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Abstract

Video Large Language Models (VideoLLMs), which adopt
large language models for video understanding, have been
demonstrated for single-shot videos. However, they usually
struggle in multi-shot videos with frequent shot changes,
varying camera angles, etc., which makes VideoLLMs hardly
answer questions about multiple instances or shots over the
whole video. We attribute this challenge to two issues: 1)
the lack of multi-shot multi-instance annotations of existing
datasets, and 2) the negligence of instance-aware modeling
of current VideoLLMs. Therefore, we first introduce a new
dataset termed MultiClip-Bench, featuring dense descrip-
tions and question-answering pairs tailored for multi-shot and
multi-instance scenarios. Moreover, since the existing Vide-
oLLMs neglect the explicit modeling of instance-related fea-
tures, we propose a novel Instance Prompt-guided Trans-
former, named IPFormer, to achieve instance-aware video
understanding. In the IPFormer, we design a simple but effec-
tive instance-aware feature injection module, which encodes
instance features as instance prompts via an attention-based
connector. By this means, IPFormer can aggregate instance-
specific information across multiple shots. Extensive experi-
ments not only show that our dataset and model significantly
improve multi-shot video understanding. but also show that
our MultiClip-Bench can provide valuable training data and
benchmarks for various video understanding tasks.

Code — https://github.com/babadaiwo/IPFormer.git

Introduction
Large Multi-modal Models (LMMs) (Alayrac et al. 2022;
Driess et al. 2023; Huang et al. 2023; Li et al. 2023a)
built by connecting Large Language Models (LLMs) as the
brain with specialized encoders, have yielded remarkable
progress in tasks involving multiple modalities. In the do-
main of video, recent Video Large Language Models (Vide-
oLLMs) (Li et al. 2023c, 2024; Liu et al. 2024b; Bai et al.
2025) have customized domain-specific model architec-
tures (Team et al. 2024; Li et al. 2023c; Qu et al. 2024) and
datasets/benchmarks, significantly advancing many video
understanding problems such as long video understand-
ing (Liu et al. 2024a; Song et al. 2024), fine-grained un-
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Figure 1: Existing Model Struggles with Discontinuous In-
stance Appearances.(a) uses full projection, while (b) re-
duces video tokens via attention mechanisms. Existing mod-
els fail to distinguish characters, leading to counting errors.
(c) Our method compresses tokens and uses detectors and
clustering to generate instance prompts, to guide attention
fusion across scenes and enhance accuracy.

derstanding, and temporal localization (Wang et al. 2024).
Although current VideoLLMs perform well in most scenar-
ios, they exhibit notable deficiencies in multi-shot scenes,
e.g., video clips captured from various angles of view or
different scenes. Compared to single-shot videos, multi-shot
ones involve more visual clues and more complex object re-
lationships, requiring advanced information extraction and
instance-level comprehension capabilities. Fig. 1 illustrates
a failure case in a multi-shot scenario. Given video clips
from different cameras depicting the same talent show, the
models are asked to count the number of people who have
ever appeared. Surprisingly, for this seemingly simple ques-
tion, Video-LLaVA (Lin et al. 2023) and VideoChat2 (Li
et al. 2024) answered 2 and 4 respectively, while the ground
truth is 3.

Why do existing VideoLLMs fail in such an easy case?
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We attribute the failure to two key factors: data and model
limitations. First, existing datasets lack sufficient multi-shot
training data, with annotations primarily focused on single-
shot videos featuring limited camera movement and scene
changes, and without explicit instance references. In con-
trast, the descriptive quality of high-dynamic multi-shot
videos remains substandard. Those multi-shot annotations
tend to provide only brief overviews of the video, while lack-
ing details and depth. Moreover, on the test end, the widely
used benchmarks(Krishna et al. 2017; Maaz et al. 2024; Li
et al. 2024; Fu et al. 2024) can hardly reflect the ability for
multi-shot video understanding due to the absence of rele-
vant test cases.

To fill this gap, we first introduce a multimodal video un-
derstanding benchmark called MultiClip-Bench. The cre-
ation of MultiClip-Bench involves both video annotation
and question-answer (QA) formulation. For annotation, we
segment the video into key frames, annotate each key frame
with character IDs, and label the video with dense captions
and character information. For QA pairs, we also focus on
the multi-shot scenarios, particularly on cases where charac-
ters appear discontinuously across multiple scenes or have
brief appearances, and generate a large number of QA pairs
accordingly. Finally, we manually selected a subset of 2, 750
pairs to constitute the test set, with answers verified, refined,
and categorized to form the benchmark.

Although significant improvement is observed when us-
ing the MultiClip training set, we found several typical
failure cases of current models when handling multi-shot
videos. Two significant deficiencies of current VideoLLMs
are identified: i) the lack of instance consistency preserva-
tion during scene transitions; and ii) the occlusion of infor-
mation about briefly appearing characters caused by large
data volumes in the video. To address these challenges, we
propose a new model, IPFormer, which utilizes instance
prompts to guide attention for more effective instance fea-
ture preservation. Specifically, we sample and aggregate fea-
tures from bounding-box regions to form instance features,
and inject them as visual prompts into the query to guide
attention. Besides significant performance gains, it reduces
tokens to less than 10% of the baseline, cuts training time by
75%, and boosts inference speed.

Experimental results demonstrate that our proposed
model performs strongly on both existing benchmarks
and our MultiClip-Bench, with further performance im-
provements observed when utilizing our proposed training
dataset. Specifically, compared to the baseline model Video-
LLaVA (Lin et al. 2023), our model achieves a significant
improvement of 2.3% on MultiClip-Bench. With the sup-
port of our training dataset, the performance on MultiClip-
Bench increases by 8.5%. Noticeable performance gains
are also observed on other datasets. For example, datasets
such as NExT-QA (Xiao et al. 2021) and IntentQA (Li et al.
2023b) exhibit particularly remarkable enhancements. This
further validates the value of our dataset in addressing the
common limitations of multi-shot sences.

A man in a red suit and black top hat elegantly balancing on a pair of
golden hoops.……making them stand out vividly. The man's movements
are the focal point of the video, as he skillfully maintains his balance on
the hoops…, with the man's performance being the sole focus.
(attributing two actions to a single person.)

Ours

PLLaVA

A man is confidently standing in the foreground. …. A woman is seen posing
on a horizontal bar in a ballet-inspired stance. She wears a long, flowing
purple dress that matches the colors of the rings in the foreground. Her
pose is graceful and poised, appearing mid-motion, which adds a dynamic
element to the otherwise image. Overall, the video presents a The man in red,
the woman in purple, and the golden rings all contribute to an open-ended
narrative, inviting viewers to imagine their own story.

Prompt: Please provide a detailed description of this video.

0s 1s 2s 5s4s3s

Figure 2: Challenges in Multi-shot Scenarios.

Related Work

Video Benchmarks. Video benchmark evaluations can be
divided into comprehensive and task-specific sets. Modern
frameworks include MMBench (Liu et al. 2024b), Video-
MME (Fu et al. 2024), and MVBench (Li et al. 2024).
Video-MME enhances data diversity through domain hier-
archies (6 categories, 30 subclasses) and balanced video du-
rations, while MVBench covers 20 task types for holistic
evaluation. Task-specific benchmarks focus on distinct ca-
pabilities: Perception Test (Patraucean et al. 2023) for spa-
tiotemporal reasoning, FunQA (Xie et al. 2024) for counter-
intuitive scenarios, NExT-QA (Xiao et al. 2021) for ob-
ject interactions, and IntentQA (Li et al. 2023b) for user
intent understanding. However, most existing benchmarks
focus on simple scene transitions, offering limited com-
plexity and failing to address the challenges of multi-shot
scenes, such as character consistency across discontinuous
segments, short-duration segment interpretation, and soon.

Video Feature Alignment. In MLLMs, image or video to-
kens are flattened and projected after feature extraction,
then concatenated with text before being fed into the LLM.
While this approach is simple and effective, the large num-
ber of tokens—especially from videos—greatly increases
LLM computational costs. As MLLMs are increasingly
used in real-time applications (Song et al. 2024; Bai et al.
2025), improving inference efficiency and supporting more
frames have become critical, particularly for multi-shot sce-
narios. The main strategy is to reduce the number of to-
kens input to the LLM. Token compression methods include
downsampling via average pooling (Xu et al. 2024a; Bai
et al. 2025), fast-slow stream merging (Xu et al. 2024b;
Qu et al. 2024), memory-based fixed-length representa-
tions (Song et al. 2024), and attention-based compression
with Q-former (Li et al. 2023c). However, important infor-
mation can be lost during compression, especially in com-
plex multi-shot scenes. To address this, we propose an ef-
ficient compression scheme tailored for multi-scene appli-
cations, enabling the model to process more frames while
effectively preserving essential information.your conference
for submission details.
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Figure 3: Description Annotations of MultiClip-Bench. First, we filter the target videos, and then use close-source large video
models to generate the three type elements of video: keyframe description, character information, and dense caption.

Dataset Avg-Instance Video-Shots Caption(C.) Keyframe-Level C. Istance Change Level C. Istance Reference C.

WebVid-10M N/A 4.5 short
OpenVid-1M 1.2 3.7 short
ActivityNet Captions N/A 5.5 short
YouCook2 1.1 1.2 short ✔

InternVid 4.6 3.5 short ✔

Video-ChatGPT N/A 5.3 long ✔

VideoGPT+ N/A 5.2 long ✔

Ours 6.2 6.4 long ✔ ✔ ✔

Table 1: A comparison of the existing video caption datasets and our MultiClip-Bench.

MultiClip-Bench
Multi-Shot Description Generation
Some widely used video LLMs, such as PLLaVA (Xu et al.
2024a), claim strong video captioning capabilities. How-
ever, as shown in Figure 2, it struggles with easy multi-shot
videos, often failing to recognize even simple scene tran-
sitions, largely due to the lack of tailored multi-shot video
data. To address this, we introduce MultiClip-Bench, the
first multi-shot video dataset with both a training set and a
manually verified test set. As illustrated in Figure 3, we de-
sign an efficient data engine pipeline for video selection and
description generation.
Video Selection. We aim to address instance consistency
and omission in multi-shot scenarios, we propose using
character changes as a proxy. Additionally, We only retain
videos up to two minutes in length, focusing on multi-scene
content and excluding interference from other issues such
as long duration.We then employ a coarse-to-fine filtering
strategy. In the first stage, a filter based on person instances
is employed, using OC-SORT (Cao et al. 2023) to perform
coarse filtering based on instance tracking in order to ana-
lyze the trajectories of instance IDs. Videos with ID tran-
sition exceeding 5 occurrences are retained. In the second
stage, we establish two key criteria for the strong close-
source video LLM Gemini-1.5-Pro-flash (Team et al. 2024)
to filter videos: i) Instance ID switches in the video, which
require transitions in instance identities; ii) Clear identifica-

tion, limiting foreground and background characters to bal-
ance scene complexity and computational feasibility.

Video Description Generation. The next step is to obtain
descriptions. However, commonly used dense descriptions
are inadequate for multi-shot videos, as they often miss char-
acter associations across scenes and overlook short or less
important segments. To address this, we introduce two new
annotations: keyframe descriptions with instance IDs and
character information, which respectively emphasizing the
consistency of characters and their features and actions.
To obtain additional annotations, we propose an automated
framework. As shown in Figure 3, we first select keyframes
using PySceneDetect and then use LLaVA-1.5 to generate
detailed description for the keyframes, serving as the initial
keyframe description. Then we further use Gemini to refine
the initial keyframe description with the original video, uti-
lizing its strong ability to detect instance ID changes and
behavioral shifts (see Supplementary Materials for details).
Finally, by combining the refined keyframe descriptions and
the original video, Gemini produces both dense captions and
character information. The resulting video description thus
includes three key elements: keyframe descriptions, char-
acter information, and dense captions. We compared other
video caption datasets, as shown in Table 1. Our dataset in-
cludes more instances (N/A for uncountable cases) and more
shots per video. And compared with traditional keyframes-
level captioning methods based on PySceneDetect, which

6909



Q&A Generation Q&A Types

Q&A generation

Q:What action did the woman do?
A: She held a child wearing…Q&A

Filtering

Multiple-choice
question

Test 
QA

2s 3s 24s23s

A: (A) Standing (B) Running
(C) Chasing a kite (D) Squatting

Type1: Consistency understanding

Q: What is the second action of the boy
wearing a red shirt and khaki pants?

Type4: Others (fine-grained understanding)

Q: What is the shape of the visible kite?
A: (A) dragon (B) diamond
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Q: When the kite visible, what is in the background?
A: (A) flag (B) sun (C) moon (D) bird
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Type1: consistency understanding
Q: How many people in the video?
A: (A) 4 (B) 5 (C) 6 (D) 7

Generate

options

Dense caption 

Character information 

Keyframe Description

GPT

Training

QA

Select &Correct
& Categorize

0s 15s2s 3s 9s 23s 24s

Figure 4: QA Generation Pipeline and MultiClip-Bench Examples. Questions fall into four types: consistency, short-frame,
unexpected content, and others. Type 1 involves instance re-identification and discontinuous actions. Type 2 focuses on events
between seconds 23-24 (short-frame). Type 3 addresses non-critical background details.
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Figure 5: The pipeline of IPFormer. Video slices are sampled via a sliding window, and a video encoder extracts features from
each slice. Frame-level (cls tokens and global average pooling) and instance-level (from the IP Token Generator) information
are separately extracted and concatenated. This combined information is added to a learnable query, optimized via an attention
mechanism, and projected by an MLP for text alignment. Finally, aligned visual features from all segments are fused with text
features and input into an LLM for further processing.

are unable to capture instance changes, our approach seg-
ment clips according to instance changes and each caption
has explicit instance ID.

Our video data comes from multiple sources, including
Kinetics-710 (Li et al. 2022), VideoChatGPT (Maaz et al.
2023), VideoChat (Li et al. 2023c), YouCook2 , NExTQA
(Xiao et al. 2021), WebVid (Yang et al. 2021), and EgoQA
(Grauman et al. 2022). After filtering and annotation, each
video contains the three elements as shown in Figure 3, re-
sulting in descriptive dataset with 23k high-quality video-
text pairs (7.6k videos) tailored for multi-shot scences.

QA Pairs of Multi-Shot Scenes
After obtaining the key elements for multi-shot video de-
scriptions, we generate QA pairs for the training and test
sets. These QA pairs not only enhance instruction-following
but also improve comprehension. The generation process
and examples are shown in Figure 4.

We first identify three main challenges in understand-
ing multi-shot videos and generate QA pairs for each: i)

Consistency Understanding: Focusing on identifying the
same characters across non-consecutive keyframes, includ-
ing tasks such as action continuity, action counting, tem-
poral reasoning, and counting characters. ii) Short Frame
Understanding: Addressing difficulties in capturing visual
cues from brief keyframes, with questions targeting instanta-
neous actions, appearance details, and other visual informa-
tion. iii) Unexpected Content Understanding: Handling
non-critical content that deviates from the main theme, with
questions about individuals and objects in these unexpected
scenes. These categories comprehensively cover the primary
challenges of multi-shot transitions.

With the proposed QA types, we employ GPT-4 to create
10 QA pairs per video, focusing on multi-instances scenes
with shot transitions. Then we pass the generated initial QA
pairs to GPT-4 for refinement, where 4 to 6 high-quality
QA pairs are retained. Finally, three incorrect options are
added to each question, converting them into a multiple-
choice format with GPT-4. The videos are sourced from the
collection in the previous stage. The training set contains
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45.5k video-text pairs, and the test set contains 2.75k video-
text pairs, with no overlap between the two sets. The manu-
ally curated, corrected, and categorized test set includes 800
consistency understanding questions, 703 unexpected con-
tent understanding questions, 562 short-frame understand-
ing questions, and 685 other questions covering fine-grained
tasks and general comprehension.

Visual-Prompt Former for Video LLM
In addition to the MultiClip-Bench, we propose IPFormer,
which is adapted for multi-shot video understanding. This
section details the design of the model.

Pipeline of IPFormer
Our model built on Video-LLaVA, consists of three main
modules as illustrated in Figure 5: a visual encoder, a vi-
sual alignment module (incorporation the IP Token Gener-
ator, attention mechanism and MLP), and a large language
model (LLM). Due to the fixed number of frame constraint
for video encoders, we employ a sliding-window sampling
approach. Specifically, for an input video, F frames are uni-
formly extracted. Using a sliding window of 8 frames, we
perform non-overlapping sampling, resulting in T =

⌊
F
8

⌋
slices. Each slice is processed separately by the visual en-
coder and the visual alignment module. The processed slices
are then concatenated and fed into the LLM along with the
text. We innovatively introduce the visual alignment mod-
ule, where instance feature tokens generated by the IP Token
Generator are used as prompts to guide the attention mech-
anism in aggregating instance features.

Vision Alignment Module of IPFormer
Motivation: Based on our research on data, we assume that
visual alignment modules for multi-shot video understand-
ing should meet two requirements: i) effective compression
of vision tokens to handle numerous frames, and ii) instance
awareness to capture critical instance information across
scenes. However, current visual alignment modules, whether
full projection or compression before projection, encode in-
stance features in a discrete or lossy manner, inevitably los-
ing instance-level information. To address this, we propose
an instance-based compressor as a visual alignment module,
which reduces key feature loss while compressing visual to-
kens. Method: To enable the attention mechanism to capture
more critical information, we introduce “anchors” (Ren et al.
2015; Meng et al. 2021) when initializing learnable query
tokens, inspired by Conditional-DETR (Meng et al. 2021).
These anchors guide the learnable tokens to extract relevant
features from frames, thereby preserving key information.
Thus, we input both instance-level and frame-level informa-
tion as “anchors” into the learnable query tokens. Specifi-
cally, prior to encoding, the video is pre-processed into im-
ages of size 224× 224 for 8 frames. The video encoder then
processes these 8 frames into R ∈ R8×N×D, where N is the
number of tokens per frame, and D is the vector dimension.
Here, N = 256+1, where 256 denotes the number of image
tokens per frame, called NI ∈ R256×D, and 1 is the class
token per frame, referred to as C ∈ R1×D. Next, global

average pooling in performed on NI to obtain the global
feature of each frame, GF ∈ R1×D. We use GF and C as
global information for each frame (frame-level guidance).
To enhance frame information learning, GF and C are re-
peated each X times (X=5), then concatenated to obtain the
frame token for each frame: FT = (C × X,GF × X) ∈
R(X×2)×D. In addition, we also obtain instance features
through the IP Token Generator. The instance prompt tokens
for this segment are represented as IP ∈ RV×D, where V
is the number of instance tokens. We concatenate FT of 8
frames and IP, resulting in the visual tokens for 8 frames
as VT ∈ R8×(X×2)×D+V×D. Finally, VT is added to the
learnable queries to optimize them, guiding the queries to
aggregate video features through the cross-attention mecha-
nism and better capture relevant instance or other useful in-
formation. The attention output is then projected by an MLP
to align with the textual space.
IP Token Generator. The IP Token Generator generates
instance tokens as prompts. Specifically, we employ a
category-agnostic detector (Zhu et al. 2020) initialized with
parameters from (Ma et al. 2024). This yields a set of bound-
ing boxes, which are refined using NMS (Neubeck and
Van Gool 2006). For each frame, we retain only M (fewer
than 10) candidate boxes, truncating excess and padding
with zeros as needed. These candidate boxes are processed
using global RoI pooling on the visual feature maps of each
frame to obtain instance features. Next, we compute the
cosine similarity between the instance features across all
frames within a video slice. Using a threshold of 0.9, we
adopt an iterative grouping strategy: starting from the first
ungrouped instance, we collect all remaining instances with
similarity above the threshold to form a group. This process
repeats until no further groupings can be made. Any remain-
ing instances form independent groups. For each group, we
compute the channel-wise average to obtain aggregated in-
stance features, termed Instance Prompts. Each slice con-
tains up to V (80) instance tokens, with zero-padding if
fewer tokens are present. Clustering balances the number of
instances, preventing frequent instances from overwhelming
sparse ones. which is beneficial for short frame.

Experiments
Implementation Details
Model Details: To validate the effectiveness of the pro-
posed modules, we use Video-LLaVA (Lin et al. 2023) as
the baseline, maintaining the same training settings to ensure
the only difference are in the model modifications. Specifi-
cally, visual encoder from LanguageBind (Zhu et al. 2023) is
used, initialized from OpenCLIP-L/14 (Radford et al. 2021),
with a resolution of 224×224. For large language model, we
use the LLM in LanguageBind initialized from Vicuna-7B
v1.5 (Zheng et al. 2023). The text tokenizer is from LLaMA
with about 32,000 classes.

Regarding our design, in addition to the two-layer MLP
full projection with GeLU (Hendrycks and Gimpel 2016) for
the visual compressor, we adopt the approach of BLIP2 (Li
et al. 2023a) and VideoChat2 (Li et al. 2024), implement-
ing an attention parameter compression module using pre-
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Method LLM size Frames Tokens Consistency uds Short uds Unexpected content Others Mean
Video-LLaVA (Lin et al. 2023) 7B 8 2056 32.9 40.0 46.2 60.7 44.5
VideoChat2 (Li et al. 2024) 7B 16 96 33.4 32.3 47.6 58.1 42.9
ST-LLaVA (Qu et al. 2024) 7B 100 2304 31.1 38.8 48.3 56.8 43.5
PLLaVA (Xu et al. 2024a) 7B 16 2304 36.5 43.0 55.9 63.2 49.4
LLaVA-MINI (Zhang et al. 2025) 8B 64 64 26.8 40.9 53.2 58.6 44.9
Ours (w/o MultiClip) 7B 16 320 37.7 43.1 48.4 61.9 48.1
Ours 7B 16 320 46.1 53.6 60.4 66.3 57.0
∆Acc. - - - +8.4 +10.5 +12.0 +4.4 +8.9
Ours 7B 48 960 48.6 56.7 62.5 68.5 58.8
GPT-4o-mini (Abacha et al. 2024) 8B 16 Unk 44.7 44.6 55.3 59.1 50.9
GPT-4V(Yang et al. 2023) Unk 8 Unk 34.6 31.5 45.3 52.4 41.8
Qwen2.5-vl (Bai et al. 2025) 72B 16 Unk 43.5 58.3 62.4 72.8 58.5
Gemini-1.5-pro (Team et al. 2024) Unk 16 Unk 53.4 52.5 62.0 74.4 60.5

Table 2: Comparison with other models on MultiClip-Bench. Our model demonstrates superior performance in multi-shot
scenarios compared to other methods. Best performance is boldface. The highlight in blue is baseline.

Method Frame Token Train Time FPS Act-Net
Video-LLaVA 8 2056 41h 1.1 45.3

Ours 8 160 10h 3.3 45.5
Ours 16 320 - 2.0 46.1

Table 3: Efficiency comparison between Video-LLaVA
(baseline) and ours. Our model outperforms the baseline in
both efficiency and performance.

Method MSVD MSRVTT ActivityNet
FrozenBiLM (Yang et al. 2022) 33.8 16.7 25.9
Video-LLaMA (Zhang, Li, and Bing 2023) 51.6 29.6 12.4
LLama-Adapter (Zhang et al. 2023) 54.9 43.8 34.2
Video-ChatGPT (Maaz et al. 2023) 64.9 49.3 35.3
VideoChat (Li et al. 2023c) 56.3 45.0 26.5
Video-LLaVA (Lin et al. 2023) 70.7 59.2 45.3
Chat-UniVL (Jin et al. 2024) 65.5 54.6 45.8
MovieChat (Song et al. 2024) 75.2 52.7 45.7
VideoChat2 (Liu et al. 2024b) 70.0 54.1 49.1
Vista-LLama (Ma et al. 2023) 65.3 60.5 48.3
LLAMA-VID(Li, Wang, and Jia 2024) 70.0 58.9 47.5
ST-LLM (Liu et al. 2024a) 74.6 63.2 50.9
Ours 73.8 63.2 50.1

Table 4: Quantitative comparisons on common open-ended
video question answering.

trained BERTbase. For the external detector, we adopt the
Region Proposer parameters from Groma (Ma et al. 2024),
implementing a modified binary classifier based on De-
formable DETR (Zhu et al. 2020).
Training Details: Our training process follows Video-
LLaVA (Lin et al. 2023) and is divided into two stages:
modality alignment pretraining and instruction fine-tuning.

During modality alignment pretraining, we follow Video-
LLaVA using 558K image-text pairs from LAION-CC-
SBU (Liu et al. 2023) and 702K video-text pairs from Val-
ley (Luo et al. 2023). The visual alignment module is trained
for one epoch (batch size 256) with AdamW(lr=1e−3,
warmup=0.03), freezing other parameters. Each video con-
tains 8 frames at a 224× 224 resolution.

For the instruction tuning stage, we use the same base
data as Video-LLaVA (665K image-text pairs from LLaVA-
v1.5 and 100K video-text pairs from Video-ChatGPT). To
further enhance performance, we additionally selected 353K
instruction pairs from VideoChat2 (Li et al. 2024), and 68K

Method Video-MME MVBench
Video-LLaVA(Lin et al. 2023) 39.9 42.2
PLLaVA (Xu et al. 2024a) 43.1 46.5
Video-LLaMA (Zhang, Li, and Bing 2023) - 34.7
LLaMA-Adapter (Zhang et al. 2023) - 31.7
Video-ChatGPT (Maaz et al. 2023) - 32.7
VideoChat(Li et al. 2023c) 39.2 35.5
VideoChat2 (Li et al. 2024) 43.8 51.1
LLaVA-MINI (Zhang et al. 2025) 41.4 44.5
Ours 42.8 48.3

Table 5: Quantitative comparison on general Multiple-
choice question-answering.

Method NExT-QA Egoschema IntentQA
Video-LLaVA (Lin et al. 2023) 60.5 37.0 -
Video-LLaMA2 (Cheng et al. 2024) - 51.7 -
MovieChat+ (Song et al. 2024) 54.8 56.4 -
Vista-LLaMA (Ma et al. 2023) 60.7 - -
DeepStack-L (Meng et al. 2025) 61.0 38.4 -
M3 (Cai et al. 2024) 63.1 36.8 58.8
IG-VLM (Kim et al. 2024) 63.1 35.5 60.3
SF-LLaVA (Xu et al. 2024b) 62.4 47.6 60.1
TS-LLaVA (Qu et al. 2024) 66.5 50.2 61.7
ours 70.6 50.0 75.3

Table 6: Quantitative comparison on Multiple-choice
question-answering in specific fields.

video-text pairs from our MultiClip dataset. We also in-
crease the number of sampled frames from 8 to 16 us-
ing a sliding window approach to benefit multi-shot scenes.
The training settings remain consistent with Video-LLaVA:
keeping video encoders frozen while fine-tuning LLM pa-
rameters with a batch size of 128.

Efficiency of IPFormer
To address the computational bottleneck in Video-LLaVA’s
visual processing, we propose replacing its fully connected
layers with an attention-based visual compressor. We val-
idate its efficiency through comprehensive timing experi-
ments, as shown in Table 3. The results demonstrate that this
modification significantly reduces visual tokens while main-
taining model performance. In subsequent experiments, un-
less otherwise noted, inference is performed with 16 frames.
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Result on MultiClip-Bench
We compare our model with existing open-source video
multimodal models on our self-constructed MultiClip-
Bench dataset, with results shown in Table 2. By compar-
ing Video-LLaVA and Ours (w/o MultiClip), it is obvious
that our model design leads to a significant improvement
(+3.6%) When incorporating our proposed training dataset,
performance improves further by +8.9%. Additionally, in-
creasing the frame number can help understanding.

We also test several state-of-the-art large multimodal
models (most of them are closed-source) using a multi-
image evaluation approach. Among these, Qwen2.5-
VL (Bai et al. 2025) and Gemini-1.5-pro (Team et al. 2024)
each demonstrate their strengths in different categories.

Results on other video benchmarks
Given the significant differences in current training data and
methodologies, To ensure fairness, we use Video-LLaVA as
the baseline model under the same settings. We primarily
compare the performance of our proposed model with the
baseline and other models trained under similar conditions,
thereby objectively and fairly demonstrating the advantages
of our model and dataset.

Besides the multi-shot scenes, we also evaluate our model
on various video benchmarks to demonstrate its versatil-
ity. For open-ended Video Question Answering tasks, in-
cluding MSVD-QA (Chen and Dolan 2011), MSRVTT-
QA (Xu et al. 2016), and ActivityNet-QA, where answers
are typically short phrases, we follow Video-LLaVA to use
GPT-3.5-turbo for accuracy evaluation, with results shown
in Table 4. We also assess performance on more gen-
eral Multiple-choice question-answering in Table 5, like
MVBench, Video-MME, our model demonstrates superior
performance among visual compression models. Further-
more, we validate on more challenging multi-choice bench-
marks in Table 6. Through combined improvements in data
and model architecture, our approach significantly outper-
forms other methods. This performance can be attributed
to the effective coverage of multi-shot scenes and instance-
centric questions within our dataset.

Ablation study

Frame Query Instance Query ActivityNet MultiClipno-cluster cluster

S1 40.9 42.3
S2 ✔ 42.6 43.1

S3 ✔ ✔ 43.6 44.6
S4 ✔ ✔ 45.5 46.2

Table 7: Design of visual compression module.

Design of the Visual Compression Module: Here we ver-
ify the effect of each design aspect within our visual com-
pression module, with results shown in Table 7. Comparison
of S1 and S2 shows that incorporation of frame queries leads
to 1.7% performance gain compared to the original learn-
able queries in Q-Former. Additionally, injecting instance to

Visual Alignment Module Metric
structure Token Activity MSRVTT MVBench MultiClip

Full-projection 8*256 45.3 60.2 42.2 44.5
Avg-pooling (2*2) 8*64 45.0 59.7 41.7 43.8

QFormer (S1) 160 40.9 56.9 40.1 42.3
HCA Clustering - 44.8 58.5 41.8 43.5

ours (S4) 8*10+80 45.5 61.8 42.3 46.2

Table 8: Comparison of different visual alignment methods.

Data source ActivityNet MVBench MuitiClip
D1 Video-LLaVA 45.8 43.7 47.1
D2 +VideoChat2(353k) 48.5 47.5 48.1
D3 + MultiClip(68k) 50.1 48.3 57.0

Table 9: The effect of training dataset on our model.

queries can further improve the performance, but without
clustering, the gain is limited. With clustering of instance
tokens, performance increases to 46.2 on MultiClip.
Comparison of Different Visual Alignment Methods: Un-
der identical experimental settings, we compare full pro-
jection, some commonly compression methods, and our IP-
Former in Table 8. Full projection, commonly used in Video-
LLaVA, does not compress the tokens and thus minimizes
information loss. Average pooling has a low compression
rate, resulting in only marginal performance drops. In con-
trast, the original Q-Former (S1 in Table 7) results in sig-
nificant information loss, which largely impacts the perfor-
mance. However, with our query design (S4 in Table 7), the
compression architecture can surpass the full-projection.

Data source ActivityNet MVBench MuitiClip
D1 Original Dataset 56.5 46.4 49.4
D2 +MultiClip(68k) 57.4 47.6 57.6

Table 10: Generalization Capability of MultiClip.

Effect of MultiClip: To ensure a completely fair evaluation
of our MultiClip, as shown in Table 9, adding VideoChat2
to the base data of Video-LLaVA improves performance
on general datasets. Furthermore, using only 68k MultiClip
training samples, our method achieves significant gains on
the multi-shot MultiClip dataset, while also improving re-
sults on other general datasets. To further validate the ef-
fectiveness of our proposed MultiClip, we also incorporate
it into PLLaVA (Xu et al. 2024a) for evaluation. The per-
formerce is shown in Table 10.

Conclusion
Recognizing a gap not previously addressed in the han-
dling of multi-shot videos with VideoLLMs, we identify
the deficiencies and their underlying causes. This lead us
to propose proprietary datasets and a novel design. By de-
veloping an automated video annotation pipeline, we tackle
data scarcity in multi-shot scenarios. Furthermore, we in-
troduce an instance-based visual compression module for
multi-scene challenges. Our dataset and model significantly
enhance multi-scene video understanding and demonstrate
unique advantages across various video benchmarks.
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