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A very happy fuzzy panda dressed as a chef
eating pizza in the New York street food
truck.

The supernova explosion of a white dwarf in
the universe, photo realistic.

A high-quality 3D render of hyperrealist, su-
per strong, multicolor stripped, and fluffy
bear with wings, highly detailed.

Figure 1: Given a text description, our approach can faithfully generate videos that are consistent with the input text while
being photorealistic and temporally consistent. Best viewed with Acrobat Reader. Click the images to play the video clips.

Abstract

Despite tremendous progress in generating high-quality
images using diffusion models, synthesizing a sequence of
animated frames that are both photorealistic and tempo-
rally coherent is still in its infancy. While off-the-shelf
billion-scale datasets for image generation are available,
collecting similar video data of the same scale is still chal-
lenging. Also, training a video diffusion model is compu-
tationally much more expensive than its image counterpart.
In this work, we explore finetuning a pretrained image dif-
fusion model with video data as a practical solution for
the video synthesis task. We find that naively extending
the image noise prior to video noise prior in video diffu-
sion leads to sub-optimal performance. Our carefully de-
signed video noise prior leads to substantially better perfor-
mance. Extensive experimental validation shows that our

*Work done during an internship at NVIDIA.

model, Preserve Your Own COrrelation (PYoCo), attains
SOTA zero-shot text-to-video results on the UCF-101 and
MSR-VTT benchmarks. It also achieves SOTA video gener-
ation quality on the small-scale UCF-101 benchmark with
a 10× smaller model using significantly less computation
than the prior art. The project page is available at https:
//research.nvidia.com/labs/dir/pyoco/.

1. Introduction
Large-scale diffusion-based text-to-image models [38, 42,

2] have demonstrated impressive capabilities in turning com-
plex text descriptions into photorealistic images. They can
generate images with novel concepts unseen during train-
ing. Sophisticated image editing and processing tasks can
easily be accomplished through guidance control and em-
bedding techniques. Due to the immense success in several
applications [30, 67, 5], these models are established as pow-
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(a)

i.i.d. noise prior Progressive noise prior

(b)

Figure 2: Visualizing the noise map correlations. (a) visualizes the t-SNE plot of the noise maps corresponding to input
frames randomly sampled from videos. These noise maps are obtained by running a diffusion ODE [49, 48] on the input
frames using a trained text-to-image model, but in the opposite direction of image synthesis (σ : 0 → σmax). The green dots
in the background denote the reference noise maps sampled from an i.i.d. Gaussian distribution. The red dots and yellow
dots are noise maps corresponding to input frames coming from different videos. We found they are spread out and share no
correlation. On the other hand, the noise maps corresponding to the frames coming from the same video (shown in blue dots)
are clustered together. (b) Using an i.i.d. noise model (orange dots) for finetuning text-to-image models for video synthesis is
not ideal since temporal correlations between frames are not modeled. To remedy this, we propose a progressive noise model
in which the correlation between different noise maps is injected along the temporal axis. Our progressive noise model (blue
dots) aptly models the correlations present in the video noise maps.

erful image synthesis tools for content generation. As image
synthesis is largely democratized with the success of these
text-to-image models, it is natural to ask whether we can
repeat the same success in video synthesis with large-scale
diffusion-based text-to-video models.

Multiple attempts have been made to build large-scale
video diffusion models. Ho et al. [17] proposed a UNet-
based architecture for the video synthesis task that is trained
using joint image-video denoising losses. Imagen video [14]
extends the cascaded text-to-image generation architecture
of Imagen [42] for video generation. In both works, the
authors directly train a video generation model from scratch.
While these approaches achieve great success and produce
high-quality videos, they are inherently expensive to train,
requiring hundreds of high-end GPUs or TPUs and several
weeks of training. After all, video generators not only need
to learn to form individual images but should also learn to
synthesize coherent temporal dynamics, which makes the
video generation task much more challenging. While the
formation of individual frames is a shared component in an
image and video synthesis, these works disregard the exis-
tence of powerful pretrained text-to-image diffusion models
and train their video generators from scratch.

We explore a different avenue for building large-scale
text-to-video diffusion models by starting with a pretrained
text-to-image diffusion model. Our motivation is that most
of the components learned for the image synthesis task can

effectively be reused for video generation, leading to knowl-
edge transfer and efficient training. A similar idea is adopted
by several recent works [46, 69, 4]. Without exception,
when finetuning, they naively extend the image diffusion
noise prior (i.i.d. noise) used in the text-to-image model
to a video diffusion noise prior by adding an extra dimen-
sion to the 2D noise map. We argue that this approach is
not ideal as it does not utilize the natural correlations in
videos that are already learned by the image models. This
is illustrated in Figure 2, where we visualize the t-SNE plot
of noise maps corresponding to different input frames as
obtained from a pretrained text-to-image diffusion model.
The noise maps corresponding to different frames coming
from the same video (blue dots in Figure 2a are clustered
together, exhibiting a high degree of correlation. The use
of i.i.d. noise prior does not model this correlation, which
would impede the finetuning process. Our careful analysis of
the video diffusion noise prior leads us to a noise prior that
is better tailored for finetuning an image synthesis model to
the video generation task. As illustrated in Figure 2b, our
proposed noise prior (shown in blue dots) aptly captures the
correlations in noise maps corresponding to video frames.

We then proceed to build a large-scale diffusion-based
text-to-video model. We leverage several design choices
from the prior works, including the use of temporal atten-
tion [17], joint image-video finetuning [17], a cascaded gen-
eration architecture [14], and an ensemble of expert denois-
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ers [2]. Together with these techniques and the proposed
video noise prior, our model establishes a new state-of-the-
art for video generation outperforming competing methods
on several benchmark datasets. Figure 1 shows our model
can achieve high-quality zero-shot video synthesis capability
with SOTA photorealism and temporal consistency.

In short, our work makes the following key contributions.

1. We propose a video diffusion noise tailored for finetuning
text-to-image diffusion models for text-to-video.

2. We conduct extensive experimental validation and verify
the effectiveness of the proposed noise prior.

3. We build a large-scale text-to-video diffusion model by
finetuning a pretrained eDiff-I model with our noise prior
and achieve state-of-the-art results on several benchmarks.

2. Related Work
Diffusion-based text-to-image models: Diffusion mod-

els have significantly advanced the progress of text-based
photorealistic, compositional image generation [38, 42].
Given the nature of the iterative denoising process that re-
quires massive numbers of score function evaluations, earlier
diffusion models focused on generating low-resolution im-
ages, e.g., 64× 64 [15, 48]. To generate high-resolution im-
ages, two common approaches have been used. The first ap-
proach applies cascaded super-resolution models in the RGB
space [32, 16, 42, 38], while the second approach leverages a
decoder to exploit latent space [40, 11]. Based on these mod-
els, advanced image and video editing have been achieved
through finetuning the model [41, 67, 5, 23, 61, 29] or con-
trolling the inference process [30, 13, 34, 10, 35, 7, 31, 3].
Here, we study the problem of using large-scale diffusion
models for text-to-video generation.

Video generation models: Generating realistic and
novel videos have long been an attractive and essential
research direction [58, 39, 65]. Previously studies have
resorted to different types of generative models such as
GANs [58, 43, 54, 52, 45], Autoregressive models [51, 63,
25, 9, 18], and implicit neural representations [47, 66]. Re-
cently, driven by the tremendous success of applying the
diffusion model to image synthesis, multiple works have
proposed to explore diffusion models for conditional and
unconditional video synthesis [57, 12, 69, 61, 4, 22, 19, 57,
64, 33, 28, 1, 59]. For example, Singer et al. extend the
unCLIP framework [38] to text-to-video generation, which
allows training without video captions [46]. Ho et al. [17]
extend the Imagen framework [42] by repeatedly up-scaling
low-resolution small-fps videos in both spatial and temporal
directions with multiple models [14]. Our work also falls
into this line of work which uses a diffusion model. We
focus on augmenting an image diffusion model for video
and study the design choice of the diffusion noise priors for
such an image-to-video finetuning task.

Leverage knowledge from images for text-to-video gen-
eration: Like text-to-image models, text-to-video models
require massive amounts of data to learn caption-relatedness,
frame photorealism, and temporal dynamics. But in contrast
to the abundant image data resource, video data are more
limited in style, volume, and quality. To resolve such scarcity
issue of text-video data, previous works have resorted to dif-
ferent strategies to leverage knowledge from image data for
text-to-video generation, including joint training on the text-
image data from scratch [17, 14, 56, 60], first training a text-
to-image model and then finetuning partially [18, 4, 61, 29]
or entirely [46, 8] on the video dataset, and using CLIP
image features as the conditional information [46, 69]. In
this paper, we propose a new video diffusion noise prior
that is tailored for finetuning a pretrained diffusion-based
image generation model for the video generation task. We
reuse several design choices in the prior work by finetuning
jointly on text-image and text-video datasets. As a result,
we can build a text-to-video generation system that achieves
state-of-the-art zero-shot performances.

3. Preliminaries

Diffusion models generate data by iteratively denois-
ing samples drawn from a noise distribution. In the case
of text-to-video models, text embeddings obtained from a
pre-trained text encoder are used as additional inputs in
the denoising process. Formally, let D(x, e, σ) denote a
denoising network that operates on the noisy input video
x ∈ Rb×ns×3×h×w where e is the text embedding, and σ is
the noise level. Here ns is the sequence length of the input
video, b is the batch size, and h× w is the spatial resolution.
The model D is trained to denoise the input x.

Training We follow the EDM formulation of Karras et al.
[21] to optimize the denoiser D using the following objective

Epdata(xclean,e),p(ϵ),p(σ)

[
λ(σ)∥D(xnoise; e, σ)− xclean∥22

]
(1)

where xnoise = xclean + σϵ

Here, xnoise is the noisy sample obtained by corrupting the
clean video x with noise σϵ, where p(ϵ) = N (0, I) and σ
is a scalar for the noise level drawn from p(σ). The loss
weight, λ(σ), is a function of σ given by λ(σ) = (σ2 +
σ2

data)/(σ · σdata)
2. Eq. (1) is a simple denoising objective in

which the denoiser D is trained to estimate the clean video
xclean from the noisy input xnoise. Following EDM, we use a
log-normal distribution for σ i.e., ln(p(σ)) = N (Pmean, P

2
std)

with Pmean = −1.2 and Pstd = 1.2.
To train the denoising model, EDM uses preconditioning

terms in its objective function to properly scale the inputs
and output of the denoiser model D. More specifically, the
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denoising model D is written as

D(x; e,σ) :=
(σdata

σ∗

)2

x+
σ · σdata

σ∗ Fθ

( x

σ∗ ; e,
ln(σ)

4

)
Here, Fθ is a neural network with parameters θ and σ∗ =√

σ2 + σ2
data. We use σdata = 0.5.

Sampling Once the denoising model is trained, sampling
can be performed by solving the following ODE [21]

dx

dσ
= −σ∇x log p(x|e, σ) =

x−D(x; e, σ)

σ
(2)

for σ flowing backwards from σ = σmax to σ = 0. The
initial value for x is obtained by sampling from the prior dis-
tribution x ∼ N (0, σ2

maxI). Over the recent years, several
samplers have been proposed for sampling from the trained
diffusion models [68, 48, 26, 27, 15]. In this paper, we use
DEIS [68] and its stochastic variant [21] for synthesizing
samples from our model.

4. Method
Training text-to-video models is much more challenging

than training text-to-image diffusion models due to practi-
cal difficulties in collecting billion-scale video datasets and
securing enough computational resources. Additionally, gen-
erating videos is much more challenging since individual
frames need to be both photorealistic and temporally co-
herent. Prior works leverage large-scale image datasets to
mitigate these difficulties by either joint training on the im-
age datasets [60, 17, 14] or finetuning a text-to-image model
on the video datasets [18, 46]. Here, we are interested in
finetuning text-to-image diffusion models jointly on image
and video datasets. We postulate that naively extending the
image noise prior to video diffusion is not ideal. We care-
fully explore the design space of noise priors and propose
one that is well suited for our video finetuning task, which
leads to significant performance gains.

Correlated noise model An image diffusion model is
trained to denoise independent noise from a perturbed im-
age. The noise vector ϵ in the denoising objective (1) is
sampled from an i.i.d. Gaussian distribution ϵ ∼ N (0, I).
However, after training the image diffusion model and ap-
plying it to reverse real frames from a video into the noise
space in a per-frame manner, we find that the noise maps
corresponding to different frames are highly correlated. This
is illustrated in Figure 2, where the t-SNE plot of noise maps
corresponding to different video frames are plotted. When
the input frames come from the same video (shown in blue
dots in Figure 2a, noise maps are clustered. The use of i.i.d.
sampling (shown in orange dots in Figure 2b does not cap-
ture these correlations. This is also depicted quantitatively

Table 1: Cosine similarity of the reversed noise. The noise
maps corresponding to the frames sampled from the same
videos have a higher similarity than those sampled from
different videos.

Cosine Similarity

(a) Same video noise 0.206±0.156

(b) Different video noise 0.001±0.009

in Table 1 where we compute the average pairwise cosine
similarity between noise corresponding to (a) same video
and (b) different video. (a) is much higher than (b). As a
result, the video diffusion model trained with i.i.d. noise is
coerced to forget such correlation among the noise between
different frames, making it difficult to preserve knowledge
from the image diffusion model. Motivated by this obser-
vation, we propose to modify the noise process to preserve
the correlation between different frames. To this end, we
investigate two noising strategies - mixed and progressive
noising.

Mixed noise model: Let ϵ1, ϵ2, . . . ϵns denote the noise
corresponding to individual video frames i.e., ϵi corresponds
to the ith element of the noise tensor ϵ. In the mixed noise
model, we generate two noise vectors ϵshared and ϵind. ϵshared
is a common noise vector shared among all video frames,
while ϵind is the individual noise per frame. The linear com-
bination of both these vectors is used as the final noise.

ϵshared ∼ N
(
0,

α2

1 + α2
I

)
, ϵiind ∼ N

(
0,

1

1 + α2
I

)
(3)

ϵi = ϵshared + ϵiind

Progressive noise model: In the progressive noise
model, the noise for each frame is generated in an autore-
gressive fashion in which the noise at frame i is generated
by perturbing the noise at frame i − 1. Let ϵiind denote the
independent noise generated for frame i. Then, progressive
noising can be formulated as

ϵ0 ∼ N (0,I) ϵiind ∼ N (0,
1

1 + α2
I) (4)

ϵi =
α√

1 + α2
ϵi−1 + ϵiind

In both these models, α controls how much noise is shared
among different video frames. The higher the value of α, the
more correlation exists among the noise maps corresponding
to different frames. As α → ∞, all frames would have the
same noise which results in generating a frozen video. On
the other hand, α = 0 corresponds to i.i.d. noise.

As shown in Figure 2b, the use of progressive noise sam-
pling (blue dots) better models the correlations between
different noise maps by obtaining similar clustering patterns
to the noise maps of real video frames embedded by a pre-
trained text-to-image model in Figure 2a (blue dots).
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Base model
Temporal 

Interpolation

Spatial
Super 

Resolution

T5 encoder CLIP text encoder

16 x 64 x 64 76 x 256 x 256 76 x 1024 x 1024

Spatial 
Super 

Resolution

76 x 64 x 64

Figure 3: Model architecture. Our pipeline consists of a cascade of four networks — a base model and three upsampling
models. All four models take inputs as the text embeddings obtained from the T5 encoder and the CLIP text encoder. The base
model produces 16 video frames of spatial resolution 64× 64 with a frameskip of 5. The first upsampling model performs a
temporal interpolation, resulting in videos of size 76× 64× 64 while the subsequent two super-resolution models perform
spatial super-resolution to produce videos of sizes 76× 256× 256 and 76× 1024× 1024.

Model architecture As visualized in Figure 3, our model
consists of a cascade of four networks — a base network
and three upsampling stacks. The base network generates an
output video of dimension 16 × 64 × 64 with a frameskip
of 5. It generates the frames {1, 6, 11, . . . 76}. The first
upsampling network performs a temporal interpolation to
produce a video of size 76× 64× 64. The second and the
third super-resolution network performs spatial upsampling
to produce the outputs of sizes 76 × 256 × 256 and 76 ×
1024× 1024. We utilize eDiff-I [2], a state-of-the-art text-
to-image diffusion model, to initialize our base and spatial
super-resolution models. Similar to prior works [17, 46], we
adapt the image-based U-Net model for the video synthesis
task by making the following changes: (1) Transforming 2D
convolutions to 3D by adding a dimension 1 to temporal axis
and (2) Adding temporal attention layers. Please refer to the
supplementary material for more details.

Similar to Ho et al. [17], we jointly finetune the model
on video and image datasets by concatenating videos and
images in the temporal axis and applying our temporal mod-
ules only on the video part. Similarly to eDiff-I, our model
uses both T5 text embeddings [37] and CLIP text embed-
dings [36]. We drop each of the embeddings independently
at random during training, as in eDiff-I.

5. Experiments
In this section, we evaluate our proposed strategy of train-

ing diffusion models for video synthesis on two sets of ex-
periments. We first comprehensively analyze our proposed
noise model on the small-scale UCF-101 dataset. We then
scale up our experiments to the challenging large-scale text-
to-video synthesis task.

5.1. Experimental Setups

We conduct ablation experiments in a small-scale uncon-
ditional video generation setting and pick the best configura-
tion for our large-scale text-to-video generation run.

Datasets We train our model on the UCF-101 dataset [50]
for the small-scale experiments, where we follow the pro-
tocol defined in Ho et al. [17] to generate videos of size
16 × 64 × 64. UCF-101 dataset contains 13, 320 videos.
We randomly sample frames from these videos to train our
image synthesis model. For our large-scale experiments, we
use a combination of public and proprietary datasets for text-
to-image and text-to-video finetuning. Most of the videos
are of 2K resolution with 16:9 aspect ratio. All data was
filtered using a preset CLIP and aesthetic scores* to ensure
high quality. Our final image dataset contains around 1.2
billion text-image pairs and 22.5 million text-video pairs.

Training details In the unconditional generation experi-
ment on the UCF-101 dataset, to do an ablation study on the
model size, we design 3 models where each model has 69M,
112M, and 253M parameters, respectively. As a comparison,
the baseline Video Diffusion Model (VDM) [17] contains
1.2B parameters. In the large-scale text-to-video experiment,
our base and temporal interpolation models contain 1.08B
parameters. Our super-resolution model adapted from the
efficient U-Net [42] architecture with temporal convolution
layers [14, 46] contains 313M parameters. Please refer to
the supplementary material for more training details.

*https://github.com/christophschuhmann/
improved-aesthetic-predictor
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A cute corgi wearing a red robe
holding a sign that says ”Merry
Christmas”. There is a Christ-
mas tree in the background.

An epic tornado attacking above
a glowing city at night, the tor-
nado is made of smoke, highly
detailed.

Small boat sailing in the ocean,
giant Cthulhu monster coming
out a dense mist in the back-
ground, giant waves attacking.

A golden retriever puppy holding
a green sign that says ”NVIDIA
ROCKS”. Background is a class-
room.

A cute funny robot dancing, cen-
tered, award winning watercolor
pen illustration.

A cartoon white wolf is giv-
ing puppy-dog eyes, detailed fur,
very cute kid’s film character.

A lightning striking atop of eif-
fel tower, dark clouds in the sky,
slow motion.

An anime girl looks at the beau-
tiful nature through the window
of a moving train, well rendered.

A skull burning while being held
up by a skeletal hand.

A huge dinosaur skeleton walk-
ing in a golden wheat field on a
bright sunny day.

A cute rabbit is eating grass,
wildlife photography.

Tomato sauce pouring over fries.

Figure 4: Sample generations. Please check our project website to view the videos.

Evaluation For the small-scale experiments on UCF-101
dataset, we follow the protocol defined in the prior ap-
proaches [52, 47, 17] and report the Inception Score (IS) [44]
calculated by a trained C3D model [53] and Fréchet Video
Distance (FVD) [55] by a trained I3D model [6]. For the
large-scale text-to-video experiments, we perform the zero-
shot evaluation of the video generation quality on the UCF-
101 and MSR-VTT datasets following Make-A-Video [46].
We carefully discuss the evaluation process below.

UCF-101 experiment We use IS and FVD for evalua-
tion in our small-scale experiments. UCF-101 is a categor-
ical video dataset designed for action recognition. When
sampling from the text-to-video model, we devise a set of
prompts for each class name to be used as the conditional
input. This is necessary as some class names (such as jump
rope) are not descriptive. We list all the prompts we use in
the supplementary material. We sample 20 videos for each
prompt to compute the IS metric. For FVD, we follow the
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Table 2: Zero-shot text to video generation on UCF-101. Our
approach gives significant performance gains compared to
the prior baselines both in inception score and FVD metrics.

Method IS (↑) FVD (↓)
CogVideo [18] (Chinese) 23.55 751.34
CogVideo [18] (English) 25.27 701.59
Make-A-Video [46] 33.00 367.23
MagicVideo [69] - 655.00
Video LDM [4] 33.45 550.61
VideoFactory [59] - 410.00
PYoCo 47.76 355.19

Table 3: Text conditional zero-shot generation on MSRVTT.
Our approach with the base config achieves the best results,
and using an ensemble further improves the FIDs.

Method CLIP-FID (↓) FID (↓)
NUWA [60] (Chinese) 47.68 -
CogVideo [18] (Chinese) 24.78 -
CogVideo [18] (English) 23.59 -
Make-A-Video [46] 13.17 -
MagicVideo [69] - 36.50
Latent-Shift [1] 15.23 -
PYoCo (Config-A) 10.21 25.39
PYoCo (Config-B) 9.95 24.28
PYoCo (Config-C) 9.91 24.54
PYoCo (Config-D) 9.73 22.14

prior work [25, 52] and sample 2, 048 videos for evaluation.

MSR-VTT experiment MSR-VTT [62] test set contains
2, 990 videos as well as 59, 794 captions. All the videos
have the same resolution of 320 × 240. We generate a
76 × 256 × 256 video for each 59, 794 caption and save
the videos in an mp4 format with a high bit rate. To com-
pare with Make-A-Video, we compute FID using a ViT-B/32
model [24]. We also report a more common FID metric com-
puted by an Inception-V3 model. We also examine the idea
of ensemble denoiser [2] by finetuning the level-1 experts
of each model. We denote Config-A as the configuration
of using only baseline models and Config-B to Config-D as
incrementally changing super-resolution model, temporal
interpolation model, and base model with the corresponding
ensemble models.

5.2. Main Results

Large-scale text-to-video synthesis We quantita-
tively compare our method against Make-A-Video [46],
NUWA [60], CogVideo [18], and several concurrent
works [4, 69, 4, 59, 1]. Table 2 shows that our method

Table 4: Unconditional UCF-101 generation results. Our
approach achieves the state-of-the-art inception score and
FVD, while having considerably smaller parameter count
compared to other diffusion-based approaches such as VDM
(1B parameters).

Method IS (↑) FVD (↓)
TGAN [43] 15.83±.18 -
LDVD-GAN [20] 22.91±.19 -
VideoGPT [63] 24.69±.30 -
MoCoGAN-HD [52] 32.36 838
DIGAN [66] 29.71±.53 655±22

CCVS [25] 24.47±.13 386±15

StyleGAN-V [47] 23.94±.73 -
VDM [17] 57.00±.62 -
TATS [9] 57.63±.73 430 ±18

PYoCo (112M) 57.93±.24 332 ±13

PYoCo (253M) 60.01±.51 310 ±13

outperforms all the baselines on the UCF-101 dataset and
improves the zero-shot Inception Score from 33.45 to 47.76.
In Table 3, we show that our baseline model achieves a
new state-of-the-art CLIP-FID score [24] of 10.21, while
using ensemble models further improves both CLIP-FID
and FID scores. In Figure 4, we qualitatively visualize the
synthesis capability of our approach. Our model achieves
high-quality zero-shot video synthesis capability with good
photorealism and temporal coherency. We also provide a
qualitative comparison with Make-A-Video [46] and Imagen
Video [14] in Figure 5. We observe that our model is able to
produce videos with better details than both approaches, as
shown in the animal videos. We also produce better-stylized
videos than Imagen Video.

Small-scale unconditional video synthesis We report IS
and FVD scores on UCF-101 dataset in Table 4 and com-
pare our model with multiple unconditional video generation
baselines. Note that using class labels as conditional infor-
mation could lead to sizeable improvement in IS and FVD
scores [9], which we do not consider as the comparison.
Our method attains state-of-the-art unconditional video gen-
eration quality. Compared with previous diffusion-based
unconditional generation model [17], our model is ∼ 10×
smaller and has ∼ 14× less training time (75 GPU-days vs.
925 GPU-days).

5.3. Ablation Study

We quantitatively compare several training strategies for
video diffusion models. Then, we perform ablation on the
correlation ratio in the Equations 3 and 4, a key hyper-
parameter in our approach.
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Make-A-Video [46] PYoCo Imagen Video [14] PYoCo

A confused grizzly bear in calculus class. A sheep to the right of a wineglass.

Sailboat sailing on a sunny day in a mountainlake. A cat eating food out of a bowl, in style of Van Gogh.

Figure 5: Qualitative comparison with baseline approaches. The two panels on the left show the comparison of our approach
with Make-A-Video [46], while those on the right show the comparison with Imagen Video [14]. PYoCo achieves better
photorealism compared to the two approaches.

Table 5: Quantitative results of different training strategies
on UCF-101 dataset.

IS(↑) FVD (↓) FID (↓)
Image Diffusion (ID) - - 30.05
Training from scratch 28.25 903.37 124.75
Finetuning from ID 41.25 566.67 56.43
+ Mixed Noise 52.71 337.40 31.57
+ Progressive Noise 53.52 339.67 31.88

Training strategies We compare training from scratch, a
simple finetuning baseline, finetuning with mixed noising,
and progressive noising using IS, FVD, and averaged frame
FID metrics on the UCF-101 dataset in Table 5. We first
find that finetuning from an image diffusion model is much
more effective than training from scratch. For finetuning
from the image model, the correlated noise model produces
better video generation quality than the independent noise
model. In addition, we notice that the correlated noise better
preserves the image quality learned by the pretrained image
model and produces a lower frame FID. This is particularly
desired in large-scale text-to-video training to fulfill the goal
of inheriting the knowledge from the image model missing in
the video datasets. Specifically, most videos contain realistic
scenes captured by cameras and have infrequent media types
like paintings, illustrations, sketches, etc. Moreover, the

video data is much smaller in volume, and the scenes are
less diverse than image datasets. As shown in Figure 4, our
model can preserve properties learned from image datasets
that are not presented in our video dataset, such as the artistic
styles, and generate faithful motion on them.

Correlation ratio The hyperparameter α in the Equations
3 and 4 controls the correlation between the noise of differ-
ent frames. A larger α injects more correlation into the noise.
The correlation disappears when α → 0, and the mixed and
progressive noise models reproduce the vanilla noise model.
To find optimal α, we train our UCF-small model (69M pa-
rameters) using α ∈ {0, 0.1, 0.2, 0.5, 1, 1, 2, 5, 10,∞} and
report FVD in Figure 7. For each α value, we repeat the
experiment 3 times and report the mean. Note that α = 0
indicates finetuning with the independent frame noise, and
α = ∞ indicates using identical noise maps for all the
frames, which produces frozen videos during the inference
time. Finetuning an image diffusion model almost consis-
tently outperforms the training-from-scratch baseline with
different αs. Using α = 1 for mixed noising and α = 2 for
progressive noising produces similar best results. We also
show qualitiative results for models trained with α = 0, 1, 10
in Figure 6. When α is too small, we notice a degradation in
visual quality in the generated video frames and a reduced
video diversity. For example, we notice many repeated sam-
ples and black borders in almost every video generated with
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α = 0 α = 1 α = 10

Figure 6: Visual ablation on α. Small α = 0 reduces video quality and diversity and large α = 10 yields motion artifacts.
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Figure 7: Quantitative ablation on hyperparameter α.
Finetuning with temporally correlated prior improves over
training from scratch. Using a too-large or too-small α leads
to inferior results. α = 1, α = 2 each works the best for
mixed and progressive noising, respectively.

α = 0. On the other hand, when α is too large, the model
has difficulty generating proper motions.

Model size We pick the best α for the mixed and progres-
sive noise models and compare them with the model trained
from scratch on models with different numbers of parame-
ters, 69M, 112M, and 253M. Figure 8 shows that our mixed
and progressive models outperform the baseline consistently
by a large margin in terms of FVD. Overall, mixed and pro-
gressive noising provide similar performance. In our large
large-scale experiments, we choose progressive noising with
α = 2 due to its autoregressive nature.

6. Conclusion

We proposed a new efficient way of training text-to-video
generation models. By observing that the noise maps gener-
ating the frames of a video are clustered together, we study

50 100 150 200 250

400

600

800

FVD

Number of Parameters (M)

Mixed (α = 1)
Progressive (α = 2)
Scratch

Figure 8: Ablation on model size. Larger models con-
sistently improve the performance of both finetuning and
training from scratch. Finetuning from image model consis-
tently outperforms training from scratch.

mixed and progressive noise priors well-suited for sequential
video frame generation. We apply our progressive noise prior
to finetuning a state-of-the-art diffusion-based text-to-image
model to achieve a state-of-the-art large-scale text-to-video
model. The high quality of the generated videos and the
state-of-the-art Inception and FID scores demonstrate the
strength of our approach.
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Zhang, Huiwen Chang, Alexander G Hauptmann, Ming-
Hsuan Yang, Yuan Hao, Irfan Essa, et al. Magvit: Masked gen-
erative video transformer. arXiv preprint arXiv:2212.05199,
2022. 3

[66] Sihyun Yu, Jihoon Tack, Sangwoo Mo, Hyunsu Kim, Junho
Kim, Jung-Woo Ha, and Jinwoo Shin. Generating videos with
dynamics-aware implicit generative adversarial networks. In
ICLR, 2021. 3, 7

[67] Lvmin Zhang and Maneesh Agrawala. Adding conditional
control to text-to-image diffusion models. arXiv preprint
arXiv:2302.05543, 2023. 1, 3

[68] Qinsheng Zhang and Yongxin Chen. Fast sampling of dif-
fusion models with exponential integrator. In ICLR, 2023.
4

[69] Daquan Zhou, Weimin Wang, Hanshu Yan, Weiwei Lv,
Yizhe Zhu, and Jiashi Feng. Magicvideo: Efficient video
generation with latent diffusion models. arXiv preprint
arXiv:2211.11018, 2022. 2, 3, 7

22941


	anm2: 
	2.75: 
	2.74: 
	2.73: 
	2.72: 
	2.71: 
	2.70: 
	2.69: 
	2.68: 
	2.67: 
	2.66: 
	2.65: 
	2.64: 
	2.63: 
	2.62: 
	2.61: 
	2.60: 
	2.59: 
	2.58: 
	2.57: 
	2.56: 
	2.55: 
	2.54: 
	2.53: 
	2.52: 
	2.51: 
	2.50: 
	2.49: 
	2.48: 
	2.47: 
	2.46: 
	2.45: 
	2.44: 
	2.43: 
	2.42: 
	2.41: 
	2.40: 
	2.39: 
	2.38: 
	2.37: 
	2.36: 
	2.35: 
	2.34: 
	2.33: 
	2.32: 
	2.31: 
	2.30: 
	2.29: 
	2.28: 
	2.27: 
	2.26: 
	2.25: 
	2.24: 
	2.23: 
	2.22: 
	2.21: 
	2.20: 
	2.19: 
	2.18: 
	2.17: 
	2.16: 
	2.15: 
	2.14: 
	2.13: 
	2.12: 
	2.11: 
	2.10: 
	2.9: 
	2.8: 
	2.7: 
	2.6: 
	2.5: 
	2.4: 
	2.3: 
	2.2: 
	2.1: 
	2.0: 
	anm1: 
	1.75: 
	1.74: 
	1.73: 
	1.72: 
	1.71: 
	1.70: 
	1.69: 
	1.68: 
	1.67: 
	1.66: 
	1.65: 
	1.64: 
	1.63: 
	1.62: 
	1.61: 
	1.60: 
	1.59: 
	1.58: 
	1.57: 
	1.56: 
	1.55: 
	1.54: 
	1.53: 
	1.52: 
	1.51: 
	1.50: 
	1.49: 
	1.48: 
	1.47: 
	1.46: 
	1.45: 
	1.44: 
	1.43: 
	1.42: 
	1.41: 
	1.40: 
	1.39: 
	1.38: 
	1.37: 
	1.36: 
	1.35: 
	1.34: 
	1.33: 
	1.32: 
	1.31: 
	1.30: 
	1.29: 
	1.28: 
	1.27: 
	1.26: 
	1.25: 
	1.24: 
	1.23: 
	1.22: 
	1.21: 
	1.20: 
	1.19: 
	1.18: 
	1.17: 
	1.16: 
	1.15: 
	1.14: 
	1.13: 
	1.12: 
	1.11: 
	1.10: 
	1.9: 
	1.8: 
	1.7: 
	1.6: 
	1.5: 
	1.4: 
	1.3: 
	1.2: 
	1.1: 
	1.0: 
	anm0: 
	0.75: 
	0.74: 
	0.73: 
	0.72: 
	0.71: 
	0.70: 
	0.69: 
	0.68: 
	0.67: 
	0.66: 
	0.65: 
	0.64: 
	0.63: 
	0.62: 
	0.61: 
	0.60: 
	0.59: 
	0.58: 
	0.57: 
	0.56: 
	0.55: 
	0.54: 
	0.53: 
	0.52: 
	0.51: 
	0.50: 
	0.49: 
	0.48: 
	0.47: 
	0.46: 
	0.45: 
	0.44: 
	0.43: 
	0.42: 
	0.41: 
	0.40: 
	0.39: 
	0.38: 
	0.37: 
	0.36: 
	0.35: 
	0.34: 
	0.33: 
	0.32: 
	0.31: 
	0.30: 
	0.29: 
	0.28: 
	0.27: 
	0.26: 
	0.25: 
	0.24: 
	0.23: 
	0.22: 
	0.21: 
	0.20: 
	0.19: 
	0.18: 
	0.17: 
	0.16: 
	0.15: 
	0.14: 
	0.13: 
	0.12: 
	0.11: 
	0.10: 
	0.9: 
	0.8: 
	0.7: 
	0.6: 
	0.5: 
	0.4: 
	0.3: 
	0.2: 
	0.1: 
	0.0: 


