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ABSTRACT

Image-to-video (I2V) generation is gaining increasing attention with its wide application in video
synthesis. Recently, diffusion-based I2V models have achieved remarkable progress given their
novel design on network architecture, cascaded framework, and motion representation. However,
restricted by their noise-to-data generation process, diffusion-based methods inevitably suffer the
difficulty to generate video samples with both appearance consistency and temporal coherence from
an uninformative Gaussian noise, which may limit their synthesis quality. In this work, we present
FrameBridge, taking the given static image as the prior of video target and establishing a tractable
bridge model between them. By formulating I2V synthesis as a frames-to-frames generation task
and modeling it with a data-to-data process, we fully exploit the information in input image and
facilitate the generative model to learn the image animation process. In two popular settings of
training I2V models, namely fine-tuning a pre-trained text-to-video (T2V) model or training from
scratch, we further propose two techniques, SNR-Aligned Fine-tuning (SAF) and neural prior, which
improve the fine-tuning efficiency of diffusion-based T2V models to FrameBridge and the synthesis
quality of bridge-based I2V models respectively. Experiments conducted on WebVid-2M and UCF-
101 demonstrate that: (1) our FrameBridge achieves superior I2V quality in comparison with the
diffusion counterpart (zero-shot FVD 95 vs. 192 on MSR-VTT and non-zero-shot FVD 122 vs. 171
on UCF-101); (2) our proposed SAF and neural prior effectively enhance the ability of bridge-based
I2V models in the scenarios of fine-tuning and training from scratch. Demo samples can be visited
at: https://framebridgei2v.github.io/.

1 INTRODUCTION

Image-to-video (I2V) generation, commonly referred as image animation, aims at generating consecutive video frames
from a static image (Xing et al., 2023; Ni et al., 2023; Zhang et al., 2024a; Guo et al., 2023; Hu et al., 2022), i.e.,
a frame-to-frames generation task where maintaining appearance consistency and ensuring temporal coherence of
generated video frames are key evaluation criteria (Xing et al., 2023; Zhang et al., 2024a). With the recent progress
in video synthesis (Brooks et al., 2024; Yang et al., 2024; Blattmann et al., 2023; Bao et al., 2024), several diffusion-
based I2V frameworks have been proposed, with novel designs on network architecture (Xing et al., 2023; Zhang
et al., 2024a; Chen et al., 2023b; Ren et al., 2024; Lu et al., 2023), cascaded framework (Jain et al., 2024; Zhang
et al., 2023), and motion representation (Zhang et al., 2024b; Ni et al., 2023). However, although these methods have
demonstrated the potential of diffusion models (Ho et al., 2020; Song et al., 2020) in I2V synthesis, restricted by
their noise-to-data generation process, they inevitably suffer the difficulty to generate video samples required by both
appearance consistency and temporal coherence from uninformative random noise. With the noise-to-data sampling
trajectory which is inherently mismatched with the frame-to-frames synthesis process of I2V task, previous diffusion-
based methods increase the burden of generative models, which may result in limited synthesis quality.

In this work, we present FrameBridge, a novel I2V framework to model the frame-to-frames synthesis process with
recently proposed data-to-data generative framework (Chen et al.; Liu et al., 2023; Chen et al., 2023c). Specifically,
given the input image and video target, we first leverage variational auto-encoder (VAE) based compression network
to transform them into continuous latent representations, and then take their latent representations as boundary dis-
tributions, i.e., prior and target, to establish our data-to-data generative framework. Considering the static image has
already been an informative prior for each of the consecutive frames in video target, we naturally replicate it to obtain
the prior of the whole video clip, constructing the frames-to-frames pairs for the prior-to-target generation process in
FrameBridge. Standing on constructed frames-to-frames pairs, we establish bridge models (Tong et al., 2023; Zhou
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Figure 1: Overview of FrameBridge and diffusion-based I2V models. The sampling process of FrameBridge
(upper) starts from a deterministic data point, while diffusion models (lower) synthesize videos from Gaussian noise.

et al., 2023; Chen et al., 2023c) between them to learn the I2V synthesis with Stochastic Differential Equation (SDE)
based generation process, implicitly modeling the image animation with SDE-based generative models. In comparison
with previous diffusion works, our FrameBridge utilizes given static image as the prior of video target, which is advan-
tageous on preserving the appearance details of input image than conditionally generating video samples from random
noise. Moreover, our frames-to-frames bridge model naturally learns image animation in model training rather than
learning the image-conditioned noise-to-video generation. The improved consistency between generative framework
and I2V task,i.e., data-to-datafor frame-to-frames, tends to bene�t temporal coherence for I2V synthesis.

In practice, I2V systems usually leverage the potential of a pre-trained diffusion-based text-to-video (T2V)
model (Xing et al., 2023; Chen et al., 2023b; Ma et al., 2024a) with a �ne-tuning process, to reduce the require-
ments of image-video data pairs and the computational resources at training stage. Therefore, in the application of
FrameBridge, we aim to ef�ciently �ne-tune a pre-trained diffusion-based T2V model to our proposed bridge-based
I2V model. Toward this target, we propose SNR-Aligned Fine-tuning (SAF), which aligns the two frameworks,i.e.,
diffusion models and bridge models, by adjusting the bridge process. Speci�cally, we �rst reparameterize the bridge
process in FrameBridge, enabling the noisy intermediate latents of our frames-to-frames process to be aligned with
the ones in the noise-to-data process of pre-trained diffusion models. Then, we change the timestep to match the
signal-to-noise (SNR) ratio between the input of the bridge model and the pre-trained diffusion model. SAF avoids
the mismatch between the two different generative frameworks at pre-training and �ne-tuning stage, and therefore
improves the synthesis quality of FrameBridge when adapting pre-trained T2V diffusion models.

Compared to diffusion models using Gaussian prior, FrameBridge takes static image as prior to improve I2V perfor-
mance. A natural question to our proposed method is if we could further improve the I2V quality with a stronger prior.
We answer this question by further exploiting the prior of our method. Given a static image, we design a one-step
mapping-based network and optimize it with the video target, extracting aneural prior from the image for the video
target. Compared to input image, this neural prior reduces the distance between prior and video target to a greater
extent, and alleviates the burden of generative models further. Although more advanced methods can be leveraged
to extract more informative neural prior, we empirically �nd that a coarse estimation for video target at the cost of
a single sampling step has already been bene�cial to FrameBridge. This further veri�es our motivation to present
FrameBridge and shows a novel method to enhance bridge-based I2V models. In this work, our contributions can be
summarized as follows:
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• We propose FrameBridge, making the �rst attempt to model the frame-to-frames generation task of I2V with
a data-to-data generative framework.

• We present two novel techniques, SAF and neural prior, further improving the performance of FrameBridge
when �ne-tuning from pre-trained T2V diffusion models and training from scratch respectively.

• We conduct experiments on two I2V benchmarks by training FrameBridge on WebVid-2M (Bain et al., 2021)
and UCF-101 (Soomro, 2012). FrameBridge �ne-tuned with SAF reduces the zero-shot FVD (Unterthiner
et al. (2018); lower is better) from 176 to 83 on MSR-VTT (Xu et al., 2016), and FrameBridge with neural
prior trained from scratch reduces the non-zero-shot FVD from 171 to 122 on UCF-101, highlighting the
superiority of FrameBridge to their diffusion counterparts and the effectiveness of SAF and neural prior.

2 RELATED WORKS

Diffusion-based I2V Generation Diffusion models have recently achieved remarkable progress in I2V synthe-
sis (Blattmann et al., 2023; Chen et al., 2023a; Li et al., 2024). Previous works have explored multi-stage generation
system (Jain et al., 2024; Zhang et al., 2023; Shi et al., 2024) fusion module (Wang et al., 2024; Ren et al., 2024) and
improved network architectures (Wang et al., 2024; Xing et al., 2023; Ma et al., 2024a; Chen et al., 2023b; Ren et al.,
2024), while their generative framework remains thenoise-to-dataone of diffusion models, which may be inef�cient
for I2V synthesis. To improve the uninformative prior, PYoCo (Ge et al., 2023) recently proposes to use correlated
noise for each frame in both training and inference. ConsistI2V (Ren et al., 2024), FreeInit (Wu et al., 2023), and CIL
(Zhao et al., 2024) present training-free strategies to better align the training and inference distribution of diffusion
prior, which is popular in diffusion models (Lin et al., 2024; Podell et al., 2023; Blattmann et al., 2023; Girdhar et al.,
2023). These strategies focus on improving the noise distribution to enhance the quality of synthesized videos, while
they still suffer the restriction of noise-to-data diffusion framework, which may limit their endeavor to utilize the entire
information (e.g., both large-scale features and �ne-grained details) contained in the given image. In this work, we
propose adata-to-dataframework and utilize deterministic prior rather than Gaussian noise, allowing us to leverage
the clean input image as prior information.

Bridge Models Recently, bridge models (Chen et al.; Tong et al., 2023; Liu et al., 2023; Zhou et al., 2023; Chen et al.,
2023c), which overcome the restriction of Gaussian prior in diffusion models, have gained increasing attention. They
have demonstrated the advantages ofdata-to-datageneration process over thenoise-to-dataone on image-to-image
translation (Liu et al., 2023; Zhou et al., 2023) and text-to-speech synthesis (Chen et al., 2023c) tasks. In this work,
we make the �rst attempt to extend bridge models to I2V synthesis and further propose two improving techniques for
bridge models, enabling ef�cient �ne-tuning from diffusion models and stronger prior for video target.

3 BACKGROUND

Problem Formulation I2V aims at generating an video clipv 2 RL � H � W � 3 with a number ofL frames from
a static image,e.g., the initial framevi 2 RH � W � 3 of video clip v . In I2V systems (Xing et al., 2023; Blattmann
et al., 2023), an VAE-based compression network is usually leveraged to �rst transform the videov into a latent
z 2 RL � h � w � d in a per-frame manner with a pre-trained image encoderE(v ), whereh = H

p , w = W
p , p > 1 and

d are the spatial compression ratio and the number of output channels. Then, generative models are designed in this
compressed space to learn the conditional distributionpz (zjzi ; c), wherezi 2 Rh� w � d is the compressed latent of the
initial framevi andc denotes other guidance such as the text prompt (Ma et al., 2024a; Chen et al., 2023b) or the image
class condition (Ni et al., 2023; Zhang et al., 2024b). In sampling, we �rst synthesize the latentz conditioned on the
latent of given static framezi , and then decode the video clip with pre-trained VAE decoderD(z). As formulated, I2V
synthesis actually seeks to generate consecutive frames inv from a single framevi , i.e., a frame-to-framesgeneration
process where the appearance details ofvi should be preserved in generatedv and the animation inv should start from
vi and remain temporal coherent.

Diffusion-based I2V Synthesis Diffusion models (Ho et al., 2020; Sohl-Dickstein et al., 2015) have been popularly
leveraged to learn the conditional distributionpz (zjzi ; c). These models are composed of two processes. A forward
process gradually converts the video latentp0(z0jzi ; c) , pdata (z0jzi ; c) to a known prior distributionpT;dif f (zT ) ,
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Figure 2: Visualization for the mean value of marginal distributions. We visualize the decoded mean value of
bridge process and diffusion process. The prior and target of FrameBridge are naturally suitable for I2V synthesis.

pprior;dif f (zT ) with a forward SDE (Song et al., 2020):

dzt = f (t)zt dt + g(t)dw; z0 � pdata (z0jzi ; c); (1)

where w is a Wiener process,f : RD � [0; T] �! RD is the drift coef�cient, andg : [0; T] �! R
is the diffusion coef�cient. D represents the dimension of dataz0. The marginal distribution ofzt satis-
�es pt;dif f (zt jzi ; c) =

R
z0 � p0 (z0 j z i ;c) pt;dif f (zt jz0)p0(z0jzi ; c)dz0. Here pt;dif f (zt jz0) = N (� t z0; � 2

t I ); � t =

e
Rt

0 f ( � )d� , � 2
t = � 2

t

Rt
0

g( � )2

� 2
�

d� (Kingma et al., 2021).

Given the forward process de�ned by eq. (1), there exists a reverse process with a backward SDE which shares the
same marginal distributionpt;dif f (zt jzi ; c) (Song et al., 2020):

dzt =
�
f (t)zt � g(t)2r z t logpt;dif f (zt jzi ; c)

�
dt + g(t)d �w ; zT � pprior;dif f (zT ); (2)

where �w is a backward Wiener process.

To learn the unknown term in eq. (2),i.e., the score functionr z t logpt;dif f (zt jzi ; c), usually a U-Net (Ronneberger
et al., 2015; Ho et al., 2020) or DiT (Peebles & Xie, 2023; Bao et al., 2023) based neural network is optimized with a
denoising objective to predict the noise:

L dif f (� ) = E(z0 ;z i ;c) � pdata (z0 ;z i ;c) ;t � q( t ) ;z t � pt;dif f (z t j z0 )

"

� (t)








 � � (zt ; t; z i ; c) �

zt � � t z0

� t










2
#

; (3)

whereq(t) is a distribution oft supporting on[0; T], � (t) is a time-dependent weight function, and� � (zt ; t) is an
alternative parameterization method of the score function (Ho et al., 2020).

Limitations As shown, the forward process of diffusion models gradually injects noise into data samples, which re-
sults in a boundary distribution att = T sharing the same distribution with the injected noise,e.g., the standard Gaus-
sian noise� � N (0; I ). Therefore, in generation, their sampling process has to start from the uninformative prior
distributionpprior;dif f (zT ) � N (0; I ) and then iteratively synthesize the video latentz0 with learned conditional
score functionr z t logpt (zt jzi ; c). Formulating aframe-to-framesgeneration task with a conditionalnoise-to-data
sampling process, diffusion-based I2V systems suffer the dif�culties to generate high-quality samples from uninfor-
mative Gaussian noise while preserving the appearance details with condition and keeping the temporal coherence,
which may result in limited I2V performance.
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