mod-
els. In contrast, video LLMs built on video-based models
(e.g. InternVideo), such as VideoChat (Li et al. 2024) and
VideoGPT+ (Maaz et al. 2024), have yet to be validated for
their localization capabilities in retrieval within videos.

Benchmark and Training Data
In this section, we discuss the annotation methods for the
BestShot Benchmark (Fig. 1) and training data for the pro-

posed baseline model, ShotVL.

Human-annotated Zero-Shot Benchmark
To construct the benchmark, we randomly selected 10%
of the videos covering 60 action categories from THU-
MOS14 and FineAction for re-annotation. All ground truth
in our benchmark is human-annotated, following a three-
step pipeline:

Selecting Potential Highlight Frames identifies poten-
tial highlight frames from the sequences. Two groups of an-
notators score each frame on human expressiveness (consid-
ering action importance, pose extent, and facial expression,
similar to Image Aesthetic Assessment but more objective),
with scores ranging from 1 to 5. Frames with an average
score above 4.5 are considered potential highlights.

Writing detail queries for Highlight Frames asks anno-
tators to write a detailed description of the highlight frame
that uniquely identifies it within the video. The descriptions
are divided into three parts: (1) Visual Contents: Distinguish
the main character from background characters, (2) Fine-
Grained Action Stages: Describe key moments in actions in
detail, e.g., “peak of jump” instead of “person is jumping”,
(3) Significant Human Poses: Annotate salient poses during
actions using general descriptions. This is essential for pro-
fessional actions, such as gymnastics, and complex actions,
such as dance.

Labeling Start-End Segments defines the start and end
frames in the video based on the text descriptions to ensure
the accuracy of the ground truth query.

The Top@1 retrieval accuracy metric was used, where a
prediction is considered correct if the predicted frame falls
within any of the ground-truth intervals in the video. We di-
vided 6,000 queries into three categories: Content, Action,
and Pose, with 2,000 queries in each category. The “Full”
metric combines all three query types into one, while “Ac-
tion” focuses only on action queries, and “Pose” focuses
only on pose queries. For “Pose”, the ground-truth inter-
val allows a tolerance of four frames around the key frame,
while “Content” and “Action” use manually annotated inter-
vals with an average of 12 frames.

Hybrid Training Data and Annotation Pipeline
We followed three criteria to avoid benchmark leakage when
constructing the training data: (1) The annotations we pro-
posed were entirely generated by GPT or automatically syn-
thesized, without human annotation2. (2) We did not sam-
ple frames or actions from the THUMOS14 or FineAc-
tion datasets. (3) Frames were randomly selected from the
LAION-400M (Schuhmann et al. 2021) datasets, without fo-
cusing on the 60 action categories in the benchmark.

ShotGPT4o Dataset: We used GPT-4o to annotate im-
age captions for a total of 600K frames. The datasets con-
sists of: (1) 200K images with 800K captions, (2) another
150K images with 700K image Q&As, and (3) 250K frame

2Except for 2,000 human-written pose descriptions, crucial for
aligning SMPLText, GPTPoseText, and Human-Written PoseText.
These training data cause benchmark leakage, thus we presents a
further ablation study related to this dataset in Table 4.
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Sampled 
Instance Image

Instance Sequences

Sampled by
ShotVL

Instance Frames

GPT4o

Human
Detection

"Q": "Which frame show the player's body most extended?", 
"A": "<00070> The player's body is most extended to the left with right arm fully 
stretched out during the wide shot execution." 
"Q": "Which interval captures the player's anticipation of the opponent's 
move?", 
"A": "<00053><00061> This interval shows the player anticipating the opponent's 
move, with a focused expression and slight body movements indicating readiness." 

InternVideo
Similarity

InternVL
Similarity

"Q": "Can you describe the image?",
"A": "The person is in mid-air with one leg bent upward and the other 
extended forward. They are wearing sportswear, including a 
light-colored, sleeveless training bib over a dark outfit, and a cap. The 
background features grass and other people."
……

f1
001.jpg

f3
011.jpg

f4
015.jpg

Summary 
of Video

Summary of Video

Caption of f1

Caption of f2

Caption of f…

Caption of fM

Caption of f1Caption of f2Caption of f3Caption of f4

Example of Multi-dimension Image Instruction Annotation

f2
009.jpg

Images sampled 
from 

LAION400M 

Videos sampled from 
K700, Pandas, …

Step1: 
Pre-Summary

Step2: 
Per-frame
pre-Caption

Step3: 
Caption-guided
QA Generation
(no image 
input)

GPT4o

GPT4o

Example of BestShot Video Instruction Annotation

>1500 human action 
template prompts

Figure 3: Annotation Pipeline of ShotGPT4o.

descriptions along with video Q&As from 10K videos, as
well as 100K corresponding video Q&As, covering multiple
tasks like frame retrieval, moment retrieval, dense caption-
ing, video summary, and visual reasoning. The images are
sampled from the LAION-400M dataset and videos are sam-
pled from the K700 dataset, covering at least 1,500 action
categories as shown in Fig. 3. Note that to avoid benchmark
leakage from K700 to better evaluate zero-shot performance,
the video Q&A annotations are not used in experiments
shown in Tab. 3 and Tab. 4, but used in the video chat appli-
cation shown in Fig. 8. Unlike prior work (Liu et al. 2023;
Chen et al. 2023a, 2015) that focused solely on summary or
fine-grained descriptions, we divided Q&As into four cat-
egories: summary, description, action and detailed action
stage, and pose description. The annotation pipeline is illus-
trated in Fig. 3(a). For video Q&As, we also propose a novel
annotation strategy, modified from ShareGPT4Video (Chen
et al. 2024a), to further improve the accuracy of frame de-
scriptions and frame or moment retrieval Q&As. Since this
annotation strategy and its video Q&As are not crucial for
training ShotVL, it serves as an initial attempt at frame re-
trieval using temporal cues. The effectiveness of this ap-
proach is shown in Fig. 3 and Fig. 8. More details will be
provided in the extended version of the paper.

Image-SMPLText Dataset: BestShot Benchmark im-
provements were limited by the high noise level in GPT-4o’s
375K pose descriptions. To address this, we introduce the
Image-SMPLText Dataset, which adapts PoseScript for real-
world videos to re-annotate over 13 public video datasets (Yi
et al. 2023; von Marcard et al. 2018; Ionescu et al. 2014;
Andriluka et al. 2018; Lin et al. 2023; Huang et al. 2022;
Zhang et al. 2022; Cai et al. 2021; Kanazawa et al. 2019;
Yang et al. 2023; Cheng et al. 2023). We enhanced Pos-

GPT4o: The person is in a seated position on the ground with 
legs extended forward and knees slightly bent. Both arms are 
bent at the elbows, with the forearms raised and hands open, 
palms facing outward.
ImageSMPLText: The subject is bent forward, the right upper 
arm is parallel to the ground, the right elbow is in the back of 
the left elbow, the right elbow is bent slightly and the right hand 
is higher than the right shoulder while the right hand is located 
behind the left hand with the right hand spread far apart from 
the left hand with the left elbow bent, the left hand is above the 
left shoulder while the right knee is bent slightly with the right 
foot in front of the left foot, the knees are about shoulder width 
apart. The left knee is fully bent while the left calf is parallel to 
the ground, the feet are spread far apart, the left foot is behind 
the torso.

Human-written: This person is facing the camera, using his 
left foot as a fulcrum, kicking his right foot forward, with his 
right foot parallel to the ground, his hands raised upwards, and 
his body facing the seven o'clock direction.

Figure 4: Difference of pose descriptions among Human-
Written, GPT-4o, and Image-SMPLText.

eScript with body orientation to better suit real-world videos
and generated 18.6M pose descriptions based on SMPL
joint positions and orientations. Additionally, 2,000 sam-
ples were manually described to align SMPLText, pose de-
scriptions in ShotGPT4o, and human-written descriptions.
Although Motion-X also generates SMPLText, our focus is
on real-world videos with accurate SMPL ground truth, un-
like Motion-X’s use of crawled data. As shown in Tab. 2,
we only use the video datasets with accurate SMPL ground-
truths which have been proven effective in SMPLer-X (Cai
et al. 2024), as crawled video data often introduces noise
that can degrade training performance. Fig. 4 shows an ex-
ample of the difference between human-written, GPT-4o’s
generated descriptions, and Image-SMPLText.
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Motion-X Ours
Dataset #Clip #Frame Dataset #Clip #Frame
Aist++ 1470 340K BEDLAM 10000 951K
Animation∗2 329 38K SynBody 6K 633K
Dance∗2 163 36K InstaVariety 14K 2.1M
Egobody 980 438K GTA-H II 10K 1.8M
Fitness∗2 16.7K 358K EgoBody 125 935k
Game∗2 10.2K 1.1M RICH 496 243K
GRAB∗1 1.3K 406k UBody 836 683k
HAA500 5.2K 311K PoseTrack 1.3K 28K
Humanml∗1 26K 3.5M BEHAVE 299 44K
Humman 744 104K H3.6M 840 312K
Idea400 12.5K 2.5M 3DPW 61 22.7K
kungfu∗2 1040 257K DNA-R 24K 5M
perform∗2 475 102K TalkShow 984 3.3M

Table 2: Components of Public Datasets. *1 indicates that
the dataset contains no images, *2 indicates that the dataset
is sourced from the Internet and may have no accurate
SMPL. In comparison, the Motion-X dataset does not en-
tirely consist of images, and a significant portion is sourced
from videos, which can lead to issues such as inaccurate key-
point predictions and imprecise pose descriptions. In con-
trast, we only use publicly available video datasets with ac-
curate SMPL ground truth. For comparison, PoseScript an-
notates only the AMASS dataset, which lacks real-world im-
ages.

Analysis & Limitation of Benchmark & Data
Zero-Shot BestShot Benchmark. Tab. 1 presents the de-
tails of the BestShot Benchmark, which is collected from
112K frames of THUMOS14 and 2M frames of FineAc-
tion, covering 400 clips of THUMOS14 and 500 videos of
FineAction. Fig. 1 shows two query samples. To validate
the benchmark’s accuracy, a separate group of annotators lo-
cated keyframes in the videos based on the queries. The av-
erage human retrieval rate was 86%, significantly surpassing
current SOTA methods.

ShotGPT4o. Manual validation of 500 Q&As revealed
that only 70% of pose descriptions are accurate, with GPT-
4o often confusing left and right. This lower accuracy ac-
counts for the poor results when training solely on GPT-
4o’s pose descriptions. Additionally, although 90% of action
descriptions are correct, only 22% are fine-grained. For in-
stance, 78% of throwing actions are described in broad terms
as “extending the body during a throw”, while only 22%
capture detailed stages like “about to release the ball”, “just
released the ball”, or “at maximum power”. This explains
why the BestShot Benchmark’s action dimension improves
by only 10% with GPT-4o data.

Image-SMPLText. There are still some problems to ad-
dress. The first is the lack of temporal information, which is
partly solved in PoseFix (Delmas et al. 2024) and Motion-
Script (Yazdian et al. 2023). They re-wrote the pose-code in
PoseScript to generate a caption of two frames and a few
sequences. We also generated more than 18.6M sequence
descriptions in this way, but they have not yet been used in
training. The second issue is the insufficient pose-code re-
lated to real-world videos. Although we have addressed the

lack of a global orientation code, pose information related
to translation and velocities has not yet been completed. The
third problem is that the unseen body parts are also described
in detail since the pose caption is automatically generated
from ground truth SMPL. Specially, we assume that key-
points with lower confidence were occluded and describe
them as “... is occluded” or choose not to describe them.
However, experiments show that confidence cannot accu-
rately reflect occlusion in most cases. Given that the model
can infer the pose of an occluded body part, we ultimately
decided not to introduce the concept of occlusion in the final
implementation.

Method
In this section, we present the proposed baseline model,
ShotVL (Fig. 5). Given a video and text query, ShotVL is
able to locate the most relevant frames or moments. To ad-
dress the challenges of the BestShot task, we trained ShotVL
following the fine-tuning stage of the InternVL-Base model.
The key designs used in ShotVL are listed as follows:

Base Model Selection. Although InternVideo excels at
Supervised Temporal Action Localization tasks like THU-
MOS14 and FineAction, the BestShot task demands fine-
grained image understanding and precise localization of
very short sequences. Therefore, InternVideo, pre-trained
only on video-text pairs, underperforms compared to the
smaller CLIP model. On the other hand, InternVL signifi-
cantly outperforms CLIP in Zero-Shot BestShot tasks, mak-
ing it the preferred baseline model for our approach.

Furthest Point Sampling. We applied furthest point sam-
pling (FPS) on the 18.6M Image-SMPLText samples to cre-
ate 10 different 1% and 2% subsets from varying start frames
to avoid the impact of excessive similarity between adja-
cent frames. First, we randomly selected a frame as the
start frame and calculated the mean per-joint position er-
ror (MPJPE) after orientation alignment with other frames.
The frame with the largest MPJPE would be selected as a
new start frame. This process was repeated until the required
number of frames was sampled from the entire dataset.

Customized Data and Data Ratios. Due to the signifi-
cant differences between Image-SMPLText and the original
InternVL training data, training only on SMPLText weakens
the pre-trained model’s performance on general image tasks.
To address this, we added the COCO dataset (Chen et al.
2015), a high-quality human-written image caption dataset,
and adjusted data ratios to preserve generalization capa-
bilities. Additionally, we replaced some Image-SMPLText
descriptions with GPT-4o-generated or human-written cap-
tions to bridge the style gap between the dataset descriptions
and general queries.

Inference Pipeline. During inference, frame-by-frame
similarities with the queries are computed first. For the Best-
Shot task, the best frame is obtained by simply applying
argmax or using non-maximum suppression (NMS) to se-
lect the predicted frames. For moment retrieval or temporal
action localization task, we follow T3AL (T=0) (Liberatori
et al. 2024), which first uses the mean of video vision feature
to match a pseudo-label from the list of possible actions, and
then segment the sequences based on their similarities.
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Figure 5: Training and inference pipeline of ShotVL. (a) Training. (b) Inference of BestShot and Moment Retrieval.

Zero-Shot
BestShot

Zero-Shot
TAL

Zero-Shot
AC

Zero-Shot
CLIP Benchmark

method size Full
(top1)

Action
(top1)

Pose
(top1)

THUMOS14
(avg mAP)

AVA
mean (acc1/5)

flickr,I2T,
(top1)

flickr,T2I
(top1)

avg(C)
(top1)

(a1)CLIP ViT-B/32 188M 24.6 19.1 7.6 - 21.00 73.75 55.38 53.78
(a2)CLIP ViT-L/14 406M 25.7 24.6 19.1 7.65 27.39 81.45 62.50 66.75
(a3)LongCLIP 406M 31.3 30.1 21.2 7.41 35.70 86.35 74.28 68.95
(a4)InternVL 14B 32.6 33.5 20.6 8.37 35.57 92.40 82.32 77.70
(b)InternVideo1 1.3B 21.6 23.8 17.7 4.00 * × × ×
(c1)VTG-LLM 8.4B 6.2 7.6 5.1 0.66 × × × ×
(c2)LITA 13.2B 12.6 12.2 14.1 0.17 × × × ×
(d)ShotVL 14B 53.6 35.9 44.5 14.10 44.40 94.50 84.52 75.82

Table 3: Quantitative comparison of SOTA models on zero-shot BestShot Benchmark, THUMOS14 Temporal Action Lo-
calization (TAL), AVA Classification (AC), CLIP Retrieval Benchmark (only Flickr (Young et al. 2014) evaluated; COCO
excluded due to benchmark leakage during training; I2T and T2I denote image-to-text and text-to-image), and CLIP Classifica-
tion Benchmark (average of 24 tasks). TAL testing uses the T3AL(T=0) method for the base model. *InternVideo’s zero-shot
AVA-Kinetics (Li et al. 2020) result is not evaluated due to prior training on Kinetics. (a) SOTA base models with single-frame
input, (b) SOTA base models with multi-frame input, (c) SOTA video LLMs with multi-frame input and segment output. For
frame prediction, we use the middle frame of the predicted interval, as it yields the highest score compared to other frames.
We evaluated top1 accuracy in BestShot, the mean of mAP under iou=0.3,0.4,0.5,0.6,0.7 in THUMOS14, the mean of top1 and
top5 accuracy in AVA, and top1 accuracy in the CLIP Benchmark.

Experiment
Quantitative comparison of SOTA models on zero-shot
BestShot Benchmark, THUMOS14 Temporal Action Lo-
calization, AVA Classification, CLIP Retrieval Benchmark
(only Flickr evaluated; COCO excluded due to benchmark
leak during our training; I2T and T2I denote image-to-
text and text-to-image), and CLIP Classification Benchmark
(average of 20 tasks). TAL testing uses the T3AL(T=0)
method (Liberatori et al. 2024) for the base model.

Implementation of ShotVL. ShotVL follows the fine-
tuning pipeline of InternVL with our specially designed
datasets selection and ratios. We used InternVL 14B as the
base model. The datasets are divided into 3 parts: SMPL-
Text, ShotGPT4o, and General, with a ratio of 1:5:5, which
ensures a stable balance between the BestShot task and gen-
eral retrieval/classification tasks. The ShotVL model was
trained for 2,000 iterations, with batch size 1,536 and a
learning rate of 1e-5, on 24 A100 GPUs for 20 hours.

Evaluation of ShotVL. We evaluated several SOTA mod-
els and ShotVL for zero-shot frame localization (BestShot),
temporal localization (THUMOS14 TAL), action classifica-
tion (AVA), and CLIP general retrieval and classification
benchmarks. As shown in Tab. 3, benchmark performance
improves with model size. CLIP struggles with fine-grained
long-text retrieval on BestShot due to limited training text
length. While LongCLIP (Zhang et al. 2024) with positional
encoding interpolation offer partial solutions, the lack of
long-text training data limits progress. InternVideo, despite
large-scale video-text training, loses frame-level spatial de-
tails, affecting performance. InternVL excels in fine-grained
understanding without CLIP’s long-text constraints, show-
ing significant BestShot improvements with simple fine-
tuning. ShotVL outperforms InternVL across all metrics,
matching its performance on general CLIP tasks.

Ablation Study. Ablation experiments are conducted in
four groups (Tab. 4). From (a1) to (a2), InternVL was
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Finetuned Data Zero-Shot
BestShot

Zero-Shot
TAL

Zero-Shot
AC

Zero-Shot
CLIP Benchmark

method Human
Pose

GPT
Pose

SMPL
Pose

Shot
GPT4o General Full Action Pose THUMOS14 AVA flickr,

I2T
flickr,
T2I avg(C)

(a1)InternVL N N N N N 32.6 33.5 20.6 8.37 35.57 92.40 82.32 77.70
(a2)InternVL-ft Y N N N N 38.3 32.7 29.5 9.55 47.31 92.05 81.87 77.90
(b1)ShotVL-PoseS N N Y N N 35.6 24.1 30.3 5.99 30.40 67.00 51.28 73.52
(b2)ShotVL-PoseSH Y N Y N N 47.0 23.0 42.6 5.65 42.45 71.70 56.46 74.45
(b3)ShotVL-Pose Y Y Y N N 49.1 24.3 43.6 5.53 35.87 73.65 57.82 74.30
(c)ShotVL-G Y Y Y N LAION 46.6 31.8 43.4 8.32 40.71 89.25 76.38 77.40

Y Y Y N COCO 52.0 33.8 45.1 10.30 45.03 94.25 84.14 76.07
(d)ShotVL-Full Y Y Y Y COCO 53.6 35.9 44.5 14.10 44.40 94.50 84.52 75.82

Table 4: Ablation Study on Finetuned Data and Model Performance for InternVL and ShotVL (ShotVL refers to the model
trained on our proposed ShotGPT4o and Image-SMPLText datasets). Human/GPT Pose (Human-Written and GPT-generated
pose descriptions), SMPL Pose (our Image-SMPLText dataset), General (image captioning datasets such as LAION-400M and
COCO captions), Zero-Shot TAL (Zero-Shot Temporal Action Localization), and Zero-Shot AC (Zero-Shot Action Classifica-
tion). Metrics are the same as Tab. 4.

Query: Skating, face to carema with one leg raised and straight  

InternVL ShotVL-Base VTG-LLM LITA ShotVL-Chat

Figure 6: Frame Retrieval out of BestShot Benchmark
(Videos of Skating).

Figure 7: An example of qualitative comparisons of Zero-
Shot TAL.

fine-tuned using 2,000 human-annotated pose descriptions.
From (b1) to (b3), we assessed the effectiveness of Image-
SMPLText and the importance of aligning the three types
of pose descriptions. However, the introduction of Image-
SMPLText led to a significant decline in general retrieval
performance. Therefore, starting from (c), we incorporated
general image-text data into the training to preserve both
pose retrieval and general retrieval capabilities. Finally, (d)
validated the effectiveness of ShotGPT4o.

Generalization of BestShot. For queries and scenes not
covered in the evaluated benchmarks, Fig. 6 demonstrated
ShotVL’s strong generalization capability.

Zero-Shot Temporal Action Localization. CLIP, In-
ternVL, and ShotVL can be directly applied to zero-shot
temporal action localization using the T3AL (T = 0)
method. The comparisons are shown in Fig. 2 and Fig. 7.

Video Chat. ShotVL can be further integrated with a

0.19s,6.94s The complete process of jumping is 
captured from the takeoff to the final descent.

Summarize the video. User:
ShotVL-
LITA:

The video shows a person performing various 
skateboarding moves, including jumps, tricks, and 
maneuvering on the ice.

Which segments show the complete process of 
jumping? User:

ShotVL-
LITA:

Which frame show the peak of jump? User:
ShotVL-
LITA:

3.66s The person is seen
 raising the leg above the
 head, indicating a transi-
tion in their skate routine.

Figure 8: An example of video chat application.

Video LLM to enable video question answering, moment
retrieval, and frame retrieval simultaneously as shown in
Fig. 8. We adapt LITA as the baseline method to train our
Video Chat model. The modifications include: (1) replacing
the encoder with ShotVL, (2) pre-training and fine-tuning on
image Q&As following the LLaVA approach, (3) adding a
frame token into the LLM, (4) fine-tuning on multiple video
instruction datasets, including ShotGPT4o.

Conclusion
We collected the BestShot Benchmark, a highlight-frame-
retrieval-in-video benchmark that includes 6,000 queries,
with manually identified highlight frames, detailed descrip-
tions, and matched temporal segments. We further proposed
two datasets tailored for the zero-shot BestShot task: Shot-
GPT4o and Image-SMPLText. These datasets have been
proven effective on zero-shot BestShot, AVA classification,
and THUMOS14 action localization benchmarks.

Methodologically, we evaluated several SOTA models on
the BestShot task and proposed ShotVL as a robust solution.
ShotVL shows superior zero-shot performance on the Best-
Shot task, yet it is still limited in retrieving actions that re-
quire strong temporal correlations. A promising future direc-
tion is to extend ShotVL by integrating it with Video LLMs
and collect a large-scale video dataset for frame or moment
retrieval to train such a model.
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