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Abstract

Text-to-image diffusion models (T2I) have demonstrated un-
precedented capabilities in creating realistic and aesthetic im-
ages. On the contrary, text-to-video diffusion models (T2V)
still lag far behind in frame quality and text alignment, owing
to insufficient quality and quantity of training videos. In this
paper, we introduce VideoElevator, a training-free and plug-
and-play method, which elevates the performance of T2V us-
ing superior capabilities of T2I. Different from conventional
T2V sampling (i.e, temporal and spatial modeling), VideoEl-
evator explicitly decomposes each sampling step into fempo-
ral motion refining and spatial quality elevating. Specifically,
temporal motion refining uses encapsulated T2V to enhance
temporal consistency, followed by inverting to the noise dis-
tribution required by T2I. Then, spatial quality elevating har-
nesses inflated T2I to directly predict less noisy latent, adding
more photo-realistic details. We have conducted experiments
in extensive prompts under the combination of various T2V
and T2I. The results show that VideoElevator not only im-
proves the performance of T2V baselines with foundational
T2I, but also facilitates stylistic video synthesis with person-
alized T2I.

Code — https://github.com/YBYBZhang/VideoElevator
Project — https://videoelevator.github.io/

1 Introduction

Diffusion models (Sohl-Dickstein et al. 2015; Ho, Jain,
and Abbeel 2020; Song et al. 2021) have facilitated the
rapid development of generative modeling, and demon-
strated tremendous success in multiple modalities (Poole
et al. 2022; Ramesh et al. 2022; Ho et al. 2022a,b; Singer
et al. 2023; Blattmann et al. 2023b), especially in image and
video synthesis. Nonetheless, exceptional generative capa-
bilities primarily depend on an abundance of high-quality
datasets. For example, text-to-image diffusion models (T2I)
requires billions of highly aesthetic images to achieve desir-
able control and quality (Ramesh et al. 2022; Saharia et al.
2022; Rombach et al. 2022; Podell et al. 2023). However,
owing to the difficulty in collection, the publicly available
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Figure 1: Videos enhanced by VideoElevator. VideoEleva-
tor aims at elevating the quality of videos generated by ex-
isting text-to-video models (e.g, ZeroScope) with text-to-
image diffusion models (e.g, RealisticVision). It supports
cooperation of various image and video diffusion models.

video datasets (Bain et al. 2021) are far behind in both quan-
tity and quality (i.e, million-level scale and low-quality con-
tents), which greatly limits the text-to-video diffusion mod-
els (T2V) (Guo et al. 2023; Wang et al. 2023a,c; Zhang et al.
2023a) in prompt fidelity and frame quality.

Recent studies (Ho et al. 2022b,a; Wang et al. 2023a; Guo
et al. 2023; Wang et al. 2023c; Zhang et al. 2023a) promis-
ingly enhance video generation performance through the ad-
vances in T2I. They either jointly train a T2V using video
and image datasets (Ho et al. 2022b,a), or initialize it with a
pre-trained T2I (Wang et al. 2023a; Guo et al. 2023; Wang
et al. 2023c; Zhang et al. 2023a). With the spatial model-
ing capabilities of T2I, T2V can concentrate more on the
learning of temporal dynamics. However, as training pro-
gresses, T2V inevitably will be biased towards low visual
quality caused by the training videos (Bain et al. 2021), such
as lower resolutions, blurriness, and inconsistent descrip-
tions. Even when integrating with higher-quality personal-
ized T2I, AnimateDiff (Guo et al. 2023) cannot rectify the
bias towards low visual quality in temporal layers. As a re-
sult, synthesized videos still suffer from the frame quality
degradation issue in comparison to T2I generated images,
and sometimes contain visible flickers.

Considering that low-quality contents accumulate
throughout T2V sampling chain, we investigate to rectify
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Figure 2: VideoElevator for improved text-to-video generation. VideoElevator explicitly decomposes each step into temporal
motion refining and spatial quality elevating, where the former encapsulates T2V to enhance temporal consistency and the latter
harnesses T2I to provide more faithful details, e.g, dressed in suit.

it with high-quality T2I at each step. As shown in Fig. 2,
we introduce VideoElevator to explicitly decompose each
sampling step into two components: (i) temporal motion
refining and (ii) spatial quality elevating. Temporal motion
refining encapsulates T2V to produce more temporally-
consistent video latent and then inverts the latent to current
timestep, so that spatial quality elevating can directly
leverage T2I to add realistic details. Compared to vanilla
T2V sampling, decomposed sampling potentially raises the
bar of synthesized video quality.

We implement VideoElevator in a plug-and-play manner
to elevate the performance of text-to-video diffusion mod-
els with various text-to-image diffusion models. Specifi-
cally, given video latent z; at timestep ¢, temporal motion
refining encapsulates T2V with a temporal low-pass fre-
quency filter to improve consistency, followed by T2V-based
SDEdit (Meng et al. 2021) to portray natural motion. To ob-
tain noise latent z, required by T2I, it deterministically in-
verts (Song, Meng, and Ermon 2021) video latent to pre-
serve motion as much as possible. After that, spatial quality
elevating leverages inflated T2I to directly convert z; to less
noisy z;_1, where the self-attention in T2I is extended into
cross-frame attention for appearance consistency. Empiri-
cally, applying temporal motion refining in several timesteps
is sufficient to ensure temporal consistency, so we omit it in
other timesteps for efficiency. To ensure interaction between
various T2V and T2I, VideoElevator projects all noise la-
tents to clean latents before being fed into another model.
Benefiting from it, VideoElevator supports the combination
of various T2V and T2I, as long as their clean latent distri-
butions are shared (i.e, same autoencoders).

Evaluating on extensive video prompts, VideoElevator not
only greatly improves the generation quality of T2V with
foundational T2I, but also facilitates creative video synthesis
with versatile personalized T2I. Firstly, it visibly enhances
a wide range of T2V with Stable Diffusion V1.5 or V2.1-
base (Rombach et al. 2022), achieving higher frame quality
and prompt consistency than their baselines. Secondly, it en-
ables T2V to replicate the diverse styles of personalized T2I
more faithfully than AnimateDiff (Guo et al. 2023), while
supporting T2I with significant parameter shifts, e.g, DPO-
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enhanced T2I (Wallace et al. 2023).
To summarize, our key contributions are as three-fold:

* We introduce VideoElevator, a training-free and plug-
and-play method, which enhances quality of synthesized
videos with versatile text-to-image diffusion models.

To enable cooperation between various T2V and T2I
models, we decompose each sampling step into tempo-
ral motion refining and spatial quality elevating, where
the former applies encapsulated T2V to improve tempo-
ral consistency and the latter harnesses inflated T2I to
provide high-quality details.

The experiments show that VideoElevator significantly
improves the performance of T2V baselines by leverag-
ing versatile T2I, in terms of frame quality, prompt con-
sistency, and aesthetic styles.

2 Related Work
2.1 Text-to-image diffusion models

Foundational text-to-image diffusion models. Diffusion
models have achieved unprecedented breakthroughs in im-
age creation and editing tasks (Ramesh et al. 2022; Saharia
et al. 2022; Rombach et al. 2022; Podell et al. 2023; Zhang,
Rao, and Agrawala 2023), significantly surpassing the per-
formance of previous models based on GANs (Sauer et al.
2023) and auto-regressive models (Ramesh et al. 2021; Yu
et al. 2022). Benefiting from large-scale exceptional train-
ing data, foundational text-to-image diffusion models can
producing images with photo-realistic quality and textual
mastery. To reduce computational complexity, Latent Diffu-
sion Model (LDM) (Rombach et al. 2022) applies diffusion
process in the latent space of auto-encoders. Stable Diffu-
sion (SD) is the most popular open-sourced instantiation of
LDM, and facilitates a surge of recent advances in down-
stream tasks (Zhang, Rao, and Agrawala 2023; Gal et al.
2023; Poole et al. 2022; Ma et al. 2023a; Huang et al. 2023a;
Lin et al. 2023; Ni et al. 2023; Lv et al. 2024). By increasing
parameters and improving training strategies of SD, Stable
Diffusion XL (SDXL) (Podell et al. 2023) obtains drastically
better performance than the original Stable Diffusion.



Personalized text-to-image diffusion models. Adapting
from foundational text-to-image models, personalized text-
to-image models (Gal et al. 2023; Ruiz et al. 2022; Wei
et al. 2023; Cai et al. 2023; Wallace et al. 2023) can sat-
isfy a wide range of user requirements, e.g, various aes-
thetic styles and human preference alignment. In particular,
DreamBooth (Ruiz et al. 2022) and LoRA (Hu et al. 2021)
enable users to efficiently finetune foundation models on
their customized small datasets, thereby promoting the re-
lease of various stylistically personalized models. Diffusion-
DPO (Wallace et al. 2023) refines on large-scale prefer-
ence benchmarks and aligns Stable Diffusion better with hu-
man preference. Among them, DreamBooth and LoRA only
slightly changes the parameters of foundation models, while
Diffusion-DPO greatly alter their parameters.

2.2 Text-to-video diffusion models

Direct text-to-video diffusion models. Most text-to-video
diffusion models (Chen et al. 2023; Wang et al. 2023b;
He et al. 2022; Wang et al. 2023a,c; Zhang et al. 2023a;
Esser et al. 2023; Ma et al. 2023b; Khachatryan et al. 2023;
Zhang et al. 2023c; Wu et al. 2023a; Ge et al. 2023; Liang
et al. 2023; Bar-Tal et al. 2024) are derived from text-to-
image diffusion models, often incorporating additional tem-
poral layers. VDM (Ho et al. 2022b) and Image-Video (Ho
et al. 2022a) jointly train models from the scratch using
large-scale video-text and image-text pairs. Based on pre-
trained Stable Diffusion, LaVie (Wang et al. 2023c) and
ZeroScope (Wang et al. 2023a) finetune the whole model
during training. Differently, VideoLDM (Blattmann et al.
2023b) and AnimateDiff (Guo et al. 2023) only finetune
the additional temporal layers, enabling them to be plug-
and-play with personalized image models. We note that Sta-
ble Diffusion based video models frozen the pre-trained au-
toencoders and thus share the same clean latent distribution.
Compared to AnimateDiff (Guo et al. 2023), our VideoEl-
evator produces higher-quality videos and supports a wider
range of personalized image models.

Factorized text-to-video diffusion models. Due to the low-
quality contents in training videos (Chen et al. 2023; Wang
et al. 2023b; He et al. 2022; Wang et al. 2023a,c; Zhang
et al. 2023a), direct text-to-video diffusion models generates
videos of much lower quality and fidelity than the image
counterparts (Rombach et al. 2022; Saharia et al. 2022). To
alleviate this issue, factorized text-to-video diffusion mod-
els (Li et al. 2023; Singer et al. 2023; Girdhar et al. 2023;
Blattmann et al. 2023a; Xing et al. 2023; Zhang et al. 2023b;
Zeng et al. 2023; Dai et al. 2023) enhance the performance
from two perspectives: (i) factorize the generation into text-
to-image and image-to-video synthesis and (ii) internally re-
collect a large amount of high-quality video data. Make-A-
Video (Singer et al. 2023) and I12VGen-XL (Zhang et al.
2023b) replace the text embedding with more informative
image embedding as input condition. EMU-Video (Girdhar
et al. 2023) and Make-Pixels-Dance (Zeng et al. 2023) pro-
duce the first frame with the state-of-the-art image models,
following by concatenating them to generate high-quality
videos. In contrast, our VideoElvator requires no extra train-
ing and faithfully integrates the superior capabilities of text-
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to-image models into sampling chain.

3 Preliminary

Latent diffusion model. Latent Diffusion Model
(LDM) (Rombach et al. 2022) mainly consists of pre-
trained autoencoder and U-Net (Ronneberger, Fischer,
and Brox 2015). The autoencoder uses an encoder £ to
compress an image x into latent code z E(x) and a
decoder D to reconstruct it. The U-Net is trained to learn
the latent distribution 29 ~ pgata(20) Within the DDPM
framework (Ho, Jain, and Abbeel 2020). LDM performs a
forward diffusion process by adding Gaussian noise:

q(Zt|Zo) = N(zt; \/0th07 \% 1- atI)v (1)

where T is the number of diffusion timesteps and {cy}7_,
control the noise schedules. LDM learns to reverse the above
diffusion process through predicting less noisy z;_1:

p9(2t71|zt) =/\/'(th;ue(zt,t%Ze(ztﬂf)), )

o and Xy are the mean and variance parameterized with
learnable 6. Using Stable Diffusion as base model, T2V and
personalized T2I usually freeze the autoencoder during fine-
tuning, so they have shared latent space.

DDIM sampling and inversion. According to Eqn. 1, one
can directly predict the clean latent z;_,¢ with the noise la-
tent z; as following:

2zt — V1 — azeg(ze,t)
v/ O ’

where €4 (-, ) denotes “e-prediction” diffusion model. When
producing new samples from a random noise z1 ~ A (0, I),
DDIM sampling (Song, Meng, and Ermon 2021) denoises z;
to z;_1 of previous timestep:

Zi1 =120 + /1 — o1 - €9(2e,t), (D)

Given a clean latent zo, DDIM inversion deterministically
inverts it into noise latent z:

zi = az—1)—o + V1 — o - €o(z-1, 1), &)

The inverted zp can reconstruct zg by iterating Eqn. 4.
Thanks to its capability in keeping structure, DDIM in-
version has been widely used in image and video editing
tasks (Hertz et al. 2022; Wu et al. 2023a).

Noise schedules and latent distributions. Noise schedules
are parameterized by {a;}7_; and define the noise scales at
different timesteps (Ho, Jain, and Abbeel 2020; Song et al.
2021). In general, T2V and T2I adopt different noise sched-
ules during training, i.e, {a) }; # {al}L . Therefore,
their noise latent codes belong to different noise distribu-
tions, and cannot be used as input for each other.

3)

Zt—0 =

4 VideoElevator

We introduce VideoElevator to enhance the performance of
T2V by integrating T2I into sampling chain, which consists
of temporal motion refining (in Sec. 4.1) and spatial qual-
ity elevating (in Sec. 4.2). Specifically, VideoElevator refor-
mulates the sampling step at timestep ¢ as follows: taking
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Figure 3: Overview of VideoElevator. Temporal motion refining uses temporal Low-Pass frequency Filter (LPF) to reduce
flickers and T2V-based SDEdit to add fine-grained motion, and then inverts the latent to z; with DDIM inversion. Spatial
quality elevating harnesses inflated T2I to directly transition 2; to z;_1, where self-attention of T2I is inflated into cross-frame
attention. To ensure interaction between T2V and T2I, noise latents are equally projected to clean latents with Eqn. 3.

noise latent z; as input, temporal motion refining encapsu-
lates T2V to enhance temporal consistency and inverts noise
latent to z;, so that spatial quality elevating directly har-
nesses T2I to transition it to higher-quality z;_1.

Since T2I and T2V are usually trained in different noise
schedules, their noise latent at timestep ¢ may belong to dif-
ferent distributions and cannot be fed into another model.
To ensure their interaction, we first project the output z; of
T2l and 2, of T2V into clean latent z; o and Z(;_ n)—0
with Eqn. 3. Then, we forward clean latent to the noise dis-
tributions required by T2V and T2I, but adopt DDPM for-
ward and DDIM inversion respectively. Benefiting from it,
VideoElevator supports the combination of various T2V and
T2I, as long as their clean latent distributions are shared (i.e,
same autoencoder).

4.1 Temporal motion refining

Temporal motion refining mainly involves in two aspects:
(i) enhance temporal consistency of video latent z;_,( using
T2V generative priors, and (ii) convert it to the noise dis-
tribution required by T2I. Firstly, the video decoded from
zi_o lacks reasonable motion and contains visible flick-
ers. With the power of T2V generative priors (Meng et al.
2021), it is possible to generate a video with natural mo-
tion, but challenging to remove its visible flickers (refer to
Fig. 6 (a)). Therefore, before using T2V generative priors,
we first transform z;_,( into frequency domain to reduce its
high-frequency flickers. Secondly, to preserve the motion in-
tegrity in (ii), we deterministically invert video latent into
the corresponding noise distribution of T2I.

Specifically, in Fig. 3, we first apply low-pass frequency
filter LPF(-) in z;—,( along the temporal dimension, which
computes more stable 2;_.¢:

-7:(Zt—>0) - FFTTe7np(zt—>0)7 (6)
F(21-0) = F(2150) © G, )
2t 40 = TFFTremp(F(2150)), ®)

where FFTremp(+) is the fast fourier transformation to map
z;—0 to the frequency domain, while IFFT 7y () denotes
inverse fast fourier transformation to map it back to the tem-
poral domain. G represents Gaussian low-pass filter mask
to diminish high-frequency flickers. Compared to spatial-
temporal LPF (Wu et al. 2023b), our temporal LPF not only
effectively stabilizes the video, but also has less negative im-
pact on spatial quality, e.g, more realistic details in Fig. 6.
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Albeit there are less high-frequency flickers in 2;_,¢, it is
insufficient to achieve vivid and fine-grained motion without
T2V generative priors. Inspired by (Meng et al. 2021), we
adopt T2V-based SDEdit to portray natural motion to 2; .
In particular, with T2V noise schedule {a} }7_,, we per-
form DDPM forward process in 2;_,( to calculate 2; (with
Eqgn. 1), and then iterates the T2V denoising process N
times to achieve desirable motion (with Eqn. 4), i.e, 2;_n
or Z(;—N)—0- Notably, when N is very small (e.g, N = 1),
the synthesized video only contains coarse-grained motion,
so we set N to 8 ~ 10 to add fine-grained one (refer to
Appendix B).

Finally, when inverting 2(;_ n)_,0 into the input noise dis-
tribution of T2I, we deterministically forward it to keep its
motion. Using the unconditional guidance (Ho and Salimans
2022) (i.e, null condition (), clean latent Z(t—N)—0 18 in-
verted from timestep 0 to timestep ¢:

€))

We use the inflated T2I model to perform DDIM inver-
sion (Song, Meng, and Ermon 2021) to ensure frame con-
sistency. In contrast, DDPM-based strategies potentially im-
pair the motion integrity of synthesized videos, e.g, leading
to all frames being identical or inconsistent in Fig. 7.

Empirically, applying temporal motion refining in just a
few timesteps (i.e, 4 ~ 5 steps) can ensure temporal con-
sistency (refer to Appendix B). To improve sampling effi-
ciency, we perform both temporal motion refining and spa-
tial quality elevating in selected timesteps, while performing
T2I denoising only in other timesteps.

Zy = Inversion(Z(—n)—0,0,t)

4.2 Spatial quality elevating

Given stablized latent z; from temporal motion refining,
spatial quality elevating leverages T2I to directly add high-
quality details. However, individually denoising all frames
with conventional T2I will lead to visible inconsistency in
appearance. Motivated by previous works (Wu et al. 2023a;
Khachatryan et al. 2023), we inflate T2I along the temporal
axis so that all frames share the same content.

Particularly, we extend the U-Net of T2I along the tempo-
ral dimension, including convolution and self-attention lay-
ers. The 2D convolution layers are converted to 3D counter-
part by replacing 3 x 3 kernels with 1 x 3 x 3 kernels. The
self-attention layers are extended to first-only cross-frame
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Figure 4: Qualitative results enhanced with foundational T2I. VideoElevator enhances T2V baselines with StableDiffusion V1.5

or V2.1-base in frame quality and text alignment.

attention layers by adding inter-frame interaction. For first-

only cross-frame interaction, frame latents 2, = {Z[i]} /'
(F is the number of frames) are updated as:
KT
Attention(Q, K, V) = Softmax(Q ).V, (10)

Vd

where Q =9 %i], K =X %[0}, and V =" %[0]. After-
wards, we directly utilize inflated T2I to add photo-realistic
details to z;, transitioning it to less noisy latent z;_; at
timestep t — 1:

zio1=+/al | Z 0+ /1—al -eé(it,y,t) + UtIEt.

1)

where ¢; is random Gaussian noise and o} controls its scale.

At each sampling step, spatial quality elevating employs
inflated T2I to provide realistic details to video latent. Com-
pared to T2V baselines, VideoElevator produces videos
whose frames are closer to T2I generated images, from the
perspectives of text alignment, quality, and aesthetic styles.

S Experiments
5.1 Experimental settings

Evaluation benchmarks. We evaluate VideoElevator and
other baselines in two benchmarks: (i) VBench (Huang et al.
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2023b) dataset that involves in a variety of content categories
and contains 800 prompts; (ii) VideoCreation dataset, which
unifies creative prompts datasets of Make-A-Video (Singer
et al. 2023) and VideoLDM (Blattmann et al. 2023b) and
consists of 100 prompts in total.

Automated metrics. We utilize five metrics to comprehen-
sively evaluate the performance of T2V: (i) Frame con-
sistency (FC) (Zhang et al. 2023c) that calculates the
mean CLIP score between each pair of adjacent frames;
(ii) Prompt consistency (PC) that computes the mean CLIP
score between text prompt and all frames; (iii) Frame qual-
ity (FQ) based on CLIP-IQA (Wang, Chan, and Loy 2023)
to quantify the perceived quality, e.g, distortions; (iv) Aes-
thetic score (AS) (Huang et al. 2023b) that assesses artistic
and beauty value of each frame using the LAION aesthetic
predictor; (v) Domain similarity (DS) (Guo et al. 2023) that
computes the mean CLIP score between all video frames
and a reference image.

5.2 Comparisons with T2V baselines

Qualitative comparison. In Fig. 4, VideoElevator visibly
improves the frame quality and prompt fidelity of synthe-
sized videos with either Stable Diffusion V1.5 or V2.1-base.
In row 1 and 2 of Fig. 4, VideoElevator makes the synthe-
sized videos align better with text prompts than ZeroScope
and AnimateDiff, e.g, lacking of aurora in the sky and a lone
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captures more faithful styles and photo-realistic details from personalized T2I.

lighthouse. Additionally, in row 3, the videos of VideoEle-
vator have more photo-realistic details than that of LaVie,
e.g, more colorful fireworks.

From Fig. 5, VideoElevator supports to inherit diverse
styles from personalized T2I more faithfully than the al-
ternative competitors. In contrast, personalized AnimateD-
iff (Radford et al. 2021) captures less-fidelity styles than
ours, since its temporal layers suffer from low-quality con-
tents in training videos. ZeroScope (Wang et al. 2023a) and
LaVie (Wang et al. 2023c) are not compatible with personal-
ized T2I, as they largely modify the parameters and feature
space of initialized T2I.

Quantitative comparison. In row 1 and 2 of Table 1, ex-
isting T2V lag far behind foundational T2I in prompt con-
sistency, frame quality, and aesthetic score. With the help
of VideoElevator, all T2V baselines are significantly im-
proved in aesthetic score and frame quality, with slightly
better frame consistency.

VideoElevator also effectively integrates high-quality T2I
into existing T2V, especially in increasing their aesthetic
scores. In row 4 and 5 of Table 5, VideoElevator is 0.043
higher than personalized AnimateDiff in terms of domain
consistency, i.e, capturing higher-fidelity styles, which is
consistent to qualitative results.

Human evaluation. We perform human evaluation in
VideoCreation dataset. We provide each rater a text prompt
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Method FC PC AS FQ

SDvl.5 \ 0.264 0.633 0.758
SDv2.1-base \ 0.263 0.646 0.714
ZeroScope 0983 0.245 0.561 0.517
+SDv1.5 (Ours) 0.987 0.252 0.603 0.576
+SDv2.1-base (Ours) 0.989 0.248 0.618 0.593
AnimateDiff 0.983 0.248 0.582 0.561
+SDv1.5 (Ours) 0.984 0.252 0.610 0.617
+SDv2.1-base (Ours) 0.985 0.252 0.621 0.621
LaVie 0.991 0.255 0.607 0.681
+SDv1.5 (Ours) 0.993 0.259 0.627 0.706
+SDv2.1-base (Ours) 0.992 0.256 0.632 0.702

Table 1: Quantitative results using foundational T2I on
VBench benchmark. The best and second best results are
bolded and underlined.

and two generated videos from different versions of a base-
line (in random order). Then, they are asked to select the bet-
ter video for each of three perspectives: (i) temporal consis-
tency, (ii) text alignment, and (iii) frame quality. Each sam-
ple is evaluated by five raters, and we take a majority vote
as the final selection. Table 3 summarizes the voting results
of raters. The raters strongly favor the videos from enhanced
baselines rather than their base version. In specific, VideoEl-
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(c) Spatial-temporal LPF

Figure 6: Qualitative ablation on low-pass frequency filter (LPF). (a) Not using LPF leads to incoherence in appearance (high-
lighted in red circle). (b) Using temporal LPF visibly improves temporal consistency without hurting frame quality. (c) Adding

both spatial and temporal LPF makes video frames blurry.

(a) Add same noise

A raccoon dressed in suit playing the trumpet.

(b) Add random noise

ALK AR

(c) DDIM inversion

Figure 7: Quantitative ablation on inversion strategies. We visualize synthesized frames and x-t slice of pixels in red line.

Method FC PC AS FQ DS

SD-LoRA \ 0.288 0.702 0.790 1.000
ZeroScope 0981 0.276 0.578 0.544 0.700
+SD-LoRA (Ours) 0.991 0.281 0.671 0.684 0.871
AnimateDiff 0.993 0.275 0.667 0.670 0.830
+SD-LoRA (Ours) 0.993 0.280 0.677 0.689 0.873
LaVie 0991 0.281 0.628 0.728 0.773
+SD-LoRA (Ours) 0.992 0.285 0.680 0.729 0.852

Table 2: Quantitative results using personalized T2I on
VideoCreation benchmark. The best results are bolded.

Method comparison ~ Temporal cons.  Text align. Frame qual.
Ours vs. ZeroScope 65% 81% 38%
Ours vs. AnimateDiff 62% 5% 86%
Ours vs. LaVie 61% 2% 81%

Table 3: User preference study.

evator manages to boost their performance in terms of text
alignment and frame quality.

5.3 Ablation studies

Effect of low-pass frequency filter. We probe its effect un-
der three settings: (i) without LPF, (ii) temporal LPF, and
(iii) spatial-temporal LPF (Wu et al. 2023b). Their experi-
mental results are shown in Fig. 6. In Fig. 6 (a), w/o LPF
results in appearance incoherency, e.g, disappearing black
tape. In contrast, adding LPF along temporal dimension
noticeably improves frame consistency. However, applying
LPF along both spatial and temporal dimensions visibly de-
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grades frame quality and aesthetic score, making frames
blurry and less detailed.

Effect of inversion strategies. We investigate three inver-
sion strategies in Fig. 7: (i) perturb all frames with ran-
dom noise (Eqn. 1), (ii) perturb all frames with same noise
(Eqn. 1), and (iii) DDIM inversion. Compared to adding
random noise, using DDIM inversion achieves better frame
consistency and more continuous z-¢ slice. In Fig. 7 (a), al-
beit perturbing with same noise obtains higher frame consis-
tency, it results in all frames becoming identical.

6 Conclusion

We introduce VideoElevator, a play-and-plug approach that
boosts the performance of T2V baselines with versatile T21.
VideoElevator explicitly decomposes each step into tempo-
ral motion refining and spatial quality elevating. Given noise
latent at timestep ¢, temporal motion refining leverages a
low-pass frequency filter to reduce its flickers, while apply-
ing T2V-based SDEdit to portray realistic motion. Spatial
quality elevating inflates the self-attention of T2I along the
temporal axis, and directly harnesses inflated T2I to pre-
dict less noisy latent. Extensive experiments demonstrate
the effectiveness of VideoElevator under the combination
of various T2V and T2I models. Even with foundational
T2I, VideoElevator significantly improves T2V baselines in
terms of text alignment, frame quality, and aesthetic score.
When integrating personalized T2I, it enables T2V baselines
to faithfully produce various styles of videos.
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