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Abstract

In light of recent advances in multimodal Large
Language Models (LLMs), there is increasing at-
tention to scaling them from image-text data to
more informative real-world videos. Compared to
static images, video poses unique challenges for
effective large-scale pre-training due to the model-
ing of its spatiotemporal dynamics. In this paper,
we address such limitations in video-language pre-
training with an efficient video decomposition that
represents each video as keyframes and temporal
motions. These are then adapted to an LLM us-
ing well-designed tokenizers that discretize visual
and temporal information as a few tokens, thus
enabling unified generative pre-training of videos,
images, and text. At inference, the generated to-
kens from the LLM are carefully recovered to the
original continuous pixel space to create various
video content. Our proposed framework is both
capable of comprehending and generating image
and video content, as demonstrated by its com-
petitive performance across 13 multimodal bench-
marks in image and video understanding and gen-
eration. Our code and models are available at
https://video-lavit.github.io.

1. Introduction

Recently, the significant breakthrough of Large Language
Models (LLMs) (Brown et al., 2020; Touvron et al., 2023a)
has brought a surge in building general-purpose multimodal
Al assistants (OpenAl, 2023b; Gemini Team, 2023) that
can follow both textual and visual instructions. Drawing
on the remarkable reasoning abilities of LLMs and knowl-
edge in massive alignment corpus (e.g., image-text pairs),
they showcase the great potential of accurately compre-
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Efficient motion vectors (saving > 90% tokens)

Figure 1. The key observation in this work is: most video parts
have a high degree of temporal redundancy that may be described
by motion vectors. By exploiting these motion vectors, the video
can be efficiently tokenized for pre-training of multimodal LLMs.

hending and generating visual content (Sun et al., 2024; Jin
et al., 2024; Dong et al., 2024). Despite their success, these
multimodal LLMs (Alayrac et al., 2022; Liu et al., 2023c)
predominantly concentrate on the image-text data, leaving
the adaptation for video modality less explored. In contrast
to static images, video serves as a dynamic media form that
is more in line with human visual perception. Learning
effectively from video is particularly essential for enhancing
machine intelligence to comprehend the real world.

To this end, several approaches have made attempts at har-
nessing the generative capabilities of LLMs for handling
video data. Inheriting the successful paradigm from the
image domain, they represent video as a sequence of visual
tokens that aligns with LLMs’ semantic space by utilizing a
pre-trained 2D image model (Li et al., 2023d; Zhang et al.,
2023) or a 3D video backbone (Kondratyuk et al., 2023).
Nevertheless, the existing designs are still not competent for
effectively encoding videos. Compared to images, videos
pose unique challenges associated with higher demands
for learning complex spatiotemporal clues, such as time-
varying actions and scene changes. In this regard, encoding
individual video frames separately by the 2D visual encoder
falls short of capturing the temporal motion information,
which plays a vital role in identifying distinct behaviors
and events within the video content. Although the recent
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concurrent work VideoPoet (Kondratyuk et al., 2023) craftsLaVIT, is capable of serving as a multimodal generalist to
a 3D video tokenizer for video generation with LLM, its ap- achieve promising results in both understanding and genera-
plicability is constrained to short video clips due to the usetion tasks without further ne-tuning. The key contributions

of long token sequences (e.g., 1280 tokens for a 2.2s clipdf this work are summarized as:

When it comes to understanding or generating long videos,

inputting excessive numbers of tokens into LLMs is deemed, \ye introduce Video-LaVIT. a multimodal pre-training
unacceptable in terms of computational resources. method that pushes the limit of LLMs' uni ed under-

This work addresses the limitation in video-language pre- standing and generation capability towards video.
training by exploring an ef cient video representation that.
decomposes video into keyframes and temporal motions.
Our motivation is built upon the natural characteristics of
video data itself. As illustrated in Figure 1, a video is typi-
cally divided into several shots, where video frames within
each shot often exhibit substantial information redundancy. Experiments on 13 multimodal benchmarks demonstrate
Itis super uous to encode all of these frames as tokens and 4t video-LaVIT achieves very competitive performance,
incorporate them into the generative pre-training of LLMs. ranging from image and video comprehension to zero-

This fact strongly spurs us to decompose each video into gpet text-to-image and text-to-video generation.
alternating keyframes and motion vectors, where the former

encapsulate the primary visual semantics and the latter de-
pict the dynamic evolution of its corresponding keyframe2- Related Work

over time. There are several bene ts to such decompose@ision-language pre-training. Following the success of

representation: (1) Compared to processing consecutiVgging |arge-scale image-text pairs for contrastive learning

video frames utilizing 3D encoders, the combination of ayf vision-language models (Radford et al., 2021), a similar

single keyfrgme and motion vectqrs rquireg fewer tokeps Rdea has been exploited in generative pre-training, where
represent video temporal dynamics, which is more ef cient,;q,a| and language data are jointly modeled under an au-
for large-scale pre-training. (2) The model can inherit they o g essive process. In practice, this is typically achieved
acquired visual knowledge from an oﬁ-the-shel_f |mage-<_)nlyby adapting visual image inputs to pre-trained LLMs (Raf-
LI,‘M and focys solely on modeling temporal information fel et al., 2020; Brown et al., 2020; Touvron et al., 2023a)
without learning from scratch. via an intermediate module like cross-attention (Alayrac

Based on the above motivations, we predédeo-LaVvIT  etal., 2022), Q-Former (Li et al., 2023c), or linear projec-
(LanguageVI sion Transformer), a new multimodal pre- tion (Liu et al., 2023c). More recent approaches such as
training approach that effectively empowers LLMs to com-CM3Leon (Yu et al., 2023a) and LaVIT (Jin et al., 2024)
prehend and generate video content in a uni ed frameworkadvocate the use of discrete visual tokenizers (van den Oord
Speci cally, Video-LaVIT incorporates two core compo- etal., 2017; Esser et al., 2021) to form a uni ed next token
nents: aokenizerand adetokenizeto handle video modal- prediction objective. However, these methods are primarily
ity. The video tokenizer aims to transform the continuousfocused on image-text data and cannot be directly extended
video data into a sequence of compact discrete tokens aki@ videos due to the signi cantly higher computational cost.

to a foreign language, where the keyframes are processqﬁdeo understanding and generation By unifying videos

by utilizing an established image tokenizer (Jin et al., 2024)in the above pre-training framework, remarkable progress
For converting the temporal motions into the compatiblehaS been made in video comprehension with masked (Yang
discrete format, a spatiotemporal motion encoder is devisegt al., 2022) and autoregressive language models (Li et al.,
It can capture the time-varying contextual information CON-0234: Zhang et al., 2023; Maaz et al., 2023). However, for

tained in extracted motion vectors, thereby signi cantly €n+j4e generation, the mainstream approaches are still based

hancing LLMs' ability to comprehend the intricate actions on diffusion models (Sohl-Dickstein et al., 2015: Song & Er-

in video. The video detokenizer is responsible for mappingmon’ 2019; Ho et al., 2020), which enhance existing image
the discretized video token generated by LLMs back into itspre-trained models with better temporal consistency (Ho
original continuous pixel space. During training, video is et al., 2022: Singer et al., 2023 Blattmann et al., 2023b;
represented as an alternating discrete visual-motion tOke@sser etal., 2023; Blattmann et al., 2023a). Language model

sequence, and thus can be optimized under the same neliqe q coynterparts (Yan et al., 2021; Hong et al., 2023; Kon-
token prediction objective together with different mOda“t'eS'dratyuk et al., 2023), on the other hand, face the critical

Since video is inherently a time series, this joint aumre'challenge of ef ciently encoding video temporal dynamics

gressive pre-training contributes to learning the sequentiglyn jimited context windows and computational resources.
relationships of different video clips. We found that Video- |, response, our work leverages motion vectors, a classic

To ef ciently model visual and temporal information in
video, Video-LaVIT incorporates a novel video tokenizer
and detokenizer that operates on the decomposed repre-
sentations of keyframes and motion vectors.
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Figure 2.For each video-text pair, Video-LaVIT decomposes the video into keyframes and motion vectors for ef cient tokenization. The
tokenizers are learned by maximally reconstructing original inputs (e.g., the motion tokenizer is shown on the right). Finally, the encoded
tokens are concatenated with text tokens to form a multimodal sequence, allowing for uni ed generative pre-training of the LLM (left).

and effective cue in video modeling (Zhang et al., 2016t al., 2023) enables the encoding of temporal information,

Wang et al., 2023b; Shen et al., 2024), for improving the efit only applies to short video clips and inevitably yields a

cacy of LLM-based video comprehension and generationsubstantial proliferation of tokens (e.g., 1280 tokens for one
2.2s clip), resulting in a heavy computational overhead.

3. Method Motion-aware Video Decomposition Given the above
concerns, our proposed video tokenizer seeks to integrate

This work aims to present an effective pre-training frame}emporal dynamics into the video representations ef ciently.

work that harnesses the exceptional rT‘.Ode"”g capapility 0\Ne observe that a video clip captured in the same shot can
Large Language Models (LLMs) to facilitate the learning of convey its primary semantics through a single keyframe

video modality. In pursuit of this goal, we highlight two core . ;
SR . . . while the subsequent frames only illustrate the temporal
designs: a videtokenizer(Section 3.1) which allows for the .
evolvement based on that keyframe. This property empow-

representation of all modalities in a uni ed discrete form, . L
. . . ers the decomposed video tokenization for keyframe and
and a videaletokenize(Section 3.2) to map the generated .
temporal motion. For the keyframe, we employ an off-the-

discrete tokens back to the continuous pixel space. Cope . . : ) :
with these two main components, Video-LaVIT can be Ops elfimage tokenizer from LaVIT (Jin et al., 2024) to inherit

S . . . ~Mthe learned visual codebook and prior knowledge without
timized through a uni ed autoregressive training paradigm

(Section 3.3), enabling it to simultaneously comprehend anéralmng from scratch. For encodmg temporal motion infor-
generate various mulimodal content. mation, a common alternative is to calculate hand-crafted

dense optical ow between adjacent frames (Beauchemin &
Barron, 1995). Despite providing a ne-grained depiction
of object motions in videos, the expensive computations ren-
To encode an untrimmed video as inputs to LLMs, the preder it u_n§uitable for scaling to Iarge-spale video datq during
vailing approaches (Lin et al., 2023; Li et al., 2023d) mainly Pre-training. Hence, we resort to motion vectors, which can
uniformly downsample the original video into a series of be directly extracted at high speed on the CPU (Wu et al.,
frames. Then, a pre-trained ViT encoder (Radford et al.2018) during the compressed video decoding process.
2021; Fang et al., 2023) is employed to separately encodgs jjjystrated in Figure 2, we employ the MPEG-4 (Le Gall,
these frames and produce a sequence of frame-level €q491) compression technique to extract keyframe and mo-
beddings as the video representation. This straightforwarg,, information. For simplicity, the I-frames in MPEG-
way disregards the modeling of temporal dynamics betweey are considered as the keyframes requiring tokenization.
frames, thus impeding the capacity to understand the actiong ;e sophisticated (but expensive) keyframe selection

and camera transitions occurring in the video. While thegehemes can also be considered, but are not the main focus
utilization of 3D video encoders in very recent (Kondratyuk of this work. Formally, each video frame is partitioned into

3.1. Video Tokenization
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Figure 3.lllustrations for video detokenization in Video-LaVIT. (a) Training pipeline for the video detokenizer, which aims to reconstruct
the original video clip using one keyframe and the subsequent motion vectors. (b) Autoregressive inference for long video decoding.

16 16non-overlapping macroblocks. Motion vectersof ~ space before quantization and use exponential moving av-

thet-th frame are estimated by nding the best macroblockerage (EMA) updates. More details about the motion tok-

correspondence between adjacent frampesdl, ; : enizer can be found in Appendix A.1. Finally, a video is

tokenized into alternatinfvisual; motion; ::: i codes that
m(p;d) =argmin kle(p;d) 1 1(p ;4 j)k; (1)  serve as the supervision signals in LLMs during generative
! pre-training. Such a factorized tokenization signi cantly

wherel (p; g indicates the pixel values of the macroblock redgces the inte_r-frame redundancy i_n one video.shot while

at location(p; ¢), and(i; j ) is the coordinate offset between €f ciently capturing the temporal motion information.

the center of two macroblocks. Then, a video clip can be

decomposed into}:’:l kemzyframgz RH W 3andthe motion 3.2.Video Detokenization

T H W oo
vectorsM 2 R" I 3 <ofits subsequerll frames. The video detokenizer of Video-LaVIT is in charge of con-

Motion Vector Tokenization. To transform the motion verting them back into the original continuous pixel space
vectors into a sequence of discrete tokens like a foreigfor video generation. Considering the challenge in learning a
language, we develop a motion-speci ¢ tokenizer basedlirect mapping from discrete tokens to the high-dimensional
on the VQ-VAE architecture (van den Oord et al., 2017)video space, we take a sequential decoding strategy, wherein
It includes a spatiotemporal encoder, a learnable code- the keyframe is initially recovered based on the visual token.
book C = fccdf., , and a decodefrp. The encodef g The subsequent frames are then decoded by taking both the
hasL stacked transformer blocks consisting of spatial andkeyframe and motion tokens as the conditions. The ef cacy
temporal attention layers to fuse the contextual motion inef this strategy in enhancing video generation quality has
formation among th& frames. It maps the motion vectors also been validated by recent work (Girdhar et al., 2023).

M 2 RT i % 2into a 1D latent embedding sequence
72 2 RN 9. Each embedding vectdr 2 RY is then to-
kenized by a vector quantiz€, which assigns it to the
closest code irT:

Speci cally, the keyframe and video detokenizers both use
conditional denoising U-Net (Rombach et al., 2022). Simi-
lar to LaVIT (Jin et al., 2024), the keyframe U-Ngt takes

the reconstructed visual features that contain image seman-
tics as conditions to in Il visual details from a Gaussian
noise. Here, we primarily focus on the newly proposed
video detokenizegy . As illustrated in Figure 3(a), itis a
wherel; indicates the., normalization. The decodéb 3D variant of the original 2D U-Net architecture by inserting
has a similar structure to the encoder and is obliged to magsmporal convolution and attention layers after the spatial

the discrete motion codés; gL, back to the original mo-  modules, following Blattmann et al. (2023b; 2023a).
tion vectors. The whole motion tokenizer can be updated

by optimizing the reconstruction quality. To prevent code-Enhanced Motion Conditioning. The objective of the
book collapse during training, we follow Yu et al. (2022) to Video detokenizegy is to rigorously adhere to the guidance
project the motion embeddingsinto a low-dimensional  Of the motion vectors, thereby facilitating the recoveryfof

z = arg mjin Kl2(2)  12(g)ke; ¥
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frames following the keyframe. To this end, we highlight 3.3. Uni ed Generative Modeling
two different forms of motion conditions ig, . Given the . o
motion vectordl 2 RT 4 % 2 of a sampled video clip, Sased on the developed decomposed video tokenization
we adopt the nearest neighbor interpolation to ensure th rategy, it is feasible to indiscriminately treat all the modal-

it matches the spatial shape of the U-Net input. Also, thd'eS (video, image, and text) as 1D discrete tokens fed

latent statd’ of the keyframe from the VAE is repeatdd into LLMs. Following LaVIT (Jin et al., 2024), special

times along the temporal axis to form visual conditioningfOkens (e.g., [MOV] and [/MOV] for motion modality) are

The motion vectoM , the keyframe laterft, and the noisy mserted at the beginning gnd en.d pf the Vis‘!"?" ar_ld mo-
video frames are concatenated channel-wise as the ianf’n token sequence for_d_lfferentlatlng modalities in the
condition togy . Except for direct input conditioning, we Input data. During pre-training, we also exchange the order

also enhance conditioning with motion feature embeddingf :jnt;ltlmo%al d_ata pairs to _fornl bo[kndeo(mage)F; texq I
via the spatial and temporal cross-attention layers in th nd [text vided(imagg] as input sequences. ~Formally,

3D U-Net blocks. Here, the motion features are from aglven a lTu!tlmﬁdal sequenlge— (yl.’yzi 73 Ys), V|de(()j- i
conditioning encoder that has a similar architecturégo aVIT.|n erits the succe;sfu genergnye anguage modeling
excluding the downsample layer to reduce potential im‘or—p"’lradlgm from LLM to directly maximize the likelihood of
mation loss. The parameters of the video detokergger each tokery; in an autoregressive manner.

are updated by minimizing the following EDM training X )

objective (Karras et al., 2022) on a video training dat&set p(y) = logP (yijy<i ): (5)

ExoitM)D 5in ov(Xo+ nii IM) - Xoj ; After pre-training, Video-LaVIT is capable of serving as a
(3  multimodal generalist to achieve both multimodal compre-

where p( ) is the noise level during training hension and generation of data in any modality.

N (n;0; ?) is a random noise added to video sample .
Xo,and s loss weighting function. At inference, the Model Training. Video-LaVIT undergoes a three-stage

hvisual; motion i tokens yielded by LLM are rst mapped trﬁmlng procedfure ohn the Iarge—zcale multlnjoddal cofrg?lora. .
into visual features and motion vectors by their correspondI e purpose of each stage can be summarized as follows:

ing tokenizers. The reconstructed visual features are fell Tokenizer and Detokenizer Training. This stage requires

intog to generate a keyframe, which is subsequently Com(_)nly pure video data without corresponding textual cap-

bined with reconstructed motion vectors to serve as condfionS- It aims to produce compact video tokens that serve as
tions forgy to decode the video clip (See Figure 3(b)). supervision signals to guide the subsequent generative pre-
training, as well as to facilitate an accurate reconstruction

Long Video Decoding Since a video is expressed as multi- of the original videos. ii) Generative Pre-training. Stage-2
ple alternatingvisual; motion i sequences, the interdepen- empowers the model to learn the inter-correlation among the
dencies among different video fragments can be effectivelyiata of different modalities via uni ed generative modeling
learned by autoregressive pre-training of LLMs. Hencewithin the LLM. iii) Instruction Tuning. To fully unleash
Video-LaVIT naturally supports the generation of longerthe acquired knowledge, the last stage further improves the
videos by progressive decoding multiple clips. Howeverinstruction-following ability to accomplish various multi-
separate decoding will bring inconsistencies in some nemodal tasks. More details about the model architectures and

grained visual details among different clips (See Figure 5)raining data for each stage are provided in Appendix A.1.
To mitigate this, we incorporate an explicit noise constraint

when decoding the keyframie of a video clip. As illus- .
trated in Figure 3(b), we reverse its last fralme from the 4. Experiments
previously generated clip into an intermediate noisy state}.1. Multimodal Understanding

X 71 by reversing the DDIM sampling (Song et al., 2020) ] ) ) )
process T times. Each inversion step is formulated by: With the decomposed video representation, Video-LaVIT is

naturally capable of understanding both videos and images.
r r r Here, we demonstrate its multimodal understanding capa-

Lo+ 1 1 1 g(x;th; bility on 11 commonly used image and video benchmarks.
t t+1 t

Xt+1 =

(4)  Image Understanding Table 1 presents an extensive com-
where . is the noise level(*is the visual feature condition. parison across eight widely used image question answer-
The reversed noisy state t is then considered as the initial ing and multimodal benchmarks: VQA v2 (Goyal et al.,
noise in the denoising loop for keyfrarhe As illustrated 2017), GQA (Hudson & Manning, 2019), VizWiz (Gurari
in Figure 5, adding this noise constraint can improve theet al., 2018), ScienceQA-IMG (Lu et al., 2022), MME (Fu
temporal consistency between video clips. et al., 2023), MMBench (Liu et al., 2023e), SEED (Li et al.,
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Table 1.Image understanding performant¢ ¢n 8 benchmarks. Video-LaVIT achieves state-of-the-art results on most of the benchmarks.
For convenience, SJAlenotes ScienceQA-IMG (Lu et al., 2022), and MMB denotes MMBench (Liu et al., 2023e). * indicates that there
is some overlap with the training data. Note that only LLaVA-1.5 (Liu et al., 2023a) is reported with a higher image resolution of 336.
The Video-LLaVA, LLaMA-VID and LLaVA-1.5 use Vicuna-1.5 (Chiang et al., 2023) as the language model.

Method LLM size Image Question Answering Multimodal

VQAY? GQA VizWiz SQA MME MMB SEED MM-Vet
Flamingo (Alayrac et al., 2022) 9B 51.8 - 28.8 - - - - -
BLIP-2 (Li et al., 2023b) 13B 41.0 41.0 19.6 61.0 1293.8 - 46.4 22.4
InstructBLIP (Dai et al., 2023) 13B - 49.5 34.3 63.1 1212.8 44.0 - 25.6
CM3Leon (Yu et al., 2023a) 7B 47.6 - 37.6 - - - - -
Emu (Sun et al., 2024) 13B 52.0 - 34.2 - - - - 36.3
DreamLLM (Dong et al., 2024) 7B 72.9% - 49.3 - - 58.2 - 36.6
Video-LLaVA (Lin et al., 2023) 7B 74.7*  60.3* 48.1 66.4 - 60.9 - 32.0
LLaMA-VID (Li et al., 2023f) 7B 78.3*  63.0* 52.5 67.7 14056 65.3 59.7 -
LLaVA-1.5 (Liu et al., 2023a) 7B 78.5*  62.0* 50.0 66.8 1510.7 64.3 58.6 30.5
Video-LaVIT 7B 80.3 64.4& 56.0 70.0 1551.8 67.3 64.0 33.2

Table 2.Zero-shot video question answering accurdqy Yideo-LaVIT demonstrates state-of-the-art accuracy on all three benchmarks.
The evaluation uses a GPT assistant (Maaz et al., 2023), with “Score” denoting a relative score from 0 to 5 assigned by the GPT model.
The Video-LLaVA and LLaMA-VID both use Vicuna-1.5 (Chiang et al., 2023) as the language model.

Method LLM size MSVD-QA MSRVTT-QA ActivityNet-QA
Accuracy Score Accuracy Score Accuracy Score
FrozenBiLM (Yang et al., 2022) 1B 32.2 - 16.8 - 24.7 -
Video-LLaMA (Zhang et al., 2023) 7B 51.6 25 29.6 1.8 12.4 11
VideoChat (Li et al., 2023d) 7B 56.3 2.8 45.0 25 26.5 2.2
Video-ChatGPT (Maaz et al., 2023) 7B 64.9 3.3 49.3 2.8 35.2 2.7
LLaMA-VID (Li et al., 2023f) 7B 69.7 3.7 57.7 3.2 47.4 3.3
Video-LLaVA (Lin et al., 2023) 7B 70.7 3.9 59.2 3.5 45.3 3.3
Video-LaVIT 7B 73.2 3.9 59.3 3.3 50.1 3.3

2023a), MM-Vet (Yu et al., 2023b). Our model successfully Using the same 100k video-text instruction dataset from
generalizes the pre-training knowledge to image compre¥ideo-ChatGPT (Maaz et al., 2023) which is also adopted
hension tasks and provides the best overall performancky Video-LLaVA, our method outperforms these alternatives
Speci cally, with the same instruction dataset and the basdy explicitly modeling temporal dynamics with motion to-
model as LLaVA-1.5 (Liu et al., 2023a), our method consiskens. Especially for the ActivityNet-QA benchmark, which
tently yields the best results on all image question answeringontains various human behaviors, incorporating motion in-
datasets. For example on SQAt surpasses LLaVA-1.5 formation contributes to the recognition of different actions.
which has a higher input resolution by 3.2%, while con-For the only metric where our performance is not the best,
sistently outperforming the other video-language modelsiamely the relative score on MSRVTT-QA, we deliver a
The same advantages are further validated on more compigigh score only second to Video-LLaVA (by a margin of
hensive multimodal benchmarks, where our model leads 00.2), again con rming the effectiveness of our method.

three out of four benchmarks. Zero-Shot Video Understanding Besides the widely-

Zero-Shot Video Question Answering Table 2 compares used video question answering datasets, we also evaluated
our proposed Video-LaVIT with multiple recent video- Video-LaVIT on Perception Test (Patraucean et al., 2024)
language models on three common video benchmarksr EgoSchema (Mangalam et al., 2024). These two bench-
MSVD-QA (Chen & Dolan, 2011), MSRVTT-QA (Xu et al., marks aim to evaluate the understanding and reasoning ca-
2016) and ActivityNet-QA (Yu et al., 2019), in terms of pability of long-term videos, rather than exploiting the hal-
accuracy and relative score measured by a GPT-3.5 asslageination capabilities of LLMs. The detailed evaluation
tant (Maaz et al., 2023). We achieve state-of-the-art aaesults are shown in Table 3. On the Perception Test, Video-
curacies and very competitive relative scores on the threkaVIT delivers the highest zero-shot performance. Notably,
benchmarks, such as surpassing the previous leading modeéloutperforms VideoChat2 (Li et al., 2023e), which uses
Video-LLaVA (Lin et al., 2023) by 2.5% on MSVD-QA. 1.9M additional instruction tuning data (including videos)
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Table 3.Zero-shot understanding)(on the test set of Perception Test (Patraucean et al., 2024) and EgoSchema (Mangalam et al., 2024).

Method Flamingo (Alayrac et al., 2022)  BLIP-2 (Lietal., 2023c) VideoChat2 (Li et al., 2023e)  Video-LaVIT
Accuracy 335 39.2 47.3 47.9

Method FrozenBiLM (Yang et al., 2022) mPLUG-Owl (Ye etal., 2023) InternVideo (Wang et al., 2022)  Video-LaVIT
Accuracy 26.9 28.7 321 37.3

Table 4.Zero-shot text-to-video generation performance. Video-LaVIT delivers competitive results against state-of-the-art models trained
on more proprietary data, with data size reported in terms of the number of training video clips. The next best results are underlined.

Method Datasize Public data MSR-VTT UCF-101
CLIPSIM (") FVD®#) FID# IS(") FVD®#
CogVideo (Hong et al., 2023) 5.4M X 0.2631 1294 23,59 25.27 701.59
Video LDM (Blattmann et al., 2023b) 10M X 0.2929 - - 33.45 550.61
VideoComposer (Wang et al., 2023b) 10M X 0.2932 580 - - -
InternVid (Wang et al., 2024) 28M X 0.2951 - - 21.04 616.51
Make-A-Video (Singer et al., 2023) 20M X 0.3049 - 13.17 33.00 367.23
VideoPoet (Kondratyuk et al., 2023) 270M 0.3049 213 - 38.44  355.00
PYoCo (Ge et al., 2023) 22.5M - - 9.73 47.76 355.19
SVD (Blattmann et al., 2023a) 152M - - - - 242.02
Video-LaVIT 10M X 0.3012 188.36  11.27 44.26 280.57

to improve video understanding. In comparison, our adtext-to-video generators, our method consistently outscores
vantageous performance is achieved with the standard i©ogVideo (Hong et al., 2023), while surpassing the recent
structions from LLaVA-1.5 (Liu et al., 2023a) and Video- concurrent work VideoPoet (Kondratyuk et al., 2023), which
ChatGPT (Maaz et al., 2023) (amounting to 765K), demonuses a 3D video tokenizer trained on the much larger data.
strating the effectiveness of our proposed method. As folrhis clearly validates the superiority of our tokenizer design.
EgoSchema, which focuses on long video understandin

Video-LaVIT is able to analyze 16 keyframes (with the o . : :
motion vectors in between) spanning 64 seconds, there guantitative evaluation experiments for long video genera-

deliver better results. For example, it outperforms Intern- on, following the setting from FreeNoise (Qiu et al,, 2023).

Video (Wang et al., 2022), which uses up to 90 frames, bysgre]glr;?;g’ Lljtslii evt?]lgatf:n?né?fﬁ:ogga\{gf:ffe(rG(‘lL{LaQe;)
a signi cant 5.2% in zero-shot QA accuracy. This vali- 9 9 bromp !

dates the ef cacy of the visual-motional decomposition for2023d)' As shown in the table Table 5, our approach yields

. . : highly competitive performance among the specialists cu-
modeling long-term temporal information. : . . .
rated for long video generation. In particular, it surpasses

all baselines on the KVD metric, which measures the dis-
crepancy between short videos ( rst 16 frames) and subsets
By uni ed generative pre-training, Video-LaVIT can exi- Of long videos (last 16 frames). These results con rm the
bly generate both video and images. Due to page limitationgffectiveness of our proposed long video decoding strategy
we present here its text-to-video generation results, whilaith explicit noise constraint.

the text-to-image evaluation is discussed in Appendix B.1.

%ero-Shot Long Video Generation We also conducted

4.2. Multimodal Generation

) . . 4.3. Qualitative Results
Zero-Shot Text-to-Video Generation Table 4 summarizes Q

the model performance on MSR-VTT (Xu et al., 2016) andThis section compares videos created by Video-LaVIT with
UCF-101 (Soomro et al., 2012), in terms of CLIP similar- state-of-the-art results under both text and image conditions.
ity (CLIPSIM) (Wu et al., 2021), Fechet video distance It also presents our special ability to generate long videos.
(FVD) (Unterthiner et al., 2018), Echet Inception distance More visualization examples are provided in Appendix B.1.
(FID) (Heusel etal., 2017), and Ingeptmn score (IS) (SaltOThe text-to-video and image-to-video generation results are
et al., 2020). Overall, our model signi cantly outperforms . ! o . i

/ ) o . ..~ visualized in Figure 4. For text-to-video generation, our
most baselines using similar public datasets, and is highl

- . . ‘method can produce visual quality not much far from the
competitive against models trained on much larger PTOPIiz, Jcad-source model Gen-2 (Runaway, 2023), thanks to the
etary data, for example leading the FVD on MSR-VTT. Y, '

. ni ed pre-training framework with images. Meanwhile,
In particular, when compared to language model—base@. : . .
ideo-LaVIT is advantageous in reasoning abilities, such as
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A majestic eagle soars gracefully over a breathtaking A steam train moving on a mountainside by
mountain range. Vincent van Gogh.
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Figure 4.Text-to-video (top) and image-to-video (bottom) generation comparison with Gen-2 (Runaway, 2023) and SVD-XT (Blattmann
et al., 2023a). Text prompts are from Emu Video (Girdhar et al., 2023) and SVD. The 12V generation is conditioned on the leftmost frame.

inferring better motion (in the top-left example) and addingTable 5.Zero-shot text-to-long video generation performance. It
artistic touches based on the text prompt (as in both casedj evaluated on 2048 long videos (64 frames) generated using the
For image-to-video generation, our method is comparabl@©mpts from EvalCrafter (Liu et al., 2023d).

to the state-of-the-art model SVD (Blattmann et al., 2023a)

in generating both coherent and highly aesthetic video clips Method FVD @) KVD(#) CLIPSIM (")
(the bottom-left example). In addition, the decomposed pirect 73761  359.11 0.9104
video representation enables the video decoder to produceélidinl_gvCI w y 2?‘;.7523 4421-1086 0-09;1330
H H. H : H en-L-Vvideo angeta. . . .
mort(;s?he_nt and vivid n:o;/r?mt;anttts glvefnr{at relatlvelly difcult 2 cNoise (Qiu etal) 8583 6.07 09732
synthetic image prompt (the bottom-right example). Video-LaVIT 11337  4.94 0.9621

Furthermore, our autoregressive model can be naturally
extended to long video generation, as shown in Figure gnotion tokens. Most existing methods use a similar strategy
Thanks to the proposed explicit noise constraint when dd© encode video content fed into the LLM. As observed
coding consecutive video clips, the temporal consistency? Table 6, the question-answering accuracy decreases with-
between decoded clips is greatly improved. In contrasut explicitly modeling temporal information. For the video
decoding each video clip separately will result in the in-Synthesis, the w/o motion baseline divides the text-to-video
coherence of ne-grained visual details among the vided®rocess into two separate stages: text-to-image and image-

frames of different clips (See the bottom of Figure 5).  to-video. Speci cally, given a textual prompt, we generate
only a keyframe (without producing motion tokens) and

4.4. Ablation Study then feed this keyframe into the image-to-video generation
model svd-img2vid-xt (Blattmann et al., 2023a) to synthe-
This section investigates the impact of motion tokenizationsize the nal video. Since svd-img2vid-xt takes only an
and different motion token lengths. Due to limited spaceimage as condition, the video generation process of this
the ablation for proposed enhanced motion conditioninghaseline lacks temporal motion as guidance. In comparison,
strategy is provided in Appendix B.1. our model can generate text-related motion tokens and thus

Effect of Motion Tokenization. We design two baselines generate more accurate video content following the prompt.

to validate the effectiveness of motion tokenization in videoEffect of Token Length. We also explore the in uence

pre-training. For video understanding, the w/o motion in Ta-of different motion token lengths when encoding temporal
ble 6 indicates the independent tokenization of 16 uniformlymotion information. The detailed results are reported in Ta-
sampled video frames by the 2D visual encoder without anyle 7. It can be observed that a very small number suf ce

8
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Figure 5.Long video generation example with 360 shot of a sleek yacht sailing gracefully through the crystal-clear waters of the
Caribbean”. The top two rows use the noise constraint in Equation (4) to improve temporal consistency, while the bottom row does not.

Table 6.Ablation of proposed motion tokenization strategy in zero-Table 7.Ablation of the number of motion tokens (denotedNby

shot video understanding (left) and generation (right). in zero-shot video understanding (left) and generation (right).
Method MSVD ActivityNet UCF-101 Method MSVD  ActivityNet UCF-101
Accuracy Accuracy IS') FVD®# Accuracy  Accuracy IS') FVD (#)
w/o motion 67.3 47.4 29.56  442.80 N =256 69.2 48.8 37.57 281.24
w/ motion 73.2 50.1 4426  280.57 N =135 73.2 50.1 44.26  280.57

to yield high understanding and generation performancdully. Some well-known problems include hallucination in
More token numbers may lead to representation redundangyultimodal understanding and exploitation to create mis-
and bring more duplicate motion token IDs when encodingnformation through personalized generation. The model
videos without obvious motions, rendering the next-tokencould also produce harmful responses due to inherent data
prediction learning paradigm of LLM less effective. Using bias and lack of alignment procedures.

fewer motion tokens also allows for more video clips as
input conditions under the same context length of LLM,
which is useful for long video understanding.

One positive aspect we'd like to highlight is that, unlike
many generation methods compared, this model is fully
trained withpublic datasets. This allows the research com-
munity to correct for bias and harmful content in the training
5. Conclusion data. We hope that such a practice will help address impor-

. . i . tant safety and alignment issues in multimodal models.
This paper introduces Video-LaVIT, a multimodal genera- y g

tive pre-training method that empowers LLMs with uni ed
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A. Experimental Settings
A.1. Model Implementation Details

Video Tokenizer We employ the off-the-shelf visual tokenizer from LaVIT (Jin et al., 2024) to transform the video keyframe

into 90 visual tokens on average, which follows most existing MLLMs to utilize the ViT-G/14 of EVA-CLIP (Fang et al.,
2023) as the visual encoder. The visual codebook size is set to 16384. Please refer to the original paper for more details.
During training and inference, images and keyframes are resized toZ2ZZ4resolution as input.

As for motion tokenization, we downsample the original videos at 6 fps and then take 24 consecutive frames as a video clip
to compute the motion vectdd . It is further divided by the width and height of the corresponding video to normalize the
value within the range df 1; 1]. Before feeding into the motion tokenizer, the motion vedfiois resized to a resolution

of 20 36, resulting in the nal input tensor shape beiBg 24 20 36 2. The encodefg and decodef in our

motion tokenizer both have = 12 transformer blocks with 512 hidden states and 8 attention heads. Each block consists of
spatial, temporal attention, and feed-forward layers. Before the attention computation, the motion input is reshaped into
[(BT) (HW) DJland[(BHW ) T D]forthe spatial and temporal layers, respectively. We insert the spatial or
temporal downsampling layers after f86; 9; 12] encoder blocks to reduce the dimension of motion embeddings, which

will then be quantized into 138( 9 5) discrete motion tokens. The decoder includes symmetrical upsampling layers

to recover the original input motion vector during training. The size of learned motion codebook is set to 1024. To improve
the training stability of the motion codebook, we leverage exponential moving average (EMA) updates with a weight of
0:995. Before quantization, the motion embeddings are projected into a low-dimensional space (dim=32) to improve the
codebook usage, following the experience of Yu et al. (2022).

Video DetokenizerDuring training of the video detokenizer, we randomly sampled 24 consecutive frames from videos
downsampled at 6 fps. The motion conditioning encoder has the same transformer architecture (12 bigcleXcapt that

the downsample layers are removed to keep the same temporal dimension with the input video frames. This strategy reduces
the compression of motion information during encoding and provides explicit guidance for each frame to be denoised
in the 3D U-Net. The detailed architecture of the 3D U-Net employed follows the same implementations as Blattmann
et al. (2023b; 2023a). During the EDM-preconditioning optimization for the detokenizer, the distributaan ofs set

to N (1:0; 1:2%) to encourage a higher noise level, which is found effective for the high-resolution generation (Girdhar
et al., 2023). We train the motion conditioning encoder, the input encoding layer, and all the cross-attention layers in the
3D U-Net from scratch and initialize the other weights from the SVD img2vid-xt (Blattmann et al., 2023a). To reduce
the computational complexity, the detokenizer is rst trained with a resolution 3884 for 50k steps, and then further
ne-tuned at two types of resolutions: 768768 or 1024 576 for another 10k steps.

Language ModelWe utilize Llama 2 7B (Touvron et al., 2023b) as the default large language model for the generative

pre-training. The weight of the language model is initialized from LaVIT (Jin et al., 2024) to preserve the learned visual

prior knowledge to support the comprehension and generation for the image domain. During pre-training, we mix the
image-text, video-text pairs, and textual data in one batch to form the nal multimodal input sequence.

A.2. Pre-training Data

The training dataset used by Video-LaVIT only consists of publicly available image and video datasets. In the following, we
present a detailed elaboration of the dataset usage at each training stage.

Stage 1:The video tokenizer and detokenizer are trained on the WebVid-10M (Bain et al., 2021), which is an open-source
video-text dataset containing 10 million video-text pairs scraped from the stock footage sites. Since both our tokenizer
and detokenizer do not rely on textual data, we only employ pure video data at this stage. Due to the common watermarks
in WebVid-10M, during the training of the video detokenizer, we incorporate a subset of InterVid-14M-aesthetics (Wang

et al., 2024) to remove watermarks in the generated videos. It has also been shown useful in PixelDance (Zeng et al., 2023).
Speci cally, we rst select a subset of 4s—10s video clips with the highest aesthetic scores and then follow SVD (Blattmann
etal., 2023a) in applying CRAFT (Baek et al., 2019) to Iter out those videos with unwanted written text. The result contains
about 300k publicly available video clipBloting that the 300k video subset is only used during the training of the

video detokenizer to improve the aesthetics of the generated videos, the results reported in all the experiments are

tested on the checkpoint that uses only the WebVid-10M dataset.

Stage 2: The language model is pre-trained on a mixture of video, image and text data, including WebVid-10M (Bain
et al., 2021); 93M samples from Conceptual Caption (Sharma et al., 2018; Changpinyo et al., 2021), SBU (Ordonez et al.,
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2011), and BLIP-Cap It (Li et al., 2022). Moreover, we also employ the English text corpus from RedPajama (Together
Computer, 2023), which is open-source data like the original one to train LLaMA from scratch. The purpose of including the
English text corpus during pre-training is to preserve the already learned language understanding ability of LLM (e.qg., the
performance on linguistic benchmarks like MMLU (Hendrycks et al., 2021)) while acquiring good multimodal capabilities.

Stage 3:For a fair comparison, we employ the same instruction tuning dataset as the existing works (Lin et al., 2023; Li
et al., 2023f) during this stage. It includes a 665k image-text instruction dataset from LLaVA v1.5 (Liu et al., 2023a) and a
100k video-text instruction dataset from Video-ChatGPT (Maaz et al., 2023). All the understanding results are tested by the
model trained after Stage 3.

A.3. Training Settings

The detailed training hyper-parameter settings for the video tokenizer, detokenizer, and language model in Video-LaVIT are
reported in Table 8. We adopt the same instruction tuning setting as LLaVA v1.5 (Liu et al., 2023a).

Con guration Language Model Tokenizer Detokenizer
LLM init LaVIT-7B - -
Optimizer AdamWwW AdamwW AdamwW
Optimizer Hyperparameters 1=0:9, ,=0:95 =1le® 1=0:9, ,=0:99 =1le®
Global batch size 2048 512 128
Peak learning rate of LLM 2e-5 - -

Peak learning rate of other Part 5e-5 le-4 5e-5
Learning rate schedule Cosine Cosine Cosine
Training Steps 30K 100K 60K
Warm-up steps 2k 5K 3K
Weight decay 0.1 0.001 0.001
Gradient clipping 1.0 1.0 1.0

Input sequence to LLM 2048 - -
Numerical precision b oatl6 b oatl6 b oat16
GPU Usage 128 NVIDIA A100 64 NVIDIA A100 64 NVIDIA A100
Framework Megatron DeepSpeed DeepSpeed
Training Time 60h 10h 48h

Table 8.The detailed training hyperparameters of Video-LaVIT

A.4. Evaluation

Image Understandingis evaluated using eight popular image question answering and multimodal benchmarks: VQA
v2 (Goyal et al., 2017), GQA (Hudson & Manning, 2019), VizWiz (Gurari et al., 2018), ScienceQA-IMG (Lu et al.,
2022), MME (Fu et al., 2023), MMBench (Liu et al., 2023e), SEED (Li et al., 2023a), MM-Vet (Yu et al., 2023b). For
question-answering datasets, we use the same prompts as in LLaVA-1.5 (Liu et al., 2023a), and adopt the widely used VQA
accuracy as the evaluation metric.

Video Question Answering Three common datasets are considered: MSVD-QA (Chen & Dolan, 2011), MSRVTT-QA (Xu
et al., 2016) and ActivityNet-QA (Yu et al., 2019). To assess model accuracy, a GPT-3.5 assistant (Maaz et al., 2023) is
employed, which also produces outputs a relative score ranging from 0 to 5.

Text-to-Image Generation We adopt the validation set of MS-COCO (Lin et al., 2014) and randomly select 30K samples.
The quality of the generated images is evaluated leglet Inception distance (FID) (Heusel et al., 2017), which computes
its Frechet distance to the ground truth in the feature space of a pre-trained Inception V3 model.

Text-to-Video Generationis measured on MSR-VTT (Xu et al., 2016) and UCF-101 (Soomro et al., 2012). For MSR-VTT,

we use all 2990 videos and sample one caption for each video, resulting in 2990 video-text pairs; for UCF-101, we sample
20 videos per class and follow PYoCo (Ge et al., 2023) to curate prompts for each class, producing 2020 video-text pairs.
Their evaluation metrics are detailed below.

e CLIP similarity (CLIPSIM) (Wu et al., 2021) measures the semantic similarity between video-text pairs. We follow
Phenaki (Villegas et al., 2023) and VideoPoet (Kondratyuk et al., 2023) in using a ViT-B/16 (Radford et al., 2021)
to compute CLIP scores between 2224 sized video frames and their corresponding captions. The nal score is
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averaged over all generated video frames.

» Fréchet video distance (FVD) (Unterthiner et al., 2018) evaluates #ehEt distance between generated and real videos
in the feature space of an 13D action classi cation model (Carreira & Zisserman, 2017) pre-trained on Kinetics-400 (Kay
etal., 2017).

¢ Fréchet Inception distance (FID) (Heusel et al., 2017) measures &ebéirdistance between generated and real video
frames. Following PYoCo (Ge et al., 2023), we use a ViT-B/32 model (sinkiemi et al., 2023) to extract the frame
features. The nal result is averaged over all video frames.

« Inception score (IS) (Saito et al., 2020) evaluates the distribution of our generated video frames. We employ a C3D
model (Tran et al., 2015) ne-tuned on UCF-101 to calculate a video version of the inception score. The model takes
the central 16 frames of each video as the input.

Note that there are slight variations in the evaluation protocols of different papers. We have sought to keep our protocol the
same as or similar to most of the top-ranked methods.

B. Additional Results
B.1. Multimodal Generation

This section provides additional qualitative results and an ablation study to demonstrate the effectiveness of our design for
multimodal generation, complementing the existing comparisons in the main paper.

Text-to-Image Generation Figure 6 illustrates the comparison of text-to-image generation between Video-LaVIT and
SDXL (Podell et al., 2024). Overall, our method achieves competitive visual quality while having better language
understanding and reasoning capabilities. For example, in the top-left case of a young woman in front of a UFO, our method
produces highly aesthetic headshots of the woman, while capturing the detail of “sharp focus” in the text prompt. And in the
bottom-left example of apple painting, our model successfully infers from the prompt “neither is red and both are green” to
draw two green apples, thanks to the better logical reasoning ability of the LLM-based generation approach we adopted.

Text-to-Video Generation Figure 7 compares Video-LaVIT to a closed-source model Gen-2 (Runaway, 2023). As can be
seen, our model produces high-quality videos that are generally comparable to Gen-2, which is especially evident in the last
two examples where it successfully captures details such as "moss and many owers” and "autumn” in the text prompt
and yields very similar results to Gen-2. Moreover, the rst two comparisons demonstrate a favorable prompt following
ability of our model. In the rst case with the keyword “running”, our model produces signi cant camera motion toward
the cabin, while the movement in Gen-2 is relatively nuanced. In the second case, our model correctly displays multiple
“pirate ships” as the prompt speci ed, with artistic details such as all the ships being on re, according to the implication of
“intense battle”. These results support the bene ts of uni ed video-language pre-training in prompt following capabilities.

Image-to-video generation Figure 8 presents a comparison of Video-LaVIT with the open-source model SVD (Blattmann

et al., 2023a), both conditioned on synthetic image prompts. Moving to some unseen test cases, our method produces video
clips featuring both natural and re ned motions, thanks to the decomposed video representation that can better transfer
motion-related knowledge to new visual inputs. For example, in the middle case, our generated goat smoothly lowers
its head and blinks as if it were a human to think, while the goat in the video produced by SVD hardly moved. In the
bottom case, where the image prompt shows a teddy is riding a motorcycle, our generated full video looks very natural
and similar to a human riding a motorcycle, while SVD constantly produces a scenario where the motorcycle is moving a
different direction from where its tire is pointing (which is physically wrong). Overall, our model demonstrates superior
image-to-video generation performance with the inclusion of decoupled visual-motion tokenization and LLM pre-training.

Long Video Generationis showcased in Figure 9. By explicitly constraining the noise when decoding successive video
clips, our model can provide a high temporal consistency during long video generation. For example, in the rst two
cases, the dog and the jeep car maintain the same identity across different clips with highly coherent visual details. In the
last example which features large camera movement, the moving trajectory remains consistent as it approaches the cabin
according to the text prompt. These examples all illustrate our reasonably good quality of long video generation. Note that
all the generated videos are providedhtips://video-lavit.github.io

The Effect of Enhanced Motion Conditioning. To rigorously reconstruct original video content, we employ the enhanced
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Table 9.The impact of incorporating motion tokens on image comprehension.

Method VQAv2 GQA VizWiz SQA MME MMB SEED MM-Vet
w/o motion 80.0 63.7 544 715 1533.2 675 64.7 34.5
w motion 80.3 64.4 56.0 70.0 15518 67.3 64.0 33.2

Table 10.The impact of svd-img2vid-xt weight initialization on text-to-video generation.

Method MSR-VTT UCF-101
CLIPSIM(") FVD@# FID®# IS(") FVD®)
w/ svd-img2vid-xt 0.3010 16951 11.80 37.96 274.96

w/o svd-img2vid-xt 0.3012 188.36  11.27  44.26 280.57

conditioning: motion input condition and motion feature condition for training the 3D video WNetVe illustrate the

effect of proposed enhanced motion conditioning (EMC) strategy on video decoding in Figure 10. The variant “w/o EMC”
only leverages motion vectors as the input condition. Compared with using EMC, it is incapable of recovering the motion of
original input videos. For example, the “train” and “ sh” barely moved in the shown video samples, which demonstrates the
effectiveness of our proposed conditioning strategy.

B.2. Multimodal Understanding

This section presents qualitative results of Video-LaVIT for image and video understanding. First, Table 11 showcases our
performance in image question answering using the famous test example from GPT-4 (OpenAl, 2023a). As can be seen, our
model produces a reasonable answer with a good number of correct details (e.g. the type of the vehicle being SUV) and
even a friendly safety warning. In comparison, one of the recent multimodal LLMs, LLaVA (Liu et al., 2023b), produces a
roughly correct answer with some inaccurate detail (mistaking the vehicle type as “minivan or van”).

For video question answering, Tables 12 and 13 compares our method to Video-LLaVA (Lin et al., 2023) and Video-
ChatGPT (Maaz et al., 2023) based on the video clips from Video-ChatGPT. In the rst example of Table 12 which asks to
explain why a video is funny, our model yields the most concise answer among the video-language models compared, and at
the same time contains a salient point that the other models failed to mention. The next example in Table 12, on the other
hand, shows that our method produces fewer hallucinations than Video-LLaVA and Video-ChatGPT, as the latter two models
tend to generate overly detailed action descriptions that have no basis in the video. And lastly, in the example of Table 13,
our model follows the instruction prompt by producing a beautiful fairy tale with both conciseness and a moral lesson (“love
can conquer all”). To summarize, our method demonstrates reasonably good multimodal understanding capabilities across
different test cases, in line with the previous quantitative comparison on multiple benchmarks.

B.3. Ablation Studies

Impact of Motion Tokens on Image Comprehension Video-LaVIT indiscriminately treat all the modalities (video, image,

and text) as 1D discrete tokens fed into LLMs. The impact of incorporating motion tokens on image comprehension is

reported in Table 9. As observed, including motion tokens hardly affects the understanding performance of the image,
which demonstrated the effectiveness of the proposed decoupled visual-motional tokenization. Video-LaVIT is capable of
modeling video, image, and text data in a uni ed framework.

Impact of Weight Initialization . We re-trained the detokenizer of Video-LaVIT from scratch without svd-img2vid-

xt initialization on the WebVid-10M dataset and found that our model can still achieve comparable video generation
performance. The detailed text-to-video generation results are reported in Table 10. As observed, training the detokenizer
from scratch had little impact on the nal results.

C. Limitations

Our proposed model cannot generate very long videos due to its limited context window (4096) and dataset restriction. This
work only used the public WebVid-10M as the video pre-training data. In WebVid, the video durations are relatively short
(about 15s on average) and the video scenes barely change, which results in our model generating similar keyframes in
different clips. On the other hand, a general concern is that our training cost is still too high to scale to web-scale video data,
which may require further optimization through joint exploitation of spatial and temporal redundancies in video.
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Figure 6.Text-to-image generation comparison with SDXL (Podell et al., 2024). Prompts are from SDXL, CM3Leon (Aghajanyan et al.,
2022), Imagen (Saharia et al., 2022), VideoPoet (Kondratyuk et al., 2023), LMD (Lian et al., 2023), and LayoutGPT (Feng et al., 2024).
Our model provides comparable visual quality while showing better logical and spatial reasoning abilities (see the last two cases).
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