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Image-to-video (12V) generation, commonly referred as im-
age animation, aims at generating consecutive video frame
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Abstract

Diffusion models have achieved remarkable
progress on image-to-video (12V) generation,
while their noise-to-data generation process is in-
herently mismatched with this task, which may
lead to suboptimal synthesis quality. In this work,
we present FrameBridge. By modeling fh@me-
to-framesgeneration process with a bridge model
baseddata-to-datagenerative process, we are
able to fully exploit the information contained in
the given image and improve the consistency be-
tween the generation process and 12V task. More-
over, we propose two novel techniques toward
the two popular settings of training 12V models,
respectively. Firstly, we proposeNR-Aligned
Fine-tuning (SAF) making the rst attempt to
ne-tune a diffusion model to a bridge model and,
therefore, allowing us to utilize the pre-trained
diffusion-based text-to-video (T2V) models. Sec-
ondly, we propos@eural prior, further improv-
ing the synthesis quality of FrameBridge when
training from scratch. Experiments conducted
on WebVid-2M and UCF-101 demonstrate the
superior quality of FrameBridge 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), and the advantages
of our proposed SAF and neural prior for bridge-
based 12V models. The project pagmps
[fframebridge-icml.github.io/

Introduction

from a static imageXing et al, 2024 Ni et al,, 2023 Zhang

etal, 2024a Guo et al, 2024 Hu et al, 2022, i.e., aframe-
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to-framesgeneration task where maintaining appearance
consistency and ensuring temporal coherence of generated
video frames are the key evaluation criterking et al,

2024 Zhang et al.20243. With the recent progress in video
synthesisBrooks et al.2024 Yang et al, 2024k Blattmann

et al, 2023 Bao et al, 2024, several diffusion-based 12V
frameworks have been proposed, with novel designs on net-
work architecture Xing et al, 2024 Zhang et al.2024a
Chen et al.2023h Ren et at. Lu et al), cascaded frame-
work (Jain et al. 2024 Zhang et al. 2023, and motion
representationghang et al.2024h Ni et al,, 2023. How-

ever, although these methods have demonstrated the strong
capability of diffusion modelsHo et al, 202Q Song et a).

for 12V synthesis, theinoise-to-datageneration process

is inherently mismatched with tfeame-to-framesynthe-

sis of 12V task, making them suffer from the dif culty of
generating high-quality video samples from uninformative
Gaussian noise rather than the given image.

In this work, inspired by recently proposed bridge mod-
els Chen et al.Liu et al, 2023 Chen et al.20239, we
present FrameBridge, a novel 12V framework to model the
frame-to-framesynthesis process withdata-to-datagener-
ative framework instead of theoise-to-datane in diffusion
models. Speci cally, given the input image and video target,
we rst leverage variational auto-encoder (VAE) based com-
pression network to transform them into continuous latent
representations, and then take their latent representations as
boundary distributions,e., prior and target, to establish our
data-to-datagenerative 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-framedgraining data pairs for the prior-to-
target generative framework in FrameBridge. Standing on
onstructed pairs, we establish bridge mod&ts( et al,

024 Zhou et al, Chen et al. 20239 between them to
learn the 12V synthesis with Stochastic Differential Equa-
tion (SDE) based generation process. In comparison with
previous diffusion-based 12V methods, our FrameBridge uti-
lizes given static image as the prior of video target, which is
advantageous on preserving the appearance details of input
image than conditionally generating video samples from ran-
dom noise. Moreover, our frames-to-frames bridge model

Learning Vancouver, Canada. PMLR 267, 2025. Copyright 2025learns image animation in model training rather than learn-
by the author(s).
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Figure 1.0verview of FrameBridge and diffusion-based 12V models The sampling process of FrameBridge (upper) starts from given
static image, while diffusion models (lower) synthesize videos from uninformative Gaussian noise.

ing image-conditioned noise-to-video generation, which enneural prior reduces the distance between prior and video
hances the consistency between generative framework andrget to a greater extent, and alleviates the burden of gen-
12V task,i.e., data-to-datafor frame-to-framesnd tends to  eration process further. Although more advanced methods
bene t temporal coherence for 12V synthesis. can be leveraged to extract more informative neural prior,

In practice, 12V systems usually take advantage of a prewe empirically nd that a coarse estimation for video target

s i s o (1) b L1 2 2 Sl sempi st s ey e e
et al, 2024 Chen et al.2023h Ma et al, 20243 with a ge.

. . . resent FrameBridge and shows a novel method to enhance
ne-tuning process, to reduce the requirements of |mageE

video data pairs and the computational resources at therldge-based 12V models. In this work, our contributions

training stage of 12V generation. Toward ef ciently utiliz- can be summarized as follows:
ing previously pre-trainediffusion-based T2V modelse
propose SNR-Aligned Fine-tuning (SAF), a novel technique
for ne-tuning them tobridge-based 12V model$Speci -
cally, we rst reparameterize the bridge process in Frame-
Bridge, enabling the noisy intermediate representations of
our frames-to-frames process to be aligned with the ones
in the noise-to-frames process of pre-trained diffusion mod-
els, improving ne-tuning ef ciency. 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, remaining the differences between the diffusion and
bridge process. Our SAF aligns the noisy intermediate rep-
resentations of two generative frameworks while preserving
the difference between therg, diffusion and bridge pro-
cess), and therefore improves the nal synthesis quality
of FrameBridge when adapting pre-trained T2V diffusion
models.

Compared to diffusion models using Gaussian prior, Frame-
Bridge takes the given static image as the prior of video
target to improve 12V performance. Toward further im-
proving bridge-based 12V synthesis quality, we present a
stronger prior for FrameBridge. Given a static image, we2

* We propose FrameBridge, making the rst attempt to
model the frame-to-frames generation task of 12V 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 mod-
els and training from scratch respectively.

* We conduct experiments on two 12V benchmarks by
training FrameBridge on WebVid-2MBgin et al,
2021) and UCF-101 $oomrq 2012). Compared with
its diffusion counterpart, FrameBridge ne-tuned with
SAF reduces the zero-shot FVifterthiner et al.
(2018; lower is better) from 192 to 95 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 supe-
riority of FrameBridge to their diffusion counterparts
and the effectiveness of SAF and neural prior.

Related Works

design a one-step mapping-based network and optimize Biffusion—based 12V Generation Diffusion models have

with the video target, extracting rmeural prior from the
image for the video target. Compared to input image, thi

srecently achieved remarkable progress in 12V synthe-
sis Blattmann et al.2023 Chen et al.2023a Li et al,,
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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 12V synthesis.

2024 and proposed multi-stage generation systdain(  bridge models to 12V synthesis and further propose two
etal, 2024 Zhang et al.2023 Shi et al, 2024 Zhang etal.  improving techniques for bridge models, enabling ef cient
20254, fusion module \Wang et al.2024 Ren et al) and ne-tuning from diffusion models and stronger prior for
improved network architecture¥vang et al. 2024 Xing video target.
et al, 2024 Ma et al, 20244 Chen et al.2023h Ren et al.
Zhang gt al.2025ab;c;d). I—!owev_er, the|m0|se—to—dqta 3 Motivation
generation process may be inef cient for 12V synthesis. To
improve the uninformative prior of diffusion modelBi¢-  Diffusion-based 12V Synthesis 12V synthesis aims at
cher et al.2023 Albergo et al, 2024 Yang et al, 20243,  generating a video clip 2 Rt H W 3 with L frames
PYoCo Ge et al, 2023 proposes to use correlated noise conditioning on a static image,g, the initial framev' 2
for each frame in both training and inference. Consisti2VR? W 2 of video clipv. In diffusion-based 12V sys-
(Ren et al), Freelnit (Wu et al, 2029, and CIL ghaoeta) tems King et al, 2024 Blattmann et a].2023, an VAE-
present training-free strategies to better align the trainindpased compression network is usually leveraged to rst
and sampling distribution of diffusion prior. These stratetransform the videw into a latentz 2 R~ " ¥ dina
gies improve the noise distribution to enhance the quality oper-frame manner with a pre-trained image encat{e),
synthesized videos, while they still suffer the restriction ofwhereh = p ,w= 2 p> 1andd are the spatial com-
noise-to-data diffusion framework, which may limit their en- pression ratio and tﬁe number of output channels. A for-
deavor to utilize the entire informatioe.g, both large-scale  ward diffusion process gradually converts the video latent
features and ne-grained details) contained in the given impo(zojz';C) , Pdata (ZojZ'; ©) to a known prior distribution
age. In this work, we proposedata-to-dataframework  pr.gitr (Z7) . Ppriorgitt  (Z7) With a forward SDE $ong
and utilize clean and deterministic prior rather than Gauset al):
sian noise, allowing us to leverage the given image as prior
information. _

dz; = f (t)zdt + g(t)dw; Zo  Pdata (Z0jz';0); (1)
Bridge Models Recently, bridge modelsChen et al.
Tong et al, 2024 Liu et al, 2023 Zhou et al, Chen et al.
2023¢ Zheng et al.2024 He et al; De Bortoli et al, 2021,  wherew is a Wiener procesd$, andg are known coef -
Peluchettj2023, which overcome the restriction of Gaus- cients,z' 2 R" " 9 is the compressed latent of the initial
sian prior in diffusion models, have gained increasing atframeV', andc denotes other guidance such as the text
tention. They have demonstrated the advantagelat- prompt Ma et al, 20243 Chen et al.2023h or the class
to-datageneration process over theise-to-dataone on  condition (Ni et al, 2023 Zhang et al.2024h. In sam-
image-to-image translatior.iu et al., 2023 Zhou et al) pling, we rst synthesize the latert  po(zojz'; ) with
and speech synthesi€len et al.2023¢ Li et al., 2025  the backward SDE which shares the same marginal distribu-
tasks. In this work, we make the rst attempt to extendtion puqirr (2¢jz'; ¢) (Song et a):
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temporal axis to obtaiz’ 2 R- " W d as the prior of
. video latenz 2 R~ " W 9 and establish the bridge pro-
dzt = f (t)Zt g(t)zr Zt |Og pt;diff (Zt]ZI1C) dt (2) cess as fO||0WS

+o(t)dw;  zt  Ppriorditt  (ZT);

Bridge Process In Figurel, we present the overview of
FrameBridge and compare it with diffusion-based 12V gen-
eration. Different from diffusion-based 12V models using
uninformative Gaussian prior, our FrameBridge replaces
the Gaussian prior with a Dirac prioyi , building a bridge
process Zhou et al) to connect the video target and the
rep"cated image priopprior;bridge (ZTjZI;C) ) zi (ZT)-
Speci cally, the forward process is changed from Equa-

" 2# tion (1) in diffusion models to:

from a Gaussian priq@prioraitt (zr) N (0;1), and then
decode the video clip with pre-trained VAE deco@z).
To estimate the score function,, 109 pr.its (zjz';c), a U-
Net (Ronneberger et al2015 Ho et al, 2020 or DiT (Pee-
bles & Xie, 2023 Bao et al, 2023 based neural network is
optimized with a denoising objective:

; z z
L()= E(zo;zi;c);t; Z; (t) (Zt;t;Z';C) titto ;
3) dz, = f (t)z; + g(t)%h(z;t; z1;2';0) dt @)
Here (t) is atime-dependent weight function, andz;;t) + a(t)dw: i) — i
is an alternative parameterization method of the score func- ot)aw; zo Peaa (20/230)5 21 = 21
tion (Ho et al, 2020. _
where h(z;t; z1;2"';¢) , r 2 logpraitr (zrjz:) and

Limitations ~ As shown, the forward process of diffusion Prdirt (Z7]zt) is the marginal distribution of diffusion
models gradually injects noise into data samples, whictprocess shown in Equatiort)( For bridge process,
results in a boundary distribution at= T sharing the we denote the marginal distribution of Equatiof) @s
same distribution with the injected noiseg, the standard  Prbridge (ZtjZ';c). Similar to the forward SDE Equatiod)
Gaussian noise N (0;1). Therefore, in generation, their in diffusion process, the forward process of bridge mod-
sampling process has to start from the uninformative prio€ls Equation4) also has a reverse process, which shares
distributionpprioraitt (zr) N (0;1) and then iteratively —the same marginal distributiq®riage (2:j2'; ¢) and can be
synthesize the video lateng with learned conditional score represented by the backward SDE:

functionr ,, logp(z:jz'; ©).

However, for 12V generation, the two key requirements 92t = [f ()Z¢ 9(0)*(s(zi;t 27125 0)

are preserving the appearance details of the given static h(zi;t; zr;Z';0)]dt + g(t)dw; z7 = Z';
image Ren et al. Ma et al, 20243 and ensuring temporal
coherence between generated video frarGe®(et al, 2024
Zhang et al.2024q9. The noise prior of diffusion models and
the mismatch betweemise-to-datayeneration anframe- The change from the diffusion to the bridge process re-
to-framessynthesis inevitably increase the burden of themoves the restriction of noisy prior, allowing the genera-
generation process when meeting these two requirementsn process to start from a static image rather than previ-
In this work, we propose FrameBridge. By modeling 12V ous Gaussian noise. Moreover, as the perturbation kernel
with a data-to-dataprocess, we simultaneously improve the prprigge (Ztjzo; Z7; Z':¢) in bridge process remains Gaus-
prior of generation process for preserving the appearancgian (Appendixd), it facilitates us to nd connections be-
details and enhance the consistency between the generatitvgeen the marginal distributiong., the intermediate repre-
framework and 12V task for ensuring temporal coherencesentations of diffusion and bridge process, and then leverage
leading to improved 12V performance. the power of pre-trained diffusion models for bridge models.

(5)

wheres(z;t; z7;2';¢), 1 2, 109 Pebridge (ZijzT;2";C).

4 FrameBridge Training Objective  Analogous to diffusion models, we

. . use a SDE solver to solve Equatios) (vhen sampling
4.1 Bridge-based 12V Synthesis videos. Sinceh(z;;t; zr;Z';¢) can be calculated ana-
Considering the given imagee., initial framez', has pro- lytically (see AppendixA), we only need to estimate
vided the appearance details and the starting point of anibe unknown terns(zi;t; zr; z'; ¢) with neural networks
mation for video target, we take it as the prior of following (Kingma et al, 2021). After parameterization as shown in
frames. To construct the boundary distributions for bridgeAppendixA, we train our models  (z;;t; zr;Z'; ¢) with
models, we replicate the image latehfor L times along  the denoising objectivedhen et al.20230:
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Figure 3.SNR-Aligned Fine-tuning for FrameBridge. (a) SAF technique aligns the noisy latents of bridge process and diffusion process
with respective timesteps, enabling ef cient ne-tuning from diffusion-based T2V model to bridge-based 12V models. (b) FrameBridge
with SAF can better leverage the capability of pre-trained models.

process.
Loridge ( ) =E(25:270) posn (20127 :0)izr =21 In the meanwhi_le, as seen from our intermediate_z representa-
w GZt Pebridge  (ZtjzoizTiz'ic) 4 tions, the data informatior.g, appearance details, is well
2 preserved during the bridge process. In comparison, the

’ (ze;t 2125 0) &t prior and intermediate representations of diffusion process
contain rare or coarse information of the target, which is

(6)  uninformative and requires diffusion models to generate

The training of FrameBridge resembles that of Gaussiagntire video information from scratch.

diffusion-based 12V models: We rst sample a video latent

zo and the conditior from training set, extracting the rst 4.2 Ef cient Fine-tuning

frame ofz, to constructz' . The primary difference lies in

the Gaussian perturbation kermehbriage (ztjZo; z7; Z';0)

of Equation 6). As we replace the Gaussian prior with a

deterministic representatiay , the mean value is an inter-

A common practice of training 12V models is to ne-
tune from pre-trained T2V diffusion model€lfen et al.
2023ha; Xing et al, 2024 Blattmann et al.2023 Ma

. . . et al, 20243. The essential difference between the dif-
polation between data ang instead of the decaying data fusion and bridge process lies in the distribution of noisy

in diffusion models, naturally preserving more data infor-
latentsz,qits Prditt (Zt) andZybridge  Pbridge (Zt)-

ma_mon. and facilitating generatlwe merIs to Igarn 'mag or certaint 2 [0; T], the pre-trained diffusion models only
animation rather than regenerating the information provide i . . :
ave the capability to denoigeqirs  While our ne-tuning

In static image. target is to denoiseyprigge , @and the substantial discrepancy
between noisy latents makes it dif cult to utilizing knowl-
._edge of pre-trained models. To address this issue, we believe
fhat aligning the latents will allow us to fully leverage the de-
noising capability and learned representations of pre-trained

models, which is critical to a more ef cient and effective
ne-tuning processYu et al, 20243. Thus, we propose
the innovative SNR-Aligned Fine-tuning (SAF) technique
?o align the latentzypigge With a diffusion noisy latent

. Note that we use a different timesteg t, and we

Bridge Process vs Diffusion Process To demonstrate the

the data parti.e.,, the mean function of bridge and diffu-
sion process, in Figura As shown, when replicating the
initial frame, 12V synthesis can be formulated afsaanes-
to-framesgeneration task. With theata-to-databridge pro-
cess, the boundary distributions of our FrameBridge hav
been an ideal t for the 12V task, which is helpful for gen-
. . . C S Zedif
erative models to focus on modeling the image animation™
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"1girl is waving hand, 1girl, solo, sexy pose, pensive woman,
voluminous dress, intricate lace, embroidered gloves, feathered
hat, curled hairdo, pale skin"
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Figure 4.Case of neural prior. Our neural prior provides more -
motion information than the given static image, and is intuitively —— 5
closer to the video target, further improving the prior of generation ~ Gereraed Frames
process.

Figure 5.Qualitative comparisons between FrameBridge and

only change the noisy latent as input-reparameterization dither bas_elines. FrameBridge outperforms diffusiqn baseline
bridge models. The forward and backward process is still &"€thods in appearance consistency and video quality.

bridge process and is different from diffusion 12V models.

Reparameterization of Bridge Process. In bridge pro- e (2 ,.t,|,c) ' aligned (zt'c_l’c),' and initialize
cess, the perturbed latentat timesteft can be written as ~ alignea  With the pre-trained T2V diffusion models. SAF
the linear combination afo, z; and a Gaussian noise e_n_ables brldgg mode]s tq fully exploit the denmsmg capa-
2 = azo+ bzr + ¢ (detailed expression @ :h : ¢ b|'I|ty _of pre-tramed dlffL_JS|on models as the m_arglnal dis-
can be found in EquationL®)), which takes a different tfioution ofz aligned with zo + . We provide more
form from (zo+  in diffusion models. Therefore, the J€t@ils in Appendia.

pre-trained diffusion models have limited ability to directly )

denoise such &, which impairs effective ne-tuning. To 4-3 Improved Prior

match the distributions aof;, we reparameterize the bridge By establishing alata-to-dataprocess for 12V synthesis,

process by we have been able to reduce the distance between the prior
4 hzr _ = & 4+ n O o and the target fronmoise-to-framedo frames-to-framegs
t— F - F 0" Pz - and therefore facilitate the generation process and aim at
f+3 @+ q a+q 9 P

improving the synthesis quality. To further demonstrate the

Then,z; can be represented as the combination of clean datfé.mctmn of Improving prior |nforrr_1at|0n for 12V .Symhe,S'.s,’

2o and a Gaussian noise, with the squre sum of coef cient<V€ €xtend our design of FrameBridge from replicated initial
, : . . )

equal to 1. Thus, the reparameterized bridge progess [1@mez to neural r]?pre_(sjent?tlorﬁs(z ©), which serves

exactly aligns with a VP diffusion process. as a stronger prior for video frames.

As shown in Figuret, although the static frame has provided
SNR-based Latent Alignment Although the marginal indicative information such as the appearance details of the
distribution of z, resembles that of a diffusion process, background and different objects, it may not be informative
there is still a mismatch between the input of bridgefor the motion information in consecutive frames. When
models and pre-trained diffusion modei®( (z;;t) and  the distance between the prior frame and the target frame is

((tzo+ 1 1)), asitisnotguaranteed thit2— =,  large, bridge models are faced with the challenge to generate

pS_ = | (see Figure8). To handle thatt we change the motion trajectory. Therefore, we present a stronger
arz"_ f prior than simply duplicating the initial framegural prior,

the timestet to anothert”such that = % r=  which achieves a coarse estimation of the target at rst, and

p a?+ = and thenz; has the same SNR aszo + then bridge models generate the high-quality target from

in diffusion process. According to the above deriva—thIS coarse estimation.

tion, we reparameterize the input of bridge models asConsidering bridge models synthesize target data with itera-

6
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Table 1.Zero-shot 12V generation on UCF-101 and MSR-VTT (25@56, 16 frames). w/o SAF means FrameBridge without SAF
techniques when ne-tuning. For each metric, we mark the best oneywitid the second one with Iterated videos is the number of
videos iterated during the training of model (batch siz#erations). : results reported iXing et al.(2024. : reproduced with the
open-sourced training code

Method Iterated Videos UCF-101 MSR-VTT

FVD# IS" PIC" FVD# CLIPSIM" PIC"
SVD (Blattmann et al.2023 - 236 - - 114 - -
SEINE (Chen et al.2023h - 461 22.32 0.6665 245 0.2250 0.6848
Consistl2V Ren et al) 32.64M 202 39.76 0.7638 106 0.2249 0.755%
SparseCtrlGuo et al, 2025 - 722 1945 0.4818 311 0.2245 0.4382
I2VGen-XL (Zhang et al.2023 - 571 - 0.5313 289 - 0.5352
DynamiCrafter (Xing et al, 2024 1.28M 485 2946 0.6266 192 0.2245 0.6131
DynamiCrafter 6.4M 429 - 0.6078 234 - 0.5803
FrameBridge-VideoCrafter (w/o SAF) 1.28M 433 38.61 05989 229 0.2246 0.5559
FrameBridge-VideoCrafter (w/ SAF) 1.28M 312 39.89 0.6697 929 0.2250 0.6963
FrameBridge-VideoCrafter (w/ SAF)  6.4M 258 44.13 0.7274 9Y 0.2250¢ 0.7142
FrameBridge-CogVideoX (w/ SAF) 6.4M 235 39.83 0.756% 9¢° 0.2250¢ 0.7568

Table 2.VBench-12V Huang et al.20244ab) scores for different 12V models. For each metric, we mark the best oneywaitid the

second one witlz (higher score means better performance). The abbreviations represents Camera Motion (CM), 12V-Subject Consistency
(I12V-SC), 12Vv-Background Consistency (12V-BC), Subject Consistency (SC), Background Consistency (BC), Motion Smoothness (MS),
Dynamic Degree (DD), Aesthetic Quality (AQ), Imaging Quality (IQ). Total Score: weighted average of all dimensions which evaluates
the overall quality. Scores are calculated with the of cial code of VBenchresults reported iiuang et al(20241).

M Total Detailed Qulity Dimensions
odel Score
CM I2V-SC 12V-BC SC BC MS DD AQ [0)

DynamiCrafter-256 84.35 2218 9540 96.22 94.60 98.3®7.87 38.69 59.40 62.29
SEINE256 256 82.12 1591 9345 94.21 93.94 97.01 96.20 2455 56.530.5Z
SEINE5b12 320 83.49 2336 94.85 94.02 9420 97.26 96.68 34.31 58.420.97
SparseCitrl 80.34 25.82 88.39 92.46 85.08 93.81 94.281.95 4988 69.35
Consistl2V 83.30 33.60 94.69 94.57 95.27 98.28 97.38 18.62 59.00 66.92

FrameBridge-VideoCrafter 85.37 30.72  96.24 97.28 94.63 9892 985Y 3577 59.3%8 63.28
FrameBridge-CogVideoX 85.93 92.086 9547  97.13  93.60 98.6%7 9757 4829 54.28 60.00

tive sampling steps, we develop a one-step mapping-based the target than the provided initial frame, and bridge
prior network taking both image latent and text or label model synthesize the video target with a coarse-to- ne iter-
conditionc as input, and separately train the prior networkative sampling process. Although more advanced methods

with a regression loss in latent space: can be designed to further improve neural prior, we present
a design with simple training objective and one-step sam-
h i pling, demonstrating the performance of enhancing prior

Lp( )= Ezzic) paa (zzic) F (zi Q) z 2 : (8) information on 12V synthesis.

With this objective, it can be proved thet (z'; c) leamsto 5 EXperiments

predict the mean value of subsequent frames, as shovwe carry out experiments on UCF-108domro 2012 and

; . . ) i .

N Append|x A. Given pre trainedk (z'; ), we build \WebVid-2M (Bain et al, 2021) datasets to demonstrate the

FrameBridge-NP from its output and target video latent .
; . . . . advantages of our data-to-data generation framework for

z by replacing the prioet in Equation 6) with the neural ) ; X

; P . X7 .12V tasks. More details can be found in Appendix
prior F (z'; c). More details of the training and sampling
algorithm can be found in Appendi *https://github.com/Doubiiu/DynamiCrafter

In generation, neural prior modEl (z'; ¢) provide a coarse
estimation with a single deterministic step, which is closer

7



FrameBridge: Improving Image-to-Video Generation with Bridge Models

Table 3.Non-zero-shot 12V generation on UCF-101. The best andTable 5.Ablation of neural prior. Condition means whether the

second results are marked witlandz. model conditions ofF (z';c).
Method FVD# IS" PIC" Method Prior Condition FVDB#
ExtDM 649 2137 - VDT-12V Gaussian % 171
VDT—I2V. 171 62.61 0.7401 VDT-I2V Gaussian | 132
FrameBridge 154 64.0Y 0.7443 FrameBridae replicated % 154
FrameBridge-NP 122  63.6 0.7662 49 pu 0
FrameBridge replicated ! 129
FrameBridge-NP  neural ! 122
Table 4.Ablation of SAF technique on UCF-101 (non-zero-shot).
Method lterations FVD# IS" PIC" 5.2 Neural Prior for Bridge Models
Diffusion 10k 176 53.60  0.7011  \yq train class-conditional FrameBridge model with neural
Bridge (w/o SAF) 10k 176 53.93 0.7371 ) )
Bridge (W/o SAF) 5k 284 4940 06557 Prior (FrameBridge-NP) on UCF-101 based on the model of
Bridge (Ww/ SAF) 5k 141 55.98 0.8200 Latte-S/2 Ma et al, 2024H by replacing diffusion process

with the Bridge-gmax bridge procesSien et al.20239.

Comparison with Baselines We reproduce two diffusion
models ExtDM Zhang et al.20240 and VDT (Lu et al)
Following Xing et al.(2024, we ne-tune text-conditional on UCF-101 dataset for the class-conditional I2V task as our
FrameBridge model with replicated priz)ir from the open- baselines. Tabl8 shows that FrameBridge-NP has superior
sourced T2V diffusion model VideoCrafterCljen et al.  Vvideo quality and consistency with condition images. Here
20233 and CogVideoX-2BYang et al, 2024h on WebVid-  VDT-I2V is a direct counterpart of FrameBridge models
2M dataset. as they share the same network architecture and training
con gurations. More qualitative results are shown in Ap-
Comparison with Baselines We choose DynamiCrafter PENdiXF. The experiments reveal that bridge-based 12V
(Xing et al, 2024, SEINE (Chen et al.2023), 12VGen-XL models outp.erform their dlffL.JSIO.n cpu_nterparts with both
(Zhang et al.2023, SVD (Blattmann et a].2023, Con- replicated prior and.neural prior, justifying the usage of the
sistl2V (Ren et a) and SparseCtriGuo et al, 2025 as data-to-d_atageneratlon process for 12V tasks. Additionally,
text-conditional 12V baselines. Tableshows zero-shot T rameBridge can further bene t from neural priér(z'; )
metrics on UCF-101 and MSR-VTT after ne-tuning on as it.act.ually narrows the gap between the prior and data
WebVid-2M. Note that DynamiCrafter trained with 6.4M distribution of bridge process.
videos is a direct counterpart of FrameBridge-VideoCratfter, . .
which uses the same model architecture, base T2V diffusion-3 Ablation Studies

model and training budgetvhich shows that powerful 12V SNR-Aligned Fine-tuning When ne-tuned with SAF

models can achieve better generation performance by reyameBridge can leverage the pre-trained T2V diffusion
placing diffusion process with@ata-to-databridge process. odels ef ciently and effectively. To ablate on the SAF
We also evaluate FrameBridge and other baselines with gcnhnique, we ne-tune a pre-trained class-conditional
comprehensive benchemark for video qualiy, VBench-  yigeo generation model Latte-XL/2 on UCF-101. Table
12V (Huang et al. 20243b) (see Table?, all the scores  ghoys that SAF improves ne-tuning performance of Frame-
are calculated with the of cial cod. FrameBridge can  gyigge. To conduct an ablation under the WebVid-2M train-
effectively leverage the knowledge from pre-trained T2Ving setting, we also ne-tune FrameBridge models from
diffusion models and generate videos with higher quality/geoCrafterl and CogVideoX-2B with the same con gu-

and consistency than the diffusion counterparts. We furthegation except the usage of SAF technique, and compare the
discuss the trade-off between the dynamic degree and coparq-shot metrics in AppendR.5.

sistency in AppendixC.1 Qualitative results are shown in
Figure5. In the Figure, both FrameBridge and Dynami-
Crafter model are ne-tuned from VideoCrafterl with 20k
steps. To the best of our knowledge, our trial is the rst
time to ne-tune bridge models from pre-trained diffusion
models.

5.1 Fine-tuning from pre-trained diffusion models

Neural Prior To showcase the effectiveness of neural

prior, we compare ve different models varying in priors

and network conditions. More details of the con gurations

can be found in Appendik. Results in Tabl& reveal that

F (Z':¢) is indeed more informative than a single frame
*https://github.com/Vchitect/VBench Z' and can be fully utilized by FrameBridge through the
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change of prior. In Proceedings of the IEEE/CVF conference on computer
vision and pattern recognitiqrpp. 22669-22679, 2023.

6 Conclusions Bao, F., Xiang, C., Yue, G., He, G., Zhu, H., Zheng, K.,

In this work, we propose FrameBridge, buildingata-to- Zhaq, M., Liu, S., Wang, Y.,.and Zhu, J. \_ﬁdU: a highly
datageneration process, which matchesftaene-to-frames ~ consistent, dynamic and skilled text-to-video generator
nature of this task, and therefore further improving the 12y With diffusion models.arXiv preprint arXiv:2405.04233
synthesis quality of strong diffusion baselines. Additionally, 2024.

targeting at two typical scenarios of training 12V mOdels*Blattmann A., Dockhorn, T., Kulal, S., Mendelevitch, D.,
namely ne-tuning from pre-trained diffusion models and Kilian, M. Lorenz D., LeV| Y., English, Z., Voleti, V.,
training from scratch, we present SNR-Aligned Fine-tuning Letts, A., et al. Stable video dlﬁu5|on_ Scallng Iatent

(SAF) and neural prior respectively to further improve the ;a0 diffusion models to large datase@oRR 2023.
generation quality of FrameBridge. Extensive experiments

show that FrameBridge generate videos with enhanced aprooks, T., Peebles, B., Holmes, C., DePue, W., Guo, Y.,
pearance consistency with image condition and improved Jing, L., Schnurr, D., Taylor, J., Luhman, T., Luhman,

temporal coherence, demonstrating the advantages of Frame-E., Ng, C., Wang, R., and Ramesh, A. Video generation
Bridge and the effectiveness of two proposed techniques. models as world simulators. 2024.
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A Proof and Derivation

A.1 Basics of Denoising Diffusion Bridge Model (DDBM)

We provide the derivations @ priage (2tjZo; z7;2';¢) andh(z;t;y;Z'; c) used in Sectiod.1
Similar to the proofs in£hou et al), we calculat®:prigge (ZtjZo; Z7; Z'; ©) by applying Bayes' rule:

P dift (ZTth;ZO;Zi;C)pt;dif-f (24j20: 7' Q)
Praitt  (ZT]Z052";C)

Prbridge (ZtiZo:27:2';0) = Praite (ZtjZos27;2';0) =

. _ 9)
@ Prigift (ZT]Zt)Praitt  (ZtjZo) .
Pruditt (Z7])20) '
(1) uses the Markovian of the diffusion procesgKingma et al, 2027).
The perturbation kernelsrgitr  (z1jzt); Praitr (ZtjZo); Pr-aiit (ZT]Z0) is Gaussian and takes the form of:
T 2
praie (zrjz)) = N(zr;—z;( & 5 AI);
t
‘ (10)

Praitt (2tjz0) = N (ze; 1205 {1);
prairr (z1iz0) = N(z1; 1205 F1):

Following (Zhou et al), it can be derived thapriage (2tjZT ; Zo; Z'; ) is also Gaussian, aMElpridge (ZtjZT; Zo; z' 0=
N (Zt; t(ZO; ZT); tz;bridge | ), Where

SNRy . SNRr ¢

t(zo; 21) t( SNR. )Zo SNR. 1 ZT,
(11)
2 — 2(1 SNRT )
tbridge — t SNRt .
Speci cally, z; of bridge process can be reparameterized:by a;zg + bzt + ¢ , where
_ SNRy .
a-t - t(l SNRt )1
_ SNRy ¢
b = SNR — (12)
SNRt
= 2 1 .
Ct t ( SNRt )
2 . . - - . . .
Here,SNR; = - (Kingma et al, 202]) is the signal-to-noise ratio of diffusion process.
t
Then we calculaté (z;t; y; Z'; C) = 1 z logprit (ZTiZt)izi=2;2r=y-
. 2
Asprai (zrjz) = N(zr; Tz (§ — P)1), we have
0 51
_ 1 zr Lz
Prait (Z1)2) = g ——5 exp%b . 5 . K (13)
2(3 =+ 9 A7 0
t
2
log praitt (z7)2t) = 7 + C; (14)
2 T 2)
T ‘2 t
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whereC is a constant independent of .

0 !
. Z7 th T —Lz;
Iz, 10gprairt (Z1)2e) = 1 4, E’P 7, K= . 7 . (15)
(2 =+ 9 (3 T
. _T
So,h(z;t;y;Z';0) = Z*% Note that for the diffusion process we commonly use, Oand r 1, and we
( T -z 1) !

t

haveh(z;t;y;z';c) y.
A.2 Parameterization of FrameBridge

Proposition 1. The score estimatios (z;;t; zt;z'; ¢) of bridge proces$bridge (ZtjZT; Z'; ¢) can be reparamterized by

1 SNRy 2zt —tz7

s (zutzrizio= = (zitzr;Z'io) ; (16)
t SNRe Z(1 SRRE)
2 A B . . . . .
whereSNR; = -+, and  (z;;t; zt; Z'; ¢) is trained with the objective
" A
- ~ S Z; tZ0 .
Loidge ( )= B (20:210) puwa (207" 0); (t) (zitzr;z50) ——— 17)
21=2" 2t Ppigge (ZtiZoizriz'ic) !
Here ~(t) is the weight function of timestéf@and we take (t) = 1 unless otherwise speci ed.
WhenSNR;  O(which is often the case for diffusion process), there existech that
RV R B . .
S (zt;t,2z7;2';0) — (zu:ty 275205 8t2[;T ]: (18)

t

E’roof. We denote the desnoising target—2o by "(z¢;20;1), and de nea; = (1 ) b= PRE—+ o =

2 SNR
i SNR . ).

From Equation11), we have

. . Zt &z Z
r; IOg pt:bridge (ZJZO; ZT )]z: zi;zr=20 = ttcgh; (19)

which is the target of Denoising Bridge Score Matchidhdgu et al). Our goal is to represent this target with zt, and
"(zt;20: ).

From the de nition of (z¢; 20;1), we have

ze ¢ (z;200t)
t

Zo =

(20)
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Plug it into Equation 19), it can be derived that

. - Z: a Zy t " (z¢;203t) hzi
r ;log Pt;bridge (zjzo; 27)j 2= zizr=2 — Ctzt
_ tZt &zZi+ a v (Zi;Zo:t) thzr
e
a ¢ (ze:2o:t a)z VA
- t ot ( t 0 ) ( t t) t th (21)
+C t6f
SNR 2 SNRT i
= L gy SWRCA TSR |
: C P R
1 SNRy z 7
= — (z;201) $ ;
t SNRe 2(1 WD)
As the Denoising Bridge Score Matchinr%; takes the form of )
i
- ) . 2
I—bridge ( ) = E(zo;zi ic)izr =21t z¢ (t) S (Zt 4 g 4 ; C) rz Iog Pr;bridge (ZJZO; T )Jz= zy;z7 = 2! ; (22)
. A . t _t
when we parameterize (z;t;zr;z';c) = L (ztzr;z'0) PR ZQW:T the training objective can be
t SNR ¢
written as
t ~ N 2
I—bridge ( ) = E(zo;zi C)izr=zitze T o (Zt 6 73,72, C) (Zt 1205 t) ) (23)

t
which proves the rst part of the proposition if we takét) = ON

t

For the second part, wheBNRy 0, there exists an > 0, such thatm has an upper bounil . Since
t SNR ¢
=T % OwhenSNR; 0, it can be directly inferenced from Equatiob6f thats (z;;t; z1;Z'; )
L Yzt zr; o). -

RemarkA.1. From the rst part of the proposition, we parameterize bridge models to préd+eP It is similar to that

used inChen et al(20239 although their parameterization is derived from the forward- backward diffusion process of
Schiddinger Bridge problems. The statement and proof of this proposition reveals that DDBM and DiffusiodiSgéar

Bridges are closely related. Additionally, the second part shows that our parameterization resembles the Denoising Score
Matching in diffusion models.

A.3 SNR-Aligned Fine-tuning

Existence and Uniqueness df In Section4.2, we need to nd atsuch that . = a"’;‘+ = = P a°2'+ = Since
t t t t
2 2
&= 41 FHPE)=SNR¢ SNRy, itis amonotonically decreasing functiontofAs SNR; is also a monotonically
t t

decreasing function which ranges oyérl ), we can take = SNR ( ) and the uniqueness of sutttan also be

guaranteed. Next, we provide a more general form of SAF, where the sclﬂedulegtz (0;7] of the pre-trained diffusion
models and bridge models are not necessarily the same.

Proposition 2. Suppose we ne-tune a Gaussian diffusion moelét;; t; c) with schedulé ~; ~ g2 0.7} to a diffusion
bridge model A;bridge (ze;t z1;2';0) A;a,ign (2;t z1;Z'; ) with scheduld (; (G2(0.7]- If we use the same dataset
Pdata (Zo; Z'; €) for training ~ (z¢;t;¢) and ne-tuning 4, (21; & z7;2"; ). Then, for eacle, the input(z;;t) of ~ has
the same marginal distribution as the ing#; t) of ..,, (2t z1;2';¢). Here

Z = hZi :

t = P=——=.
aI2+ ¢t (24)

r= 8NR "it

Ctz
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(8NR = ?‘jr is the signal-to-noise ratio of pre-trained diffusion models.)
t

Proof. SinceSNR is also a monotonically decreasing function ranging g@ef ), the uniqueness and existence-cfn
also be guaranteed by the above analysis.

For a xedc;t, we denote the probability density function®fby q(z;t). Then
VA

qzt) = (27 t)Pdata (2')dZ
iy

A(2tjzo; Z'; t)Pdata (20; 2')dZodZ'
7 7%

N (z; p | )Pdata (2o; 2 )dzodZ

3 Z0: P Gt
» P
A S0 af+ ¢ af + ¢
N (2t; ~Zo; ~ZI )Poata (20; 2')dzodZ'

z¢ % Z

N (2t; ~20; ~21)( Pdata (20; 2')dZ')dzo
ZZo z!

N (2t; ~Zo; ~2I )Paata (20)dZo;

Zo

(25)

which equals to the marginal distribution of the pre-trained diffusion proggss (z:).
O

Output Parameterization Our previous descriptions show how to align the input of the network when ne-tuning from
T2V diffusion models to 12V bridge models. When the output parameterization of teacher diffusion models deviates
signi cantly from the bridge parameterizatioﬁ , we can also reparameterize the network output to achieve better alignment.
We take CogVideoX-2B as an example, where v-prediction is used for teacher diffusion models. The teacher diffusion
models predict - Zo from( zo+ ;). After the input alignment of bridge schedule, we have

t Ct
Z= p————70t+ p——;
t 4 atz n C[Z 0 g atz + Ctz
a C (26)
= p—; = p—
=
To align the network output with the teacher, we can set the target of predict@l;%%% %zo.
t t t t
A.4 Neural Prior with Regression Training Objective.
Proposition 3. If we trainF (z'; ¢) with the regression training objective
h _ |
Lp( )= E@ozie) puma (o) F (250 2o © @)
and the neural network is optimized suf ciently, then we have
F(Z:9=F (259, Es pua (oiz o) [20]: (28)
Proof. For each(z'; ¢), L p( ) optimizes the following objective:
| h i
l (ZI ; C) = EZO Pdata (Zojz';C) F (ZI ; C) 2o
i 2 i . 2
= F (z'59 hF (z';0); Ez Pdata (Z0jZ';C) [Zo]i + Ez Pdata (Z0jZ';C) [Zo] (29)

; 2 i .
F (Z';0) hF (2,0;Ez pas (20j2ic) [20]i + C:
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Algorithm 1 Training algorithms for 12V diffusion models.
Output: Trained 12V diffusion model (z;;t;z';c).
Set diffusion procesk ; g/, -
if Fine-tuned from pre-trained diffuion model(z;;t; c) then
Initialize  with the weight of (z;;t;c).

else
Randomly initialize (z;;t;z';c).
end if
repeat
Sample dat#zp;C)  Pgata (Zo; ©), timestept andz; = (zg+ ¢ ,where N (0;I).
Take the rst frame ofzg as the image conditioz! .
I()= (z:t2'0)

Update with the optimizer and loss functidif )
until Reach the training budget

Algorithm 2 Sampling algorithms for FrameBridge.

Output: Video latentzg.

Prepare a trained FrameBridge modAe(zt;t; z7:;Z';¢) and timestep schedule= tog <t; <::<ty = T.

Obtain the given inputimage and additional conditions

if Neural prior is usedhen
zr  F (Z';¢). HereF should be the same neural prior model used in the training process.)

else
Constructzr by replicatingz' .

end if

for k = N downtol do .
Calculate the score function of bridge processlog poridge:t  (ZjZT; Z':0)jz= 2, with  (zi, ;tk; z7; z';0).
Utilize a SDE solver to solve the backward bridge Sif = f (t)z;  g(t)2(s(z¢;t; z1;2';¢)  h(z;t; z1;2';0) di+
g(t)dw from z(tx) = z;, to obtainz;, ,.

end for

Returnzg.

whereC is a constant independent of When the network is optimized suf ciently, (Z'; ¢) takes the minimum for each
(z'; ), so we have

F (z;0)=arg min kxk® h X;Ezy paun (z0j2ii0) (20l (30)

It can be solved tha (z';¢) = B,y puw (202 ) [Z0]- O

B Pseudo Code for the Training and Sampling of FrameBridge

We provide the pseudo code for the training and sampling process of FrameBridge (See Aldaitt®). Meanwhile, we
also provide that of diffusion-based 12V models (See Algorithemd3) to show the distinctions between FrameBridge and
diffusion-based 12V models.

C Detailed Analysis of 12V Generation Performance

In this section, we provide further discussions and analysis of the results provided in Section

C.1 Dynamic Degree of Generated Videos

As shown by Zhao et al), there is usually a trade-off between dynmaic motion and condition alignment for 12V models, and
the high dynamic degree scores of some baseline models in Jabéeat the cost of condition and temporal consistency.
FrameBridge can reach a balance demonstrated by the multi-dimensional evaluation on VBench-12¥. statvis
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Algorithm 3 Sampling algorithms for 12V diffusion models.

Output: Video latentzg.

Prepare a trained 12V diffusion model(z;;t; z'; ¢) and timestep schedule= to <t <::<ty = T.

Obtain the given inputimage and additional conditions

Sample alaterer N (0; 21).

for k = N downtol do
Calculate the score function of diffusion processlog paitr:t (2jZ'; ©)jz= z, with  (z, ;2 o).
Utilize a SDE solver to solve the backward diffusion S8 = f (t)z;  g(t)?r ,, logpeairr (z¢jz';¢) dt+ g(t)dw
fromz(tyx) = z;, to obtainz, ;.

end for

Returnzg.

Table 6.VBench-12V scores related to the motion of videos for different 12V models. For all the evaluation dimensions, higher score
means better performance. For results marked, bye directly use the data of VBench-I2V Leaderboard.

Dynamic Temporal  Motion

Model Degree Flickering  Smoothness
FrameBridge-VideoCrafter _ 35.77 98.01 98.51
DynamiCrafter-256 38.69 97.03 97.82
SEINE-256 256 24.55 95.07 96.20
SEINE-512 320 34.31 96.72 96.68
SEINE-512 512 27.07 97.31 97.12
Consistl2V 18.62 97.56 97.38

VBench-12V scores related to dynamic degree and temporal consistency.

Meanwhile, some techniques are proposed for 12V diffusion models to improve the dynamic degree and we nd they
are also applicable to FrameBridge. To be more speci ¢, we ne-tune FrameBridge-VideoCrafter by adding noise to the
image conditionBlattmann et a].2023 Zhao et al) and use higher value of frame-stride conditioniXgng et al, 2024
respectively, and conduct a user study to evaluate the dynamic degree and overall video quality. We randomly sample 50
prompts from VBench-12V and generate one video with each prompt for each model. Participants are asked two questions
for each group of videos:

« Rank the videos according to the dynamic degree. Higher rank (i.e. lower ranking number) corresponds to higher
dynamic degree.

¢ Rank the videos according to the overall quality. Higher rank (i.e. lower ranking number) corresponds to higher quality.
We recruited 18 participants and use Average User Ranking (AUR) as a preference metric (lower for better performance).
The results are shown in Tabfe
C.2 Content-Debiased FVD
Ge et al (2024 points out that the FVD metric has a content bias and may misjudge the qualify of videos. As supplementary,
we also provide the evaluation results of the Content-Debiased FVD (CD-FVD) on MSR-VTT inSable
C.3 Learning Curve of Video Quality

To illustrate the change of video quality during training, we reproduce the training process of DynamiCrafter for 20k
iterations and compare the zero-shot CD-FVD metric on MSR-VTT dataset with a FrameBridge model trained during the
training process. As we use the same training batch size and model structure for FrameBridge and DynamiCrafter in this
experiment, the training budget for two models at the same training step is also the same. As demonstrated &thagure
video quality of FrameBridge is superior to that of DynamiCrafter during the training process and it also converges faster
than its diffusion counterpart.é., DynamiCrafter).
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Table 7.Results of user study. All the models are ne-tuned from VideoCrafterl. For FrameBridge-FrameStride, we increase the value of
conditioning frame stride (from 3 to 5) when sampling. For FrameBridge-NoisyCondition, we add noise to the image condition in the
ne-tuning process.

Model AUR of dynamic degre# AUR of overall quality#
DynamiCrafter 2.85 3.04

FrameBridge 2.74 2.26
FrameBridge-FrameStride  2.12 2.34
FrameBridge-NoisyCondition 2.29 2.35

Table 8.Zero-shot CD-FVD metric on MSR-VTT dataset. We also include the FVD metric as a reference

Model CD-FVD# FVD#
DynamiCrafter 207 234
SEINE 420 245
Consistl2V 192 106
SparseCirl 454 311
FrameBridge-VideoCrafter 148 95

C.4 Sampling Ef ciency of FrameBridge

Since sampling ef ciency is also important for 12V models, we also conduct experiments to show the quality of videos
sampled with different number of sampling timesteps and compare it with DynamiCrafter and SEINE Gigsinews

that the quality of videos sampled by FrameBridge is better than that of DynamiCrafter and SEINE with different timesteps
(i.e, 250, 100, 50, 40, 20). Moreover, we also measure the actual execution time of the sampling algorithm and show the
result in FigureC.4. As illustrated by these two gures, FrameBridge can achieve good balance between sample ef ciency
and video quality, and there is no signi cant degradation in video quality when decreasing the sampling timestep from 250
to 50 or even smaller.

C.5 SNR-Aligned Fine-tuning on WebVid-2M

To ablate SAF technique on WebVid-2M, we ne-tune FrameBridge models from VideoCrafterl with the same con guration
except the usage of SAF for 1.6k steps. The zero-shot metrics are reported i8.Tabfélar ablation is conducted with
FrameBridge models ne-tuned from CogVideoX-2B for 5k steps, and the zero-shot metrics are reported kDTable

D Experiment Details

We provide descriptions of the datasets and metrics used in our experiments, along with implementation details for different
12V models.

D.1 Datasets

UCF-101is an open-sourced video dataset consisting of 13320 videos clips, and each video clip are categorized into one of
the 101 action classes. There are three of cial train-test split, each of which divide the whole dataset into 9537 training
video clips and 3783 test video clips. We use the whole dataset as the training data for 12V models trained from scratch
on UCF-101, and use the test set to evaluate zero-shot metrics for models ne-tuned on WebVid-2M. When we evaluate
zero-shot metrics on UCF-101 for text-conditional 12V models, we use the class label as the input text prompt.

WebVid-2M is an open-sourced dataset consisting of about 2.5 million video-text pairs, which is a subset of WebVid-10M.
We only use WebVid-2M as the training data when ne-tuning 12V models from T2V diffusions in Seetion

MSR-VTT is an open-sourced dataset consisting of 10000 video-text pairs, and we only use the test set to compute zero-shot
metrics for ne-tuned models.
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Figure 6.The learning curve of FrameBridge and DynamiCrafter.

Table 9.Zero-shot metrics on UCF-101 and MSR-VTT for FrameBridge-VideoCrafter models.

UCF-101 MSR-VTT
Model
FVD# IS" PIC" FVD# CLIPSIM" PIC"
FrameBridge-VideoCrafter (w/o SAF) 431 4588 0.6765 151 0.2248 0.6493
FrameBridge-VideoCrafter (W/SAF) 354 46.09 0.7060 132 0.2248 0.6778

Preprocess of Training Data: For both UCF-101 and WebVid-2M dataset, we sample 16 frames from each video clip
with a xed frame stride of 3 when training. Then we resize and center-crop the video clips to 256 before input it to
the models.

D.2 Metrics

Fréchet Video Distance Unterthiner et al. (2018; FVD) evaluates the quality of synthesized videos by computing the
perceptual distance between videos sampled from the dataset and the models. We follow the protocol used in StyleGAN-V
(Skorokhodov et al2022 to calculate FVD. First, we sample 2048 video clips with 16 frames and frame stride of 3 from
the dataset. Then, we generate 2048 videos from the 12V models. All videos are resized t@26®efore calculating

FVD except for ExtDM. (ExtDM generate videos with resolution 6464, so we compute FVD on this resolution.) After

that, we extract features of those videos with the same 13D model used in the repository of StyleGGan¢alculate the

Fréchet Distance.

Inception Score Saito et al.(2017); IS) also evaluates the quality of the generated videos. However, computing IS need a
pre-trained classi er and we only apply this metric on UCF-101. When computing IS, we use the open-sourced evaluation
code and pre-trained classi er for videos from the repository of StyleGAN-V.

CLIPSIM ( Wu et al., 2021) evaluates the consistency between video frames and the text prompt by computing the average
CLIP similarity score between each frame and the prompt. We use the VIT-B/32 CLIP nradHb(d et al.2021) when
evaluating zero-shot metrics on MSR-VTT.

PIC is a metric used b¥ing et al.(2024) to evaluate the consistency of video frames and the given image by the computing
average Dreamsini( et al, 2023 distance between generated frames and the image condition.

“https://github.com/universome/stylegan-v
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Figure 7.Video quality sampled with different number of timesteps.

Table 10.Zero-shot metrics on UCF-101 and MSR-VTT for FrameBridge-CogVideoX models.

UCF-101 MSR-VTT
Model
FVD# IS" PIC" FVD# CLIPSIM" PIC"
FrameBridge-CogVideoX (w/o SAF) 359 36.84 0.5868 209 0.2250 0.6056
FrameBridge-CogVideoX (wW/SAF) 347 41.12 0.6563 185 0.2250 0.6587

D.3 Implementation of FrameBridge and Other Baselines

We offer the implementation details of 12V models which are ne-tuned on WebVid-2M or trained from scratch on UCF-101.

D.3.1 FRAMEBRIDGE

Fine-tuning on WebVid2M For FrameBridge-VideoCrafter, we refer to the codebase of Dynamicrafteme-tune
FrameBridge, and initialize our model from the pre-trained VideoCrafehkf et al.2023g checkpoint. For FrameBridge-
CogVideoX, we refer to the of cial codeba$eand initialize our model from the pre-trained CogVideoX-2Bu(g et al,
202418 checkpoint. For the schedule of bridge, we adopt the Bridge-gmax sched@eef et al.20239, wheref (t) =0,
gt)>= o+t(1 o), =1, 2= 3(1 o)t?+ otwith ¢=0:01, ; =50. We ne-tune the models”
for 20k iterations or 100k iterations with batch size 64. We use the AdamW optimizer with learnirig rat8 ° and
mixed precision of BFloat16. We do not apply ema to the model weight during ne-tuning. The conditiowiz' are
incorporated into the network in the same way as DynamiCrafter, and we concatemate z' along the channel or
temporal axis to condition the network on the prior (we nd that the performance is quite similar whether we conduct the
concatenation along channel or temporal axis). As the schédujeg:, o1 is different from that of the pre-trained
diffusion models, we use the generalized SAF (ProposRjon

Training From Scratch on UCF-101 We reference the codebase of Latietrain FrameBridge from scratch on UCF-101.

We adopt Latte-S/2 as our bridge model with the same schedule as above and train FrameBridge for 400k iterations with
batch size 40. For FrameBridge with neural prior, we also implefRe(t'; ¢) with Latte-S/2 except that the conditioning of
timestept is removed from the model. To matzhwith the input shape of Latte, we replicatefor L times and concatenate

them along temporal axis. We train (z'; ¢) for 400k iterations with batch size 32 before training bridge models if the

Shttps://github.com/Doubiiu/DynamiCrafter

Shttps://github.com/THUDM/CogVideo
"https://github.com/Vchitect/Latte
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Figure 8.Video quality sampled with different execution time.

neural prior is applied. For both the training of bridge modelsfan@' ; c), we use the AdamW optimizer with learning
ratel 10 ° and ema is not applied. The conditiomare incorporated into the network in the same way as Latte. Since
Latte-S/2 is a transformer-based diffusion network, we incorporate the conditiynconcatenate it with video later in

the token sequence. To condition the network on priasr F (Z'; ¢), we concatenate them with along the channel axis.

SNR-Aligned Fine-tuning When implementing the SAF technique, we need to calculate the inverse function of SNR
for the teacher diffusion schedute= SNR 1(%:;). However, some T2V diffusion models use discrete timesteps
and we need to approximate the aligrtedIn our experiments, we choose to nd a discrete timesteguch that
SNR(tp) > %ﬁ > SNR (th+1) and assum8NR( ) is a linear function with respect to the inpgubf diffusion schedule in

the interval(tnl; th+1 ) to obtain the alignett:

D.3.2 BASELINES FOR TEXFCONDITIONAL |12V GENERATION

For SVD (Blattmann et a].2023, SEINE (Chen et al.2023h, Consistl2V Ren et al) and SparseCtriGuo et al, 2025, we

use the of cial model checkpoints and sampling code to sample videos for evaluation. For DynamiQiafjet(al, 20249,

we sample videos with the of cial model checkpoints. We also use the of cial training tolérain a DynamiCrafter for

20k iterations with batch size of 64 as a diffusion-based 12V ne-tuning baseline to compare it with FrameBridge ne-tuned
under the same training budget.

D.3.3 BASELINES FOR CLASSCONDITIONAL 12V GENERATION

ExtDM (Zhang et al,, 20240 is a diffusion-based video prediction model, which is trained to predict the follomifi;ggmes
with the given rstn frames of a video clip. We train ExtDM with their of cial implementatiband sen = 1;m = 15 for
our 12V setting on UCF-101.

VDT-12V is our implementation of the 12V method proposedliwet al. They use a transformer-based diffusion network

for 12V generation by directly concatenating the image condition with the token sequence of the noisy viden |atent

also implement their 12V method on a Latte-S/2 model considering the similarities among transformer-based diffusion
models.

8https://github.com/Doubiiu/DynamiCrafter
®https://github.com/nku-zhichengzhang/ExtDM
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Algorithm 4 Training algorithms for FrameBridge.

Output: Trained FrameBridge model (ze:t; 272" 0).
Set bridge proceds +; i;a;b; gl -
if Neural prior is usedhen
Train a neural prior modé# (z'; ¢) with Equation 8) before training FrameBridge.
end if
if Fine-tuned from pre-trained diffuion model(z;;t; c) then
if SAF is usedhen

Re-parameterize the input of (z;;t; zr; ;) by " (z;t; z1;7';0) , A;a“gn (2;t; z7; Z"; ©) with Equation @4).
Initialize ,;\align with the weight of (z;;t; c).
else .
Initialize  with the weight of (z;t;c).
end if
else
Randomly initialize " (ze:t; 272" 0).
end if
repeat

Sample dat#zp;C)  Pgata (Z0; C), timestept andzt Poridge:t (ZtjZo; ZT).
Take the rst frame ofzg as the image condition .
if Neural prior is usethen

zr  F (Z;0).

else _
Constructzt by replicatingz'.

end if 5

()= “(zitzrizig Bk

t

Update with the optimizer and loss functidif ).
until Reach the training budget

D.3.4 ABLATION STUDIES ONNEURAL PRIOR

In Section5.3, we ablate on the neural prior technique by comparing the performance of four models:

* VDT-12V : The same model as our diffusion baseline on UCF-101.

* VDT-I12V with neural prior as the network condition : The same model as VDT-12V except that we additionally
condition the network ofr (z';c).

« FrameBridge without neural prior : A FrameBridge model implemented by utilizing the replicated imegeas the
prior.

* FrameBridge with neural prior only as the network condition: A FrameBridge model implemented by utilizizg
as the prior. However, we condition the bridge modeFolz'; c) by additionally feeding it into the network through
concatenation witla; along the channel axis.

 FrameBridge-NP: A FrameBridge model implemented by utilizifig (z'; ¢) as the prior.

E Discussion On Related Works

Video Diffusion Models Inspired by the success of text-to-image (T2l) diffusion modelnfesh et al2022 Nichol

et al, 2022, numerous studies have investigated diffusion-based text-to-video (T2V) madkisr{ann et a.2023 Yang

et al, 2024k Singer et a). by designing 3D spatial-temporal U-Néiq et al, 2022ha) and Diffusion Transformers
(DIiT) (Peebles & Xie2023 Bao et al, 2023 Zhang et al.2025¢. To improve memory and computation ef ciency, Latent
Diffusion Models (LDM) (Rombach et a]2022 Vahdat et al.2021) are utilized where the diffusion process is applied in
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the compressed latent space of video samplR=o et al, 2024 Brooks et al.2024 He et al, 2022. Meanwhile, some

other works designed cascaded diffusion models to generate motion represeMatbnl( 2024 or videos with lower
resolution Ho et al, 20223 Wang et al. 2025 rst, which are utilized to synthesize the result videos in the subsequent
stages. Another line of researcth@ng et al.2025f Guo et al, 2024 Wu et al, 2023 focuses on leveraging T2l diffusion

models to enhance the performance of T2V generation, achieving high spatial quality and motion smoothness at the same
time.

Diffusion-based 12V Generation The main difference between 12V and T2V is the incorporation of image conditions

into the sampling procesXing et al. (2024 utilizes the features of a CLIP image encoder and a lightweight transformer to
inject image conditions into the backbone of a T2V modéh et al.(20243 andZhang et al(20249 propose to directly

model the residual between the subsequent frames and the given initial frame with diffusion for 12V generation. Moreover,
Ma et al.(20243 also uses the DCTInit technigue to enhance the consistency of video content with the givenGimage.

et al.(2023h presents to train short-to-long video generation models with masked diffusion m@del®t al.(2024 and

Zhang et al(20243g propose to utilize pre-trained T2l models for image animation by training an additional component

to model the relationship between video frames. SparseGu et al, 2025 and Animate AnyoneHu, 2024 design

speci ¢ fusion modules for video diffusion models to adapt to various types of conditions including RGB infagest al.

propose improved network architecture and sampling strategy for image-to-video generation at the same time to enhance the
controllability of image conditionslain et al(2024), Zhang et al(2023 andShi et al.(2024) design cascaded diffusion
systems for 12V generation. VIDIMIJgin et al. 2024 consists of one base diffusion model and another two diffusion
models for spatial and temporal super-resolution respectigélgng et al(2023 uses a base diffusion model to generate
videos with low resolutions, which serve as the input of the following video super-resolution diffusion rBbdet al.

(2029 rst generates the optical ow between the subsequent frames and given image with a diffusion process, and use the
optical ow as conditions of another model to generate vidédist al. (2023 andZhang et al(20240 train an autoencoder

to represent the motions between frames in a latent space, and use diffusion models to generate motion latents. However,
previous 12V diffusion models are built on theise-to-datageneration of conditional diffusion process and the sampling
remains a denoising process conditioned on given images. In contrast, FrameBridge replaces the diffusion process with a
bridge process and the sampling directly model the animation of static images.

Noise Manipulation for Video Diffusion Models Several works have explored to improve the uninformative prior
distribution of diffusion models. PYoCdSe et al, 2023 recently proposes to use correlated noise for each frame in both
training and inference. Consistl2\Rén et al), Freelnit {Vu et al, 2024, and CIL Zhao et al) present training-free
strategies to better align the training and inference distribution of diffusion prior, which is popular in diffusion madels (

et al, 2024 Podell et at. Blattmann et a].2023. Noise CalibrationYang et al, 20248 proposed to enhance the video
quality of SDEdit Meng et al) with iterative calibration of initial noise 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 informatiexg{ both large-scale features and ne-grained
details) contained in the given image. In contrast, we propasgato-dataframework and utilize deterministic prior rather

than Gaussian noise, allowing us to leverage the clean input image as prior information.

Comparison with Previous Works of Bridge Models and Coupling Flow Matching In Section4, we leverage the
forward SDE of bridge modelZfiou et al) and the backward sampler proposedhen et al(20239 to build FrameBridge.

We unify their theoretical frameworks to establish our formulation, and emphasize that bridge models are suitable for
image-to-video generation, which is a typiciata-to-datageneration tasK.iu et al. (2023 andChen et al(20239 apply

bridge models to image-to-image translation and text-to-speech synthesis tasks respectively. Similar as bridge models, ow
matching can also be used to construct the data-dependent stochastic interpdiemgp(et al, 2024 Fischer et a].2023

Albergo et al, 2023 for paired-data generation and has been used in image-to-image generation. However, whether the
coupling ow matching is suitable for image-to-video generation has not been fully explored. Compared with their works,
we focus on 12V tasks, building our bridge-based framework by utilizingrdmaes-to-framesssence and presenting two
innovative techniques for two scenarios of training 12V models, namely ne-tuning from pre-trained text-to-video diffusion
models and training from scratch.
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Figure 9.Another case of qualitative comparison between FrameBridge and other baselineBrameBridge outperforms diffusion
baseline methods in appearance consistency and video quality. FrameBridge and DynamiCrafter models are ne-tuned from VideoCrafterl
for 20k steps.

F More Qualitative Results of FrameBridge

We show several randomly selected samples of FrameBridge below, and more synthesized samples can be visited at:
https://framebridge-icml.github.io/
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Figure 10.Qualitative comparison between FrameBridge and other baselinesdere FrameBridge is ne-tuned from CogVideoX-2B
for 100k steps, and the samples of other baselines are generated with their of cial checkpoints. DynamiCrafter, SEINE, Consistl2V are
ne-tuned from VideoCrafterl, in ated Stable Diffusion 2.1-Base and LaVie respectively.
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Figure 11.Qualitative comparison between FrameBridge and other baselinesdere FrameBridge is ne-tuned from CogVideoX-2B
for 100k steps, and the samples of other baselines are generated with their of cial checkpoints. DynamiCrafter, SEINE, Consistl2V are
ne-tuned from VideoCrafterl, in ated Stable Diffusion 2.1-Base and LaVie respectively.
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Figure 12.Zero-shot generation results of ne-tuned FrameBridge (with SAF) on UCF-101.
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Figure 13.Zero-shot generation results of ne-tuned FrameBridge (with SAF) on MSR-VTT.
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Figure 14 Non-zero-shot generation results of FrameBridge-NP on UCF-101. We use two lines to present a neural prior and the
corresponding generated video.

30



FrameBridge: Improving Image-to-Video Generation with Bridge Models

Figure 15.Comparisons between ne-tuned FrameBridge and other diffusion-based 12V models.
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