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Abstract

In recent years, there has been a significant surge of inter-
est in unifying image comprehension and generation within
Large Language Models (LLMs). This growing interest
has prompted us to explore extending this unification to
videos. The core challenge lies in developing a versatile
video tokenizer that captures both the spatial characteristics
and temporal dynamics of videos to obtain representations
for LLMs, and the representations can be further decoded
into realistic video clips to enable video generation. In
this work, we introduce Divot, a Diffusion-Powered Video
Tokenizer, which leverages the diffusion process for self-
supervised video representation learning. We posit that if
a video diffusion model can effectively de-noise video clips
by taking the features of a video tokenizer as the condi-
tion, then the tokenizer has successfully captured robust
spatial and temporal information. Additionally, the video
diffusion model inherently functions as a de-tokenizer, de-
coding videos from their representations. Building upon the
Divot tokenizer, we present Divot-LLM through video-to-text
autoregression and text-to-video generation by modeling
the distributions of continuous-valued Divot features with
a Gaussian Mixture Model. Experimental results demon-
strate that our diffusion-based video tokenizer, when inte-
grated with a pre-trained LLM, achieves competitive perfor-
mance across various video comprehension and generation
benchmarks. The instruction tuned Divot-LLM also excels
in video storytelling, generating interleaved narratives and
corresponding videos. Models and codes are available at
https://github.com/TencentARC/Divot.

1. Introduction
In recent years, the rapid evolution of Multimodal Large Lan-
guage Models (MLLMs) [12, 15–17, 55–57, 77, 86, 91, 93]
has demonstrated significant progresses in unified image
understanding and generation, which empowers LLMs [6,
11, 60] with the ability to generate images beyond texts.
While these work primarily focus on image-text data, the
extension of this unification to the video domain remains
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Figure 1. We utilize the diffusion procedure to learn a video tok-
enizer in a self-supervised manner for unified comprehension and
generation, where the spatiotemporal representations serve as the
condition of a diffusion model to de-noise video clips. Additionally,
the proxy diffusion model functions as a de-tokenizer to decode
realistic video clips from the video representations.

relatively under-explored. Achieving unified video compre-
hension and generation is essential for the development of
more sophisticated artificial intelligence (AI) systems that
are capable of understanding and creating dynamic visual
content in the real world.

The primary challenge of achieving unified video compre-
hension and generation lies in developing a versatile video
tokenizer that can effectively address the complexities inher-
ent in video data. This tokenizer should be able to obtain
robust video representations that serve as inputs of MLLMs
for video comprehension, and these representations can be
further decoded into realistic video clips to enable video gen-
eration. Unlike static images, videos encompass both spatial
characteristics and temporal dynamics, making their repre-
sentation significantly more complex. Recent pioneering
work [26, 40, 74] adopt a discrete video tokenizer for uni-
fying video comprehension and generation, where a video
is represented as a sequence of discrete frame tokens, or
keyframe tokens followed by discrete motion tokens. This
approach eases video generation with a LLM through an au-
toregressive next-token prediction mechanism, but sacrifices
the performance of multimodal understanding, as pointed
out by recent work [77]. In this work, we aim to investigate
an alternative approach by utilizing continuous video repre-
sentations to unify video comprehension and generation.

To this end, we introduce Divot, a Diffusion-Powered
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Video Tokenizer that leverages the diffusion process [50]
for self-supervised video representation learning as shown
in Fig. 1. The core premise is that if a diffusion model can
effectively predict the noise added to the Variational Autoen-
coder (VAE) latents [28] of video clips, when conditioned on
the features produced by the video tokenizer, it demonstrates
that the tokenizer has successfully captured robust spatial
and temporal information inherent in the video data. This
capability is crucial for representing the intricate dynamics
present in videos. Furthermore, in addition to being a proxy
module for learning the tokenizer, the diffusion model can
act as a de-tokenizer to effectively decode realistic videos
from their learned representations. This dual functionality fa-
cilitates a seamless integration of understanding and creating
video content within a LLM.

Specifically, the Divot tokenizer is composed of a pre-
trained Vision Transformer (ViT) encoder [13], a Spatial-
Temporal transformer, and a Perceiver Resampler [1] to
obtain video representations from video frames sampled at
low frame rate (fps) considering the semantic redundancy
between adjacent frames. The video representations serve
as the condition of a pre-trained video diffusion model, Dy-
namiCrafter [78] (without the concatenation of a conditional
image with initial noise), to predict the noise added to the
VAE latents of video frames. After training, the video dif-
fusion model can generate realistic video clips from noise
by taking the video representations provided by the Divot
tokenizer as the condition.

We further present Divot-LLM by equipping the pre-
trained Mistral-7B1 [24] with the Divot tokenizer. Divot-
LLM is pre-trained with a next-word prediction objective
on video-caption data by taking the spatiotemporal represen-
tations as inputs for video comprehension. The challenge
then arises in modeling the continuous video representations
with the LLM for video generation. We empirically find that
simply minimizing the distance between the LLM output and
video representations using mean squared error (MSE) loss
achieves unsatisfactory results, since the deterministic regres-
sion regularizes the LLM to learn overly averaged features
of videos. To address this, inspired by recent work [33], we
shift our focus from deterministic modeling to probabilistic
modeling by modeling the distributions of video features
with a Gaussian Mixture Model (GMM). Specifically, we
train the LLM to predict GMM parameters, including means,
variances, and mixture probabilities through minimizing the
discrepancy between the predicted GMM distribution and the
actual video representations using negative log-likelihood
(NLL) loss. During inference, we draw samples from the
predicted GMM distribution as the condition of the video
de-tokenizer to decode video clips.

1We do not explore more advanced LLMs because we want to ensure
that our superiority stems from the improved visual representations, rather
than from the capabilities of a more sophisticated foundation model.

We benchmark Divot-LLM on a broad range of video
comprehension tasks and zero-shot video generation, achiev-
ing competitive performance through pre-training on 5 mil-
lion video-text pairs. By leveraging the generality of the
video tokenizer, our Divot-LLM also enables video story-
telling, which generates interleaved narratives and corre-
sponding videos that are temporally coherent through fine-
tuning on a specific animation dataset.

Our contributions are three-fold. (1) We introduce Divot,
an advanced video tokenizer that leverages a diffusion proce-
dure for self-supervised video representation learning, aim-
ing to unify video comprehension and generation. (2) We
present Divot-LLM, composed of a pre-trained LLM and
the Divot tokenizer to enable understanding and generating
video content within a single framework. We investigate
effective approaches for fitting continuous video representa-
tions using the LLM with probabilistic modeling for video
generation. (3) We conduct extensive experiments to demon-
strate Divot-LLM’s competitive performance on existing
video comprehension and generation benchmarks, as well as
video storytelling. All models and code are released.

2. Related Work

MLLMs for Comprehension and Generation. With the
rapid development of Multimodal Large Language Mod-
els (MLLM), recent studies have been working on unified
MLLMs [12, 15–17, 25, 26, 36, 40, 41, 54, 55, 57, 67, 72–
74, 77, 83, 84, 86, 89, 91, 93] that are capable of multimodal
comprehension and generation. To empower LLMs with the
capability to generate visual content, existing work primar-
ily employs the following three approaches: (1) utilizing a
pre-trained stable diffusion model to generate images condi-
tioned on LLM output (either continuous features or discrete
tokens); (2) employing a Vector Quantized (VQ) [63] based
decoder to generate visual content from the discrete codes
predicted by LLMs; (3) using LLMs to de-noise Gaussian
noise through a diffusion process. While most work predom-
inantly focus on the unification of images and texts, some
pioneering studies [26, 40, 67, 74] further advance the inte-
gration of video comprehension and generation within an
LLM through generating videos from discrete codes using
a VQ-based decoder, which falls into the second approach.
In this work, we adopt the first approach, which involves
leveraging a diffusion model to achieve unified video under-
standing and generation from continuous representations.

Video Tokenizer in MLLMs. Previous work on video
generation with LLMs predominantly employs a discrete
video tokenizer to convert video signals into a sequence
of quantized tokens. For example, LWM [40] and VILA-
U [74] utilize a frame-level tokenizer to discretize each frame
into a sequence of codes. VideoPoet [29], Loong [69] and
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Figure 2. Overview of Divot tokenization and de-tokenization. During training, sparsely sampled video frames are fed into the tokenizer
to obtain spatiotemporal representations. These representations serve as the conditions for a U-Net, which is trained to de-noise the noisy
VAE latents of densely sampled video frames. During inference, the video representations from the Divot tokenizer can be decoded into
realistic video clips with the U-Net.

Emu3 [67] leverage a 3D CNN architecture, where the en-
coded spatial-temporal features are quantized into discrete to-
kens. Video-LaVIT [26] represents video clips as a keyframe
followed by extracted motion vectors, obtaining the respec-
tive discrete codes. By converting continuous visual signals
into discrete tokens, the original next-token prediction mech-
anism can be adopted to facilitate video generation with an
LLM. However, recent work [77] observes a significant per-
formance degradation in multimodal comprehension tasks
when discrete representations are used instead of continuous
representations. In this work, we introduce a video tokenizer
with continuous representations through leveraging the diffu-
sion [50] procedure, enabling it to be effectively integrated
with a LLM for unified comprehension and generation.

Diffusion for Representation Learning. The diffusion
process has been explored as a criterion for representation
learning. Some works [3, 75, 80, 90] leverage the interme-
diate activations of pre-trained diffusion models for down-
stream tasks including classification, segmentation and depth
estimation. Other works [23, 65, 70] employ the diffusion
model as a proxy module for self-supervised learning, where
noisy inputs are de-noised by conditioning on the image
representations. This approach encourages the emergence
of informative representations that capture key properties
and semantics of the images. In this work, to the best of our
knowledge, we for the first time leverage diffusion for video
representation learning, where a video diffusion model is
trained to de-noise video clips through taking the spatiotem-
poral representations as conditions, thereby encouraging the
capture of spatial characteristics and temporal dynamics.

3. Method

3.1. Divot Tokenizer
We introduce Divot, a diffusion-powered tokenizer that lever-
age diffusion procedure for video representation learning.

Divot-LLM
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Figure 3. Overview of Divot-LLM. Video features from the Divot
tokenizer are fed into the LLM to perform next-word prediction
for video comprehension, while learnable queries are input into the
LLM to model the distributions of Divot features using a Gaussian
Mixture Model (GMM) for video generation. During inference,
video features are sampled from the predicted GMM distribution to
decode videos using the de-tokenizer.

Additionally, the proxy diffusion model used for training
the tokenizer can serve as a de-tokenizer to decode realistic
video clips from their spatiotemporal representations.

3.1.1. Preliminary: Video Diffusion Model.
Diffusion models [20, 50] learns to model a probability dis-
tribution by reversing a process that progressively adds noise
to the data. Specifically, given data x0 ∼ p(x), the forward
process gradually adds random Gaussian noise ϵt ∈ N (0, I)
to the data sample x0 with a total of T timesteps to yield
xt through a parameterization trick. The denoising process
predicts ϵt in the forward diffusion process with a denoising
network ϵθ (xt, t), which is trained by the objective below,

min
θ

Et,x∼p,ϵ∼N (0,I)∥ϵ− ϵθ (xt, t) ∥22, (1)

where ϵ is the sampled Gaussian noise and θ indicates the
parameters of the denoising network. During inference, we
can perform iterative denoising from a random Gaussian
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Figure 4. Paradigms for modeling video representations from the Divot tokenizer with a LLM for video generation. (a) MSE Regression,
where the LLM output is trained to minimize its distance with video features using Mean Squared Error (MSE) loss; (b) Diffusion Modeling,
where the LLM output is fed into a denoising network as the condition to predict the noise added to video features; (c) GMM Modeling,
where the LLM output is trained to predict the parameters of a Gaussian Mixture Model (GMM) for modeling video feature distributions.

noise for the denoised data x0

For video diffusion models [8, 78], given a video x, a
latent representation z = E(x) is first encoded to reduce
the computational complexity. Then the forward diffusion
process and backward denoise process are performed in this
latent space with a denoising network ϵθ (xt, c, t), where c
denotes denoising conditions like text or visual prompts.

3.1.2. Training Pipeline

As illustrated in Fig. 2, given a video clip, we separately
sample sparse frames at 2 fps to obtain the video representa-
tions from the tokenizer, and sample dense frames at 8 fps
to obtain latent representations z0 from the frozen VAE [28]
encoder. Sparse frames are sampled as the input of the video
tokenizer considering the semantic redundancy between ad-
jacent frames. The forward diffusion process gradually adds
Gaussian noise θ to z0 for producing the noisy input zt. At
each backward step t, a denoising U-Net is trained to predict
the noise added from the previous step to the current step
by taking the time embedding and video representations as
the condition. Specifically, the video representations inter-
act with the denoising U-Net intermediate features through
cross-attention layers, where each noisy latent attends to
all video tokens. By constraining the U-Net to reconstruct
fine-grained spatial and temporal information of video clips
through relying on video features, the Divot tokenizer is
optimized to capture both spatial characteristics and tempo-
ral dynamics for robust video representations. The Divot
tokenizer is trained on pure videos of a subset of WebVid-
10M [2] and Panda-70M [9], totaling 10M videos.

After training the Divot tokenizer, the proxy denoising U-
Net (employed to implement the parameterized loss function)
can serve as an effective video de-tokenizer, which is able
to decode semantically aligned video clips from the learned
spatiotemporal representations as shown in Fig. 5.

3.1.3. Model Architecture

As shown in Fig. 2, the Divot tokenizer is composed of a
pre-trained ViT encoder to extract frame-level features, a
transformer for spatial and temporal fusion, and a Perceiver
Resampler [1] to produce a fixed number of video tokens.
The Perceiver Resampler is adopted for two reasons: (1)
to reduce the number of video tokens that a LLM need to
predict for generation, and (2) to transform the patch-position
dependent features into a sequence of high-level features
without 3D positional dependencies, which we empirically
find easier for an LLM to fit (See Sec. 4.3). Specifically,
given a video clip with a duration of two seconds, we sample
5 frames at 2 fps, resulting in a total of 64 video tokens.
We adopt the de-noising U-Net in DynamiCrafter [78], but
reduce the input channel of the 3D convolution from 8 to 4
since we remove the original concatenation of a conditional
image with noisy latents.

3.2. Video Representation Modeling with LLM

The core challenge of generating videos using a LLM with
the Divot tokenizer lies in effectively modeling the contin-
uous video features. The most straightforward solution is
to minimize the distance between the LLM output and the
video representations using mean squared error (MSE) loss
following previous work [17, 54] for image generation as
illustrated in Fig. 4 (a). However, we empirically find that
this approach is not effective for modeling continuous video
features, as the generated videos tend to exhibit repeating
patterns. We analyze that the deterministic regression reg-
ularizes the LLM to learn overly averaged representations,
which is particularly catastrophic in video generation as
videos must ensure both spatial and temporal diversity.

Inspired by recent work MAR [33], instead of determin-
istic regression, we aim to model the probability distribution
of video representations using the LLM. As shown in Fig. 4,
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Figure 5. Reconstructed videos, where the Divot tokenizer obtains spatiotemporal representations of sparsely sampled video frames and the
de-tokenizer decodes these representations into semantically aligned and temporally coherent video clips.

we explore two approaches including (b) Diffusion Model-
ing [33] and (c) GMM Modeling [61]. Specifically, for the
diffusion modeling, given continuous-valued video features
to be predicted, the LLM produces output, which serves
as the condition of a denoising network (a small MLP) to
predict the Gaussian noise added to the video features. The
diffusion model is trained for representing the distribution of
video features. For GMM modeling, we use a Gaussian Mix-
ture Model (GMM) to model the distribution of the video
features, and train the LLM to predict 2kd+ k parameters
per video token (kd mean and kd variance parameters for the
mixture components, and k mixture probabilities). We opti-
mize the LLM by minimizing the discrepancy between the
predicted GMM distribution and the video representations
with negative log-likelihood (NLL) loss.

During inference, in diffusion modeling, the denoising
network denoise the final video features from Gaussian noise
gradually by taking the LLM output as the condition. In
GMM modeling, we draw samples from the predicted GMM
distribution as the final video representations. To empirically
investigate the effectiveness of the approaches above, we
train the LLM with MSR-VTT [79], and evaluates text-to-
video generation on test set with FVD [62] and similarity
score [49] as the metric following previous work [26, 82].
As listed in Tab. 7, GMM modeling achieves better perfor-
mance than diffusion modeling and MSE regression in video
generation. We speculate that high-level features obtained
by the Divot tokenizer are more sensitive to Gaussian noise
compared to the VAE latents used by MAR, making train-
ing more challenging and resulting in suboptimal results.
Therefore, we adopt GMM modeling to train Divot-LLM.

Table 2. Datasets used for training the tokenizer and Divot-LLM.

Stage Type Dataset

Tokenize Pure Video WebVid-10M [2], Panda-70M [9]

Pre-train
Video-text WebVid-10M [2]

Image-text CC3M [52], CapsFusion [87], LAION-COCO [51]

SFT

Classification Kinetics-710 [27], SSV2 [18]

VQA
TGIF [34], NextQA [76], CLEVRER [85],

YouCook2 [92], PerceptionTest[48],
EgoQA [19], ActivityNetQA[88]

Instruction Video-ChatGPT[43], LLaVA-mixed[39],
Valley [42], LLaVA-Video-178K[37]

Generation WebVid-10M [2]

StoryTelling In-house data

3.3. Pre-training and Instruction Tuning
3.3.1. Training Stage I: Multimodal Pre-training
As shown in Fig 3, Divot-LLM adopts next-word prediction
and GMM modeling on video-text data for video compre-
hension and generation. Specifically, the video features from
the Divot tokenizer, the special tokens indicating the start
and end of video features, along with the text tokens of the
caption are fed into the pre-trained Mistral-7B [24] for next
token prediction trained with cross-entropy loss. Text tokens
of the caption and N learnable queries are input into the
LLM, where the output of the learnable queries are trained
via bidirectional attention to model a GMM distribution for
the video features using NLL loss. During inference, we
draw samples from the predicted GMM distribution as con-
dition of the denoising U-Net to decode videos. We pre-train
Divot-LLM from the pre-trained Mistral-7B model using

13610



Table 3. Comparison for video comprehension with MLLMs. “Video-Gen” denotes whether the model can generate videos besides texts.
The evaluation metric is accuracy. The best results are bold and the second best results are underlined.

Model LLM size Video-Gen EgoSchema Perception-Test MVBench MSVD ActivityNet

Gemini 1.0 Pro [58] - × 55.7 51.1 - - 49.8
Gemini 1.5 Pro [59] - × 63.2 - - - 56.7
GPT4-V [46] - × 55.6 - 43.7 - 59.5
GPT4-O [47] - × 72.2 - - - 61.9

LLaMA-VID [35] 7B × 38.5 44.6 41.9 69.7 47.4
Video-ChatGPT [43] 7B × - - - 64.9 35.2
Video-LLaVA [37] 7B × 38.4 44.3 41.0 70.7 45.3
VideoChat2 [31] 7B × 42.2 47.3 51.1 70.0 49.1
LLaVA-NeXT-Video [38] 7B × 43.9 48.8 46.5 67.8 53.5
LLaVA-NeXT-Video [38] 32B × 60.9 - - - 54.3
PLLaVA [81] 34B × - 58.1 - - 60.9
LLaVA-OneVision [30] 72B × 62.0 - - - 62.3
VideoLLaMA2 [10] 7B × 51.7 51.4 54.6 70.9 50.2
VideoLLaMA2 [10] 72B × 63.9 57.5 62.0 71.0 55.2
LWM [40] 7B ✓ - - - 55.9 -
Video-LaVIT [26] 7B ✓ 37.3 47.9 - 73.2 50.1
VILA-U [74] 7B ✓ - - - 75.3 52.7

Divot-LLM 7B ✓ 46.5 58.3 52.1 76.4 55.8

LoRA [22] on a subset of WebVid-10M [2] data (filtered for
temporal dynamics in captions) and image-text data.

3.3.2. Training Stage II: Multimodal Instruction Tuning
We perform multimodal instruction tuning on Divot-LLM
to align it with human instructions through supervised fine-
tuning on public datasets as listed in Tab. 2 with a LoRA
module. We further fine-tune the pretrained Divot-LLM on
an animated series called “Curious George” to achieve video
storytelling, which generates storyline and corresponding
video clips in an interleaved manner.

4. Experiment
4.1. Quantitative Evaluation
Video Comprehension. We conduct extensive evaluations
on video comprehension benchmarks including Multi-choice
Video Question Answering (MC-VQA) on EgoSchema [44],
Perception-Test [48], MVBench [32], and Open-Ended
Video Question Answering (OE-VQA) on MSVD [7], Ac-
tivityNet [88]. Following VideoLLaMA 2 [10], we utilize
GPT-3.5 to assess the quality of the generated answers of OE-
VQA by determining whether the answers match the ground
truth, and we report the percentage of “Yes” as Accuracy.

For each testing video, we sample a maximum of 20 clips,
each containing 5 frames. The evaluation results are reported
in Tab. 3. Divot-LLM outperforms the baseline models that
can generate both texts and videos, which demonstrates that
our model effectively achieves video comprehension within
a unified framework. Compared to VideoLLMs specifically
designed for video comprehension of the same model size
of LLM, Divot-LLM achieves competitive results with sig-

nificantly fewer video-caption pairs for training (4.8M vs.
100M in VideoLLaMA 2). By utilizing diffusion proce-
dure for video representation learning, our Divot tokenizer
effectively captures robust spatiotemporal representations,
enhancing the comprehension capabilities.

Video Generation. We evaluate zero-shot text-to-video gen-
eration on MSR-VTT [79]. We randomly sample one caption
for each testing video and generate 16 frames in 256 x 256px
resolution. We adopt the CLIP similarity (CLIPSIM) [71]
and Fréchet video distance (FVD) [62] as the evaluation
metric following Loong [69]. As listed in Tab. 4, Divot-
LLM achieves performance comparable to existing video
generation models in terms of visual quality and semantic
alignment with captions using only 4.8 million video-text
pairs for training.

4.2. Qualitative Evaluation
Text-to-video Generation. We perform qualitative compari-
son of text-to-video generation with baseline MLLMs that
are capable of unified video comprehension and generation.
As illustrated in Fig. 6, through modeling the distributions
of Divot features with a predicted GMM, our Divot-LLM
can generate videos that are both semantically aligned with
text prompts and temporally coherent within frames.

Video StoryTelling. We fine-tune the pre-trained Divot-
LLM on an animated series called “Curious George” for
video storytelling. As shown in Fig. 7, given a brief story
instruction, our Divot-LLM can generate a sequence of mul-
timodal stories with rich narrative text and contextually rel-
evant videos that are temporally coherent. Since we only
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Figure 6. Qualitative comparison of text-to-video generation with MLLMs that are capable of unified video comprehension and generation.
Divot-LLM effectively generates videos that are both semantically aligned with text prompts and temporally coherent within frames.

fine-tune the de-tokenizer for adaptation to the new domain,
it demonstrates the generalizability of our Divot tokenizer
for obtaining robust video representations.

Table 4. Comparison for zero-shot text-to-video generation. “Data
size” refers to the number of training video data, and “Unified”
denotes if the model enables video comprehension and generation.
The best results are bold and the second best results are underlined.

Model Data size Unified MSR-VTT

CLIPSIM (↑) FVD (↓)

CogVideo [21] 5.4M × 0.2631 1294
Video LDM [5] 10M × 0.2929 -
VideoComposer [66] 10M × 0.2932 580
InternVid [68] 28M × 0.2951 -
Make-A-Video [53] 20M × 0.3049 -
VideoPoet [29] 270M × 0.3049 213
PYoCo [14] 22.5M × - -
SVD [4] 152M × - -
Video-LavIT [26] 10M ✓ 0.3012 188.36
Loong [69] 16M × 0.2903 274
Snap Video [45] - × 0.2793 110.4
VILA-U [74] 1M ✓ 0.2937 499.06

Divot-LLM 4.8M ✓ 0.2938 301.4

4.3. Ablation Study
Diffusion for Video Comprehension. We design two base-
lines to validate the effectiveness of the diffusion procedure
to learn spatiotemporal representations for VideoLLMs. As
shown in Tab. 5, both models are pre-trained on Valley [42]
and instruction tuned on Video-ChatGPT [43]. The model
with diffusion loss employs our Divot tokenizer, while the
model with caption loss adopts the same architecture but its
tokenizer is pre-trained using captioning loss with a frozen
LLM on Valley. The model that employs a video tokenizer

Table 6. Ablation study on the training objective of the video
tokenizer. The evaluation metric is accuracy.

Loss Type MV-Bench MSVD ActivityNet

Caption 30.8 66.1 43.2

Diffusion 33.2 68.9 44.3

trained with diffusion loss achieves better performance in
video comprehension benchmarks, demonstrating that the
diffusion process can effectively learn robust video repre-
sentations in a self-supervised manner, without the need for
paired caption annotations.

Video Generation with LLM. We perform various ablation
studies to explore an effective approach for generating videos
with a LLM through training on MSR-VTT training set and
evaluating text-to-video generation on test set. We use ViT-
G/14 to calculate CLIPSIM for better discrimination.

Q1: Which type of video representations is easier?
We investigate two types of video representations, patch-
position dependent features obtained from a spatial-temporal
transformer and patch-position independent features after
a Perceiver Resample with learnable queries. As listed in
Tab. 7, fitting features without 3D positional dependencies
achieves higher performance, which is also observed in re-
cent work [64]. We also experiment with training the video
tokenizer in the VAE manner, which involves predicting the
means and variances of a normal distribution and sampling
video representations using the re-parametrization trick fol-
lowing GIVT [61]. However, we observe that it is difficult
for the LLM to converge and the video de-tokenizer achieves
unsatisfactory reconstruction results. We conclude that in-
troducing variances during tokenization for high-level video
features may not be appropriate.
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and felt excited.

George spreads the 
thick, peanutty 
paste, making a 
yummy snack.

George and his pal 
joyfully cook in the 
kitchen, creating a 
tasty snack with a big 
blue book.

A woman in the 
kitchen shows 
George how to use 
a new kitchen 
gadget.

Generate a story about the adventures of George and his friends. Generate a story about George‘s fun-filled day in the kitchen.
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Figure 7. Qualitative examples of video storytelling by Divot-LLM. Given a story instruction, Divot-LLM can generate rich textual narratives
along with corresponding video clips that are temporally coherent in an interleaved manner.

Table 8. Ablation study on video representation modeling with LLMs for generation. We evaluate text-to-video generation on MSR-VTT.

Representation Objective Mechanism

patch-position
dependent

patch-position
independent

MSE Diffusion GMM AR Query

ϵ-pred v-pred causal bidirectional

CLIPSIM (↑) 0.3192 0.3265 0.3168 0.2811 0.2842 0.3265 0.2386 0.3080 0.3265
FVD (↓) 378.50 366.60 438.94 418.19 377.17 366.60 447.88 416.60 366.60

Q2: Which training objective is more suitable? As
introduce in Sec. 3, we explore MSE regression, Diffusion
modeling and GMM modeling to fit high-level continuous
features with a LLM. As listed in Tab. 7, simply aligning
the LLM output with video features using MSE loss yields
the lowest generation quality, suggesting that deterministic
regression is inadequate for modeling spatiotemporal repre-
sentations. Training a denoising network to denoise the noisy
video features by taking the LLM output as the condition
also achieves inferior performance with both ϵ prediction
and v prediction. Different from MAR [33] that denoises
low-level VAE latents, our goal is to denoise high-level video
features. We speculate that these features are more sensi-
tive to Gaussian noise, making them more challenging to
denoise. Training the LLM to model the distribution of high-
level video features using a GMM model achieves the best
generation quality and semantic alignment with captions.

Q3: Which LLM mechanism is more effective? We
train the LLM to fit the video representations with GMM
modeling using both an autoregressive approach and a query-
based approach, with the latter exploring causal attention
and bidirectional attention within the LLM. Predicting the
features of each video token in an autoregressive manner
results in the worst performance due to the accumulation
of errors, particularly when the features of the pervious to-

ken are sampled from a GMM distribution for predicting
the distribution of the current token. The query-based ap-
proach achieves better results with bidirectional attention, as
it enables each query to attend to all tokens for predictions.

5. Conclusion

In this work, we introduce Divot, a diffusion-powered video
tokenizer learned in a self-supervised manner for unified
comprehension and generation. We further investigate effec-
tive approaches for modeling continuous video representa-
tions with the LLM and present Divot-LLM to understand
and generate video content in a single framework. Divot-
LLM achieves competitive performance in video compre-
hension and generation benchmarks, and enables video sto-
rytelling effectively. We hope our work will draw increased
attention to unifying video comprehension and generation
through the design of sophisticated tokenizers.

Limitation. As we primarily focus on exploring effective
representations and approaches for video generation with a
unified LLM, the current model is trained to predict video
representations for only a single clip and does not generate
longer videos, which will be explored in our future work.
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