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Abstract

Large language models have demonstrated impressive
universal capabilities across a wide range of open-ended
tasks and have extended their utility to encompass multi-
modal conversations. However, existing methods encounter
challenges in effectively handling both image and video un-
derstanding, particularly with limited visual tokens. In this
work, we introduce Chat-UniVi, a Unified Vision-language
model capable of comprehending and engaging in conver-
sations involving images and videos through a unified visual
representation. Specifically, we employ a set of dynamic
visual tokens to uniformly represent images and videos.
This representation framework empowers the model to ef-
ficiently utilize a limited number of visual tokens to simul-
taneously capture the spatial details necessary for images
and the comprehensive temporal relationship required for
videos. Moreover, we leverage a multi-scale representa-
tion, enabling the model to perceive both high-level seman-
tic concepts and low-level visual details. Notably, Chat-
UniVi is trained on a mixed dataset containing both images
and videos, allowing direct application to tasks involving
both mediums without requiring any modifications. Exten-
sive experimental results demonstrate that Chat-UniVi con-
sistently outperforms even existing methods exclusively de-
signed for either images or videos. Code is available at
https://github.com/PKU-YuanGroup/Chat-UniVi.

1. Introduction

Large language models (LLMs), such as GPT-3 [7] and
LLaMA [59, 60], showcase substantial universal capabil-
ities that pave the way for achieving general artificial in-
telligence. However, language represents just one facet of
communication. Visual information serves to augment and
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Figure 1. The unified representation framework for images
and videos utilizing a collection of dynamic visual tokens. “H”
and “W ” represent the height and width of the input, respectively.
“L”, “D”, “M”, “C”, and “E” denote the number of vanilla vi-
sual tokens, the feature dimension, the frame length, the number
of dynamic visual tokens, and the number of events, respectively.

enhance our comprehension of the world. Therefore, there
exists a burgeoning interest in developing a multimodal
conversation model that can accommodate various input
modalities simultaneously, including images and videos.

Recent advances in multimodal conversation models,
such as MiniGPT-4 [79], LLaVA [38, 39], and mPLUG-
Owl [69], focus on integrating visual tokens into LLMs.
Despite their commendable progress, existing methods of-
ten specialize in either image or video inputs. For instance,
methods [38, 39] that prioritize image inputs typically em-
ploy a larger number of visual tokens to attain finer spatial
understanding. Conversely, methods [44] concentrating on
video inputs often compromise spatial comprehension per
frame to accommodate more frames for modeling temporal
relationships. Although some methods, e.g., Flamingo [1],
can extract a fixed number of tokens for each image and
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video using a query transformer, their primary emphasis re-
mains on image understanding, lacking the capability to ef-
fectively model temporal comprehension, thus resulting in
a limited understanding of videos. Therefore, it is crucial
and challenging to enable LLMs for both image and video
comprehension within a unified framework.

In this paper, we introduce Chat-UniVi, a Unified
Vision-language model designed to proficiently compre-
hend and engage in conversations about both images and
videos. Chat-UniVi uniformly represents images and videos
using a collection of dynamic visual tokens, enabling it to
concurrently capture the spatial details of images and the
comprehensive temporal relationship of videos. As illus-
trated in Fig. 1, images can be depicted through visual to-
kens of diverse sizes. For example, the primary object, i.e.,
the sheep in Fig. 1, necessitates a fine-grained representa-
tion with numerous visual tokens, while the background,
i.e., the snow-capped mountain, can be sufficiently mod-
eled with only one visual token. In the case of videos,
the video is initially divided into several events, and sub-
sequently, these visual tokens expand over frames within
each event to encapsulate frame-level dynamics. Such uni-
fied representation for both images and videos significantly
reduces the number of visual tokens while maintaining the
expressive capabilities of the model. It is worth noting
that longer videos are assigned more visual tokens in our
method. Therefore, our method is better suited for variable-
length video understanding than existing methods.

To obtain these dynamic visual tokens, we propose
a token merging method for progressively merging vi-
sual tokens with similar semantic meanings. Specifically,
starting with visual tokens initialized by the vision trans-
former [15], we gradually group them by applying the k-
nearest-neighbor based density peaks clustering algorithm,
i.e., DPC-KNN [16], on the token features. When it comes
to videos, we also utilize DPC-KNN on the frame features
to get events. At each merging step, visual tokens assigned
to the same cluster are merged by averaging their token fea-
tures. Finally, we provide a multi-scale representation to
the LLMs, where the upper layers of the multi-scale rep-
resentation encompass high-level semantic concepts, while
the lower layers emphasize visual details representations.

The proposed Chat-UniVi has two compelling advan-
tages: First, its unified image and video modeling method
allows training on the mixed dataset of image and video,
enabling direct application to both image and video tasks
without any modifications. Second, the multi-scale repre-
sentation contributes to the comprehensive understanding
of images and videos, empowering Chat-UniVi to adapt to
various tasks, including employing high-level representa-
tion for semantic understanding and low-level representa-
tion for generating detailed descriptions. We evaluate Chat-
UniVi on both image and video understanding tasks. As
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Figure 2. The proposed Chat-UniVi, designed as a unified
model, consistently outperforms even existing methods ex-
clusively designed for either images or videos. These results
demonstrate the advantages of the proposed method.

shown in Fig. 2, compared to other methods focused ex-
clusively on either images or videos, Chat-UniVi consis-
tently demonstrates superiority in comprehending images
and videos. Moreover, we also provide evidence of the ad-
vantages of joint training of images and videos for multi-
modal large language models. The main contributions are
summarized as follows:
• We propose a unified visual representation for LLMs, en-

abling LLMs to comprehend both images and videos.
• We uniformly represent images and videos using multi-

scale dynamic visual tokens and propose a token merging
method to obtain these dynamic visual tokens.

• Without fine-tuning, Chat-UniVi attains competitive per-
formance in both image and video tasks and achieves im-
pressive results in the object hallucination benchmark.

2. Related Work
Large Language Models. Large language models [48,
50, 61] have made disruptive progress, primarily attributed
to the expansion of training data and the substantial increase
in model parameters. Inspired by the success of GPT-3 [7],
numerous LLMs have subsequently been developed, includ-
ing PaLM [13], OPT [74], BLOOM [54], InstructGPT [47],
and ChatGPT [45]. However, language represents just one
facet of communication. Visual information serves to aug-
ment and enhance our comprehension of the world [5, 23–
26, 28, 62, 77]. In this work, we introduce Chat-UniVi,
designed to comprehend both image and video inputs.
Large-scale Multimodal Models. Existing large-scale
multimodal models [4, 9–11, 17–19, 30, 35–37, 42, 53, 64,
76, 78] can be broadly categorized into two classes. The
first class of methods [56, 57, 63, 68] involves using LLMs
as a dispatch scheduler, facilitating connections between
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Figure 3. The overview of the proposed Chat-UniVi for conversations containing both images and videos. Chat-UniVi uniformly
represents images and videos using a collection of dynamic visual tokens and provides a multi-scale representation that equips large
language models to perceive both high-level semantic concepts and low-level visual details.

various expert models to handle different vision tasks. The
second class of methods [31, 31, 46] emphasizes the inte-
gration of models from different modalities into end-to-end
trainable models. More recently, there have also been sev-
eral dedicated multimodal models tailored for video pro-
cessing, such as Video-LLaVA [34], Video-ChatGPT [44],
VideoChat [32], and Video-LLaMA [72]. Despite their
commendable progress, existing methods often focus exclu-
sively on either image or video inputs. In this work, we fo-
cus on developing an end-to-end trained multimodal model
for both image and video tasks. Although Flamingo also
supports both image and video inputs, it can only extract a
fixed number of tokens for videos of varying lengths with
a query transformer. Recent works [9, 64] have explored
the use of separately pre-trained image and video encoders
for processing, but these methods introduce model redun-
dancy and prove challenging to train together. Hence, it
does not align with our focus on achieving a unified vision-
language model. In contrast to the previous works, the pro-
posed method uniformly represents images and videos us-
ing multi-scale dynamic visual tokens.

Dynamic Visual Token. There have also been recent
methods [6, 43, 51, 52, 66, 71] to explore the role of dy-
namic tokens within the transformer framework. However,

none of these methods can be directly extended to video.
We summarize the advantages of our method as follows:
(i) Supporting video input. In contrast to other methods,
Chat-UniVi extends the dynamic token method to incorpo-
rate video inputs, achieving the integration of image and
video representations for the first time. Our work is the first
to demonstrate that this unified representation can reconcile
the intricate spatial details of images with the broader tem-
poral understanding required for videos. (ii) Without pa-
rameters. Our clustering method is parameter-free. Inter-
estingly, we find that this parameter-free clustering method
serves as the linchpin to the success of our model. We at-
tribute this phenomenon to the gradient instability in multi-
modal conversation training, which hinders the convergence
of parameterized methods. Comparisons of Chat-UniVi and
other dynamic token methods are provided in the appendix.

3. Methodology

Chat-UniVi aims to model images and videos concurrently
within a language sequence that can be comprehended by
Large Language Models (LLMs) in a unified framework.
Chat-UniVi achieves this by uniformly representing images
and videos through a set of dynamic visual tokens, bridging
the intricate spatial details of images with the broader tem-
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poral comprehension needed for videos. The overview of
the proposed Chat-UniVi is shown in Fig. 3.

3.1. Dynamic Visual Tokens for Image and Video

Building upon the vanilla Vision Transformer, most meth-
ods generate equally important visual tokens by dividing
the image into regular and fixed grids. However, it is evi-
dent that not all regions hold equal significance in vision-
language tasks. For example, capturing the background
may require only a single visual token. Drawing inspira-
tion from this insight, We amalgamate non-essential tokens
to derive dynamic vision regions as input for LLMs.
Spatial Visual Token Merging. For an input image, we
adopt the vision encoder of CLIP [49] to provide the orig-
inal visual tokens Z = {zi}Li=1, where L is the number of
visual tokens each image is divided into. To amalgamate
non-essential visual tokens, we utilize DPC-KNN [16], a k-
nearest-neighbor based density peaks clustering algorithm,
to cluster the visual tokens. Starting with visual tokens
Z = {zi}Li=1 initialized by the vision transformer, we first
compute the local density ρi of each token zi according to
its K-nearest neighbors, which is formulated as:

ρi = exp
(
− 1

K

∑
zk∈KNN(zi,Z)

∥zk − zi∥2
)
, (1)

where KNN(zi,Z) is the K-nearest neighbors of zi in
Z\{zi}. “Z\{zi}” denotes removing {zi} from Z. Intu-
itively, ρi denotes the local density of token zi. Then, we
compute the distance index δi of the token zi:

δi =

 min
j:ρj>ρi

∥zj − zi∥2, if ∃j s.t. ρj > ρi.

max
j

∥zj − zi∥2, otherwise.
(2)

In essence, δi represents the distance between the given to-
ken zi from other high-density tokens. We identify those to-
kens with relatively high ρi × δi as cluster centers and then
allocate other tokens to their nearest cluster center accord-
ing to the Euclidean distances. Finally, we utilize the aver-
age token within each cluster to represent the corresponding
cluster. The vision region of the merged token is the union
of the vision regions within the corresponding cluster.
Temporal Visual Token Merging. To adapt the dynamic
visual tokens to video inputs, we extend the visual tokens
across frames. However, directly consolidating all frames
into a limited number of visual tokens may lead to the loss
of temporal information within the video. For example,
in Fig. 3, the video demonstrates the process of cooking
pasta before preparing the sauce. Simply merging all frames
would pose challenges for the model in determining the cor-
rect sequence, such as whether to prepare the sauce first,
cook the pasta first, or simultaneously cook the pasta while
preparing the sauce. Therefore, we propose temporal visual

token merging to first divide the video into several critical
events. Subsequently, we make the visual tokens only ex-
pand over frames within the same event.

Given the mth frame Zm = {zmi }Li=1 of a video, we
first apply mean-pooling over all tokens to obtain the frame-
level representation fm. Similar to the spatial visual token
merging method, we leverage DPC-KNN to amalgamate
non-essential frames. Specifically, we first compute the lo-
cal density ρm and the distance index δm of each frame fm.
Frames with relatively high ρm×δm are identified as cluster
centers, and other frames are then assigned to their nearest
cluster center based on Euclidean distances. We treat each
cluster as a critical event and denote the set of indexes of
the frames in the cluster as F . Therefore, the set of visual
tokens within the nth event Fn can be formulated as:

Z̃n =
{
zmi |m ∈ Fn, i ∈ {1, 2, ..., L}

}
. (3)

After completing the temporal visual token merging, we ob-
tain the set of visual tokens within the event, i.e., Z̃. To
make the visual tokens expand over frames within the event,
we adjust Eq. (1) and Eq. (2) in the spatial visual token
merging method to the following form:

ρ̃i = exp
(
− 1

K

∑
zk∈KNN(zi,Z̃)

∥zk − zi∥2
)
,

δ̃i =

 min
j:ρ̃j>ρ̃i

∥zj − zi∥2, if ∃j s.t. ρ̃j > ρ̃i.

max
j

∥zj − zi∥2, otherwise.

(4)

Finally, we concatenate the expanded dynamic visual to-
kens together in order of events to ensure the broader tem-
poral understanding required for videos.
Multi-scale Representation. To further enhance the ca-
pabilities of our model, we propose a multi-step aggregation
method designed to provide multi-scale visual features for
LLMs. Specifically, in Chat-UniVi, the initial visual tokens
at the first merging step are derived from the vision encoder
of CLIP. Then, we progressively merge visual tokens with
similar semantic meanings and obtain different numbers of
tokens in different steps. The higher-level features encom-
pass abstract semantic concepts, while the lower levels em-
phasize representations of visual details. In practice, we
execute a three-step aggregation process for each input im-
age or video. Finally, we concatenate the outputs from each
merging step and utilize a trainable projection matrix W
to transform these multi-scale visual features into language
embedding tokens, which serve as inputs for LLMs.

It is worth noting that despite the concatenation, the
number of visual tokens in our method remains significantly
lower than the original visual tokens generated by the vision
transformer. For example, while LLaVA [39] uses 256 vi-
sual tokens, our method utilizes only 112 visual tokens.
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Methods LLM Visual Conversation Detail Reason AllSize Tokens

LLaVA [39] 13B 256 83.1 75.3 96.5 85.1
LLaVA [39] 7B 256 70.3 56.6 83.3 70.1
LLaVA [39]† 7B 256 78.8 70.2 91.8 80.4

Chat-UniVi 7B 112 84.1 74.2 93.7 84.2

Table 1. GPT-based evaluation for image understanding.
“†” denotes our own re-implementation of LLaVA under our
training settings (same foundation model, same image data,
and same training scheme) for a fair comparison.

Methods LLM Correct Detail Context Temporal ConsistencySize

Video-LLaMA [72] 7B 39.2 43.6 43.2 36.4 35.8
LLaMA-Adapter [73] 7B 40.6 46.4 46.0 39.6 43.0
VideoChat [32] 7B 44.6 50.0 50.6 38.8 44.8
Video-ChatGPT [44] 7B 48.0 50.4 52.4 39.6 47.4

Chat-UniVi 7B 57.8 58.2 69.2 57.8 56.2

Table 2. GPT-based evaluation for video understanding. The results
reported in Maaz et al. [44] span a range from 0 to 5. To standardize the
metrics, we normalize all scores to a scale of 0 to 100.

Methods LLM Size Subject Context Modality Grade Average
NAT SOC LAN TXT IMG NO G1-6 G7-12

Random Choice [41] - 40.28 46.13 29.25 47.45 40.08 33.66 39.35 40.67 39.83
Human [41] - 90.23 84.97 87.48 89.60 87.50 88.10 91.59 82.42 88.40

Zero-shot Question Answering Accuracy (%)
GPT-4 [39] 1T+ 84.06 73.45 87.36 81.87 70.75 90.73 84.69 79.10 82.69
GPT-3 [41] 175B 75.04 66.59 78.00 74.24 65.74 79.58 76.36 69.87 74.04
LLaVA [39]† 7B 47.78 41.96 53.64 47.90 44.03 51.92 49.63 45.29 48.08

Chat-UniVi 7B 58.61 61.08 61.82 57.33 58.25 61.39 62.04 56.23 59.96

Fine-tuning Question Answering Accuracy (%)
LLaVA [39] 13B 90.36 95.95 88.00 89.49 88.00 90.66 90.93 90.90 90.92
LLaVA [39]† 7B 79.71 91.68 82.82 80.94 83.24 81.46 83.74 81.74 83.02
LLaMA-Adapter [73] 7B 84.37 88.30 84.36 83.72 80.32 86.90 85.83 84.05 85.19
LLaMA-SciTune [20] 7B 84.50 94.15 82.91 88.35 83.64 88.74 85.05 85.60 86.11

Chat-UniVi 7B 88.50 93.03 85.91 88.51 85.97 88.15 88.88 88.60 88.78

Table 3. Zero-shot and fine-tuning question answering accuracy on the ScienceQA test set. Question classes: NAT = natural science,
SOC = social science, LAN = language science, TXT = text context, IMG = image context, NO = no context, G1-6 = grades 1-6, G7-12 =
grades 7-12. “†” denotes our own re-implementation of LLaVA under our training settings for a fair comparison.

3.2. Multimodal Training Scheme

Multimodal Pre-training. Following the approach of
previous works [39], our training is divided into two stages.
In the first stage, we pre-train the projection matrix W
while freezing both the LLM and the vision encoder. This
strategic freezing of the LLM empowers our method to ef-
fectively capture semantic visual information without any
discernible compromise in the performance of LLMs.
Joint Instruction Tuning. After completing the first
stage, the model is able to understand human queries but
still fails to generate reasonable and coherent linguistic re-
sponses. In the second stage, we fully fine-tune the large
language model and the projection matrix W on a multi-
modal instruction-following dataset. This dataset is a com-
posite of multi-turn conversations and single-turn conversa-
tions presented in a conversational format, alongside sin-
gle images, multiple images, and videos as visual input.
Through joint training on the mixture dataset, Chat-UniVi
achieves a superior comprehension of various directives and
produces more natural and dependable output. Moreover, it
exhibits the distinctive ability to seamlessly process both
images and videos without requiring any realignment.

4. Experiments

4.1. Experimental Setup

Model Settings. We adopt the vision encoder of
CLIP (ViT-L/14) [49] as the visual foundation model. Be-
sides, we chose the Vicuna-v1.5 model [58], which consists
of 7B parameters, as our language foundation model.

Data and Training Details. For the multimodal pre-
training stage, we utilize the image-caption pairs from
various datasets, including COCO [12] and CC3M-595K
screened from CC3M [55] by LLaVA [39]. We pre-train
Chat-UniVi for one epoch with a batch size of 128, em-
ploying the AdamW [27, 40] optimizer with a cosine sched-
ule. The learning rate is set to 2e-3, and the warm-
up rate is 0.03. For the joint instruction tuning stage,
we incorporate multimodal instruction data from multiple
sources: (i) multimodal in-context instruction datasets, such
as MIMIC-IT [2, 21, 29], (ii) visual instruction datasets,
such as LLaVA, (iii) video instruction data from Video-
ChatGPT [44]. All input images or frames are resized to
224 × 224. We train Chat-UniVi for 2 epochs with a batch
size of 128, and the learning rate is set to 2e-5.
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Methods LLM Size MSRVTT-QA MSVD-QA TGIF-QA ActivityNet-QA

Accuracy Score Accuracy Score Accuracy Score Accuracy Score

FrozenBiLM [67] 1B 16.8 - 32.2 - 41.0 - 24.7 -
Video-LLaMA [72] 7B 29.6 1.8 51.6 2.5 - - 12.4 1.1
LLaMA-Adapter [73] 7B 43.8 2.7 54.9 3.1 - - 34.2 2.7
VideoChat [32] 7B 45.0 2.5 56.3 2.8 34.4 2.3 26.5 2.2
Video-ChatGPT [44] 7B 49.3 2.8 64.9 3.3 51.4 3.0 35.2 2.7

Chat-UniVi 7B 55.0 3.1 69.3 3.7 69.0 3.8 46.1 3.3

Table 4. Zero-shot video question answering accuracy. We follow the evaluation protocol in Maaz et al. [44], i.e., employing GPT-
assisted evaluation to assess the capabilities of models. “Score” denotes the confidence score from 0 to 5 assigned by the GPT model.

Methods LLM Size Random (POPE-R) Popular (POPE-P) Adversarial (POPE-A)

Accuracy F1-Score Yes Accuracy F1-Score Yes Accuracy F1-Score Yes

LLaVA [39] 13B 64.12 73.38 83.26 63.90 72.63 81.93 58.91 69.95 86.76
MiniGPT-4 [79] 13B 79.67 80.17 52.53 69.73 73.02 62.20 65.17 70.42 67.77
InstructBLIP [14] 13B 88.57 89.27 56.57 82.77 84.66 62.37 72.10 77.32 73.03
MultiModal-GPT [19] 7B 50.10 66.71 99.90 50.00 66.67 100.00 50.00 66.67 100.00
mPLUG-Owl [69] 7B 53.97 68.39 95.63 50.90 66.94 98.57 50.67 66.82 98.67
LLaVA [39]† 7B 72.16 78.22 76.29 61.37 71.52 85.63 58.67 70.12 88.33

Chat-UniVi w/o multi-scale 7B 73.88 79.30 74.63 56.36 69.01 90.83 55.63 68.67 91.63
Chat-UniVi w/ multi-scale 7B 85.19 86.05 54.67 69.50 74.39 69.10 64.97 71.54 73.10

Table 5. Zero-shot object hallucination evaluation on the COCO validation set. We report the results of the polling-based object probing
evaluation (POPE). “Yes” represents the proportion of positive answers that the model outputs. “†” denotes our own re-implementation of
LLaVA under our training settings (same foundation model, same image data, and same training scheme) for a fair comparison.

4.2. GPT-based evaluation

Image Understanding. To quantitatively measure the
image understanding capability, we report the GPT-4 eval-
uation results in Tab. 1. Following Liu et al. [39], Zhang
et al. [75], we employ 90 questions based on 30 COCO val-
idation images, covering various aspects, including conver-
sation, detail description (Detail), and complex reasoning
(Reason). We utilize the GPT-4 model to evaluate the out-
puts of the model in these three aspects, as well as provide
an overall score. For a comprehensive description of im-
age understanding metrics, please refer to the appendix. As
shown in Tab. 1, Chat-UniVi uses fewer visual tokens while
achieving superior performance. Notably, our method, even
as a 7B model, can achieve the performance level of a 13B
model, demonstrating the effectiveness of our method.

Video Understanding. To quantitatively measure the
video understanding capability, we report the GPT evalua-
tion results in Tab. 2. Following Maaz et al. [44], we employ
a test set based on the ActivityNet dataset [8] and utilize the
GPT-3.5 model to assign a relative score to the outputs of
the model in the following five aspects: Correctness of In-
formation (Correct), Detail Orientation (Detail), Contextual
Understanding (Context), Temporal Understanding (Tem-
poral), and Consistency. Please refer to the appendix for
more details. As shown in Tab. 2, Chat-UniVi, even as a uni-
fied model, significantly surpasses recently proposed state-
of-the-art methods that exclusively focus on video, which

demonstrates the effectiveness of our method.

4.3. Question-Answer Evaluation

ScienceQA Performance. ScienceQA [41] is a multi-
modal science question-answering dataset comprising 21k
multiple-choice questions. Each example in ScienceQA
contains a visual context, a textual context, a question, and
multiple options. We report both zero-shot and fine-tuning
results in Tab. 3. As shown in Tab. 3, Chat-UniVi shows
competitive performance across all metrics. Notably, Chat-
UniVi outperforms LLaMA-SciTune [20], a model specif-
ically tailored for science question answering, which fully
demonstrates the superiority of our method.
Zero-shot Video-question Answering Performance. In
Tab. 4, we show the zero-shot video-question an-
swering performance on several commonly used open-
ended question-answer datasets, including MSRVTT-
QA [65], MSVD-QA [65], TGIF-QA FrameQA [22], and
ActivityNet-QA [70]. Our evaluation protocol follows that
of Maaz et al. [44], utilizing GPT-assisted evaluation to as-
sess the capabilities of models. As shown in Tab. 4, Chat-
UniVi outperforms the recently proposed state-of-the-art
methods, e.g., FrozenBiLM [67], across various datasets.

4.4. Object Hallucination Evaluation

In Tab. 5, we report the results of the polling-based ob-
ject probing evaluation [33] (POPE). For details of the
polling-based object probing evaluation, please refer to the
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Methods Image Understanding Video Understanding

Conversation Detail Reason All Correct Detail Context Temporal Consistency

Only Image 84.0 69.3 89.3 81.5 43.4 48.6 56.8 45.4 46.2
Only Video 72.7 55.8 71.5 66.8 57.4 58.8 69.0 56.4 56.0
Image + Video 45.5 31.3 76.1 50.9 51.2 55.6 64.8 50.0 50.4
Video + Image 79.0 69.2 88.5 79.1 45.6 49.8 58.2 46.4 47.8

Image & Video 84.1 74.2 93.7 84.2 57.8 58.2 69.2 57.8 56.2

Table 6. Ablation study about instruction tuning scheme. “Only Image” indicates training solely on image data. “Image + Video”
means training on image data followed by fine-tuning on video data. “Image & Video” denotes training on a mixed dataset.

C1 C2 C3 Visual Tokens Conversation Detail Reason All

16 8 4 28 78.6 69.0 95.1 81.1
32 16 8 56 82.7 67.2 94.5 81.6
64 32 16 112 84.1 74.2 93.7 84.2

128 64 32 224 79.8 68.7 83.8 79.8

Table 7. Ablation study about the number of spatial visual clus-
ters. “C1”, “C2”, and “C3” denote the number of clusters at the
first step, the second step, and the last step, respectively.

Clustering Ratio Correct Detail Context Temporal Consistency

1/M 51.2 41.8 47.6 32.8 42.2
1/32 57.2 58.0 69.6 56.2 54.2
1/16 57.8 58.2 69.2 57.8 56.2
1/8 56.8 58.2 68.0 55.8 57.8

Table 8. Ablation study about the number of temporal visual clus-
ters. “M” is the frame length. “1/M” denotes that the model directly
consolidates all frames into a single event.

(a) Comparison of image-based conversations (b) Comparison of video-based conversations
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Figure 4. Human evaluations. In 30 image conversation scenarios and 30 video conversation scenarios, the evaluators rate the model on
a scale of 0 to 10 based on its multimodal conversation performance. Finally, we use the average score as the final model score.

appendix. As shown in Tab. 5, Chat-UniVi outperforms
the recently proposed state-of-the-art methods. Moreover,
we find that multi-scale representation improves the abil-
ity to resist hallucinations. It is worth noting that, as a 7B
model, our method even outperforms the 13B model, such
as MiniGPT-4. We attribute this success to the multi-scale
representation that equips our method to perceive both high-
level semantic concepts and low-level visual appearance.

4.5. Ablative Analysis

Effect of the Tuning Scheme. In Tab. 6, we provide
the ablation study on the instruction tuning scheme. We
find that visual instruction tuning using only one type of
medium, such as images, results in a decrease in compre-
hension of another medium, such as videos. However, pre-
training on one medium and fine-tuning on another leads to
knowledge degradation from the pre-training stage. In con-
trast, our joint training strategy, which involves training on a
mixed dataset of images and videos, endows the model with
the capability to process both types of visual inputs. Among
all tuning schemes, joint training consistently achieves the
highest performance, confirming its effectiveness.
Effect of the Number of Spatial Visual Clusters. To
explore the influence of the number of spatial visual clus-

ters, we provide the ablation results in Tab. 7. We find that
a smaller number of visual clusters may decrease the ca-
pacity to grasp fine visual details, whereas a larger number
of visual clusters may introduce redundancy and potentially
reduce the overall performance of the model. To strike a
balance between detailed understanding and model learn-
ing complexity, we set the number of clusters at the three
levels to 64, 32, and 16 respectively in practice.
Effect of the Number of Temporal Visual Clusters.
Videos vary in length, with longer videos typically con-
taining more events. Therefore, in Chat-UniVi, the num-
ber of temporal visual clusters is determined proportionally
based on the number of input video frames. As shown in
Tab. 8, we find that a smaller clustering ratio may result in
the loss of crucial temporal information within the video.
Conversely, a larger clustering ratio increases the computa-
tional overhead of the model. We observe that the model
performs optimally when the clustering ratio is set to 1/16.
Therefore, in practice, we adopt a default temporal cluster-
ing ratio of 1/16 for optimal performance.

4.6. Qualitative Analysis

Human Evaluation. In our evaluation, we manually as-
sess the performance of Chat-UniVi and baselines in 30
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Figure 5. Visualization of the dynamic visual tokens. For clarity in observation, we map the dynamic visual tokens of the video back to
each frame for visualization. Please refer to the appendix for additional visualizations and conversation examples of our model.

image conversation scenarios and 30 video conversation
scenarios. The results are presented in Fig. 4. Open-
Flamingo [3], derived from Flamingo [1], and Otter [29],
an in-context instruction tuning variant of OpenFlamingo,
are also included in our comparison. As shown in Fig. 4,
we find that methods based on Flamingo exhibit limita-
tions in their ability to comprehend videos. This limita-
tion is attributed to their use of a query transformer to ex-
tract a fixed number of visual tokens from videos of vary-
ing lengths, which hinders their effectiveness in modeling
temporal comprehension. In contrast, Chat-UniVi, func-
tioning as a unified model, not only outperforms methods
built upon the Flamingo but also surpasses models specifi-
cally designed for image and video.

Visualization of the Dynamic Visual Tokens. We pro-
vide the visualization in Fig. 5 and invite readers to explore
more visualizations in the appendix. It is important to em-
phasize that our proposed token merging method operates
without the need for object outline labels. As shown in
Fig. 5, the proposed dynamic visual tokens effectively gen-
eralize objects and backgrounds. This capability enables
Chat-UniVi to reconcile the intricate spatial nuances of im-
ages with the broader temporal understanding required for

videos with a limited number of visual tokens.

5. Conclusion

In this paper, we introduce Chat-UniVi, a unified multi-
modal large language model designed to comprehend and
engage in conversations about both images and videos.
To seamlessly bridge the intricate spatial nuances of im-
ages with the broader temporal understanding required for
videos, we propose a unified representation framework em-
ploying dynamic visual tokens. This representation lever-
ages DPC-KNN to progressively cluster visual tokens and
provides multi-scale features. More encouragingly, Chat-
UniVi is trained on a mixed dataset encompassing both im-
ages and videos, enabling it to be directly applicable to tasks
involving both media types without requiring any modifi-
cations. Extensive experimental results demonstrate that
Chat-UniVi, as a unified model, consistently surpasses even
methods exclusively designed for images or videos.
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