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ABSTRACT

Text-driven diffusion models have unlocked unprecedented abilities in image gener-
ation, whereas their video counterpart lags behind due to the excessive training cost.
To avert the training burden, we propose a training-free ControlVideo to produce
high-quality videos based on the provided text prompts and motion sequences.
Specifically, ControlVideo adapts a pre-trained text-to-image model (i.e., Con-
trolNet) for controllable text-to-video generation. To generate continuous videos
without flicker effects, we propose an interleaved-frame smoother to smooth the in-
termediate frames. In particular, interleaved-frame smoother splits the whole video
with successive three-frame clips, and stabilizes each clip by updating the middle
frame with the interpolation among other two frames in latent space. Furthermore,
a fully cross-frame interaction mechanism is exploited to further enhance the frame
consistency, while a hierarchical sampler is employed to produce long videos
efficiently. Extensive experiments demonstrate that our ControlVideo outperforms
the state-of-the-arts both quantitatively and qualitatively. It is worth noting that,
thanks to the efficient designs, ControlVideo could generate both short and long
videos within several minutes using one NVIDIA 2080Ti. Code and videos are
available at this link.

1 INTRODUCTION

Large-scale diffusion models have made a tremendous breakthrough on text-to-image synthe-
sis (Nichol et al., 2021; Rombach et al., 2022; Balaji et al., 2022; Ramesh et al., 2022; Saharia
et al., 2022) and their creative applications (Gal et al., 2022; Wei et al., 2023; Ni et al., 2022; Hertz
et al., 2022). Several studies (Ho et al., 2022b;a; Singer et al., 2022; Esser et al., 2023; Hong et al.,
2022) attempt to replicate this success in the video counterpart, i.e., modeling higher-dimensional
complex video distributions in the wild world. However, training such a text-to-video model requires
massive amounts of high-quality videos and computational resources, which limits further research
and applications by relevant communities.

In this work, we study a new and efficient form to avert the excessive training requirements: control-
lable text-to-video generation with text-to-image models. As shown in Fig. 1, our method, termed
ControlVideo, takes textual description and motion sequence (e.g., depth or edge maps) as conditions
to generate videos. Instead of learning the video distribution from scratch, ControlVideo adapts
the pre-trained text-to-image models (e.g., ControlNet (Zhang & Agrawala, 2023)) for high-quality
video generation. With the structural information from motion sequence and the superior generation
capability of image models, it is feasible to produce a vivid video without additional training.

However, as shown in Fig. 1, due to the lack of temporal interaction, individually producing each
frame with ControlNet (Zhang & Agrawala, 2023) fails to ensure both (i) frame consistency and (ii)
video continuity. Frame consistency requires all frames to be generated with a coherent appearance,
while video continuity ensures smooth transitions between frames. Tune-A-Video (Wu et al., 2022b)
and Text2Video-Zero (Khachatryan et al., 2023) facilitate appearance consistency by extending
self-attention to sparser cross-frame attention. Nonetheless, such a cross-frame interaction is not
sufficient to guarantee video continuity, and visible flickers appear in their synthesized videos (as
shown in Fig. 1 and corresponding videos).


https://github.com/YBYBZhang/ControlVideo
https://controlvideov1.github.io/#Qualitative comparisons
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Figure 1:Training-free controllable text-to-video generation. Left: We visualize the frames and
x-t slice (pixels in red line of original frame) of Text2Video-Zero, and observe visible discontinuity in
x-t slice.Right: ControlVideo, adapted from ControlNet, achieves more continneluslice across
time, along with improved appearance consistency than Text2Video-Zemvideos for better view.

Intuitively, a continuous video could be considered as multiple continuous three-frame clips, so the
problem ofensuring the video continuity is converted to ensuring all three-frame clips continuous
Driven by this analysis, we propose arterleaved-frame smoothéo enable continuous video
generation. Speci cally, interleaved-frame smoother divides all three-frame clips into even and odd
clips based on indices of middle frames, and separately smooths out their corresponding latents at
different denoising steps. To stabilize the latent of each clip, we rst convert it to predicted RGB
frames with DDIM, followed by replacing the middle frame with the interpolated frame. Note that,
the smoother is only applied at a few timesteps, and the quality and individuality of interpolated
frames can be well retained by the following denoising steps.

We further investigate the cross-frame mechanisms in terms of effectiveness and ef ciency. Firstly,
we explorefully cross-frame interactiothat concatenates all frames to become a “larger image”,
and rst empirically demonstrate its superior consistency and quality than sparser counterparts (see
Sec. 4.4). Secondly, applying existing cross-frame mechanisms for long-video generation suffers from
either heavy computational burden or long-term inconsistency. Therefhireraachical sampleis
presented to produce a long video in a top-down way. In speci ¢, it pre-generates the key frames
with fully cross-frame attention for long-range coherence, followed by ef ciently generating the short
clips conditioned on pairs of key frames.

We conduct the experiments on extensively collected motion-prompt pairs, and show that Con-
trolVideo outperforms alternative competitors qualitatively and quantitatively. Thanks to the ef cient
designs, ControlVideo produces short and long videos in several minutes using one NXOB@A.

In summary, our contributions are presented as follows:

» We propose training-free ControlVideo with interleaved-frame smoother for consistent and contin-
uous controllable text-to-video generation.

« Interleaved-frame smoother alternately smooths out the latents of three-frame clips, effectively
stabilizing the entire video during sampling.

« We empirically demonstrate the superior consistency and quality of fully cross-frame interaction,
while presenting a hierarchical sampler for long-video generation in commodity GPUs.

2 BACKGROUND

Latent diffusion model (LDM) (Rombach et al., 2022) is an ef cient variant of diffusion models (Ho

et al., 2020) by applying the diffusion process in the latent space. LDM uses an encoder to compress
an imagex into latent codez = ( x). It learns the distribution of image latent cod®s Pgata (Z0)

in a DDPM formulation (Ho et al., 2020), including a forward and a backward process. The forward
diffusion process gradually adds gaussian noise at each timesteptainz, :

. P
A(ztjze 1)= N(ze; 1 tz¢ 15 tl); 1)


https://controlvideov1.github.io/#Qualitative comparisons
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Figure 2: Overview of ControlVideo. For consistency in appearance, ControlVideo adapts
ControlNet to the video counterpart by adding cross-frame interaction into self-attention modules. To
further improve video continuity, interleaved-frame smoother is introduced to stabilize video latents
during denosing (see Alg. 1 for details).

wheref g/, are the scale of noises, aficdenotes the number of diffusion timesteps. The backward
denoising process reverses the above diffusion process to predict lesgnaisy

p (z¢ 1jzt) = N(z¢ 15 (zi;t);  (ze;t)): )

The and are implemented with a denoising modelwith learnable parameters When
generating new samples, we start fram N (0; 1) and employ DDIM sampling to prediet ; of
previous timestep:

p.__
z 1 Zit p—
Ztlzptl : pJ (2::) +|1 t{% (Zt;t;; 3
t
| {Z } “direction pointing toz "
“ predictedzo”
where ; = szl (1 i). We usez;, ¢ to represent “predictery” at timestept for simplicity.

Note that we use Stable Diffusion (SD)z;t; ) as our base model, which is an instantiation of
text-guided LDMs pre-trained on billions of image-text pairglenotes the text prompt.

ControlNet (Zhang & Agrawala, 2023) enables SD to support more controllable input conditions
during text-to-image synthesie,g, depth maps, poses, edgets; The ControlNet uses the same
U-Net (Ronneberger et al., 2015) architecture as SD and netunes its weights to support task-
speci ¢ conditions, converting (z¢;t; )to (z¢;t;c; ), wherec denotes additional conditions.

To distinguish the U-Net architectures of SD and ControlNet, we denote the formerrasithe)-Net

while the latter as thauxiliary U-Net

3 CONTROLVIDEO

Controllable text-to-video generation aims to produce a video of legtionditioned on motion
sequences = fc gi’\'=0 ! and a text prompt. As illustrated in Fig. 2, we propose ControlVideo

with interleaved-frame smoothéowards consistent and continuous video generation. ControlVideo,
adapted from ControlNet, adds cross-frame interaction to self-attention modules for frame consistency
(in Sec. 3.1). To ensure video continuityterleaved-frame smoothelivides all three-frame clips into

even and odd clips, and separately smooths out their corresponding latents at different denoising steps
(in Sec. 3.2). Finally, we further investigate the cross-frame mechanisms in terms of effectiveness

and ef ciency, including fully cross-frame interaction and hierarchical sampler (in Sec. 3.3).

3.1 PRELIMINARY

The main challenge of adapting text-to-image models to the video counterpart is to ensure temporal
consistency. Leveraging the controllability of ControlNet, motion sequences could provide coarse-
level consistency in structure. Nonetheless, due to the lack of temporal interaction, individually
producing each frame with ControlNet leads to drastic inconsistency in appearance (2@ row
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Algorithm 1 Interleaved-frame smoother

Require: z; = fpz{giNzol,c = fc'gl,?t, ,timestep.

12y o 1 p‘ft(z‘;t;c; ) . predict clean latents
2: Xy 0 D (zo o)iX¥t 0o Xt o . convert latents to RGB space
3 if then

4: ‘ for do

5:

6: elseif(t mod 2) =1 then . smooth all odd three-frame clipsf< o; x2<*3 ; x2<*2

7: for k from 0to N=2 do

8: L %2 Interpolatéx 2 o; x 22

9: 71 o (%t o) P . convert frames to latent space
10: z¢ 1 Tt 12t o+ 1 t 1 (zgtce ). . predict less noisy latent
11: return z; ¢

Fig. 5). Similar to previous works (Wu et al., 2022b; Khachatryan et al., 2023), we also extend
original self-attention of SD U-Net to cross-frame attention, so that the video content could be
temporally shared via inter-frame interaction.

In speci ¢, ControlVideo in ates the main U-Net from Stable Diffusion along the temporal axis,
while keeping the auxiliary U-Net from ControlNet. Analogous to (Ho et al., 2022b; Wu et al., 2022b;
Khachatryan et al., 2023), it directly converts 2D convolution layers to 3D counterpart by replacing
3 3kernelswithl 3 3kernels. Self-attention is converted to cross-frame attention by querying
from other frames as:

T )
Attention( Q; K ;V ) = Softmax( %a—) V;whereQ =Wz K =W"e:Vv=wW"g; (4

whereW 9, W ¥ andW Vv projectz; into query, key, and value, respectively. ande, denote
ith latent frame and the latents of reference frames at timéstéye will discuss the choices of
cross-frame mechanismisg, reference frames) in Sec. 3.3

3.2 INTERLEAVED-FRAME SMOOTHER

Albeit cross-frame interaction promisingly keeps frame consistency in appearance, they are still visibly
ickering in structure. Discrete motion sequences only ensure coarse-level structural consistency,
not suf cient to keep the continuous inter-frame transition. Intuitively, a continuous video could
be considered as multiple continuous three-frame clips, so we simplify the problem of ensuring the
video continuity to ensuring all three-frame clips continuous.

Inspired by this, we propose amerleaved-frame smooth#ps enable continuous video generation.

In Alg. 1, interleaved-frame smoother divides all three-frame clips into and odd clips based on
indices of middle frames, and individually smooths their corresponding latents at different timesteps.
To stabilize the latent of each clip, we rst convert it to predicted RGB frames with DDIM, following

by replacing middle frame with the interpolated frame.

Speci cally, at timestept, we rst predict the clean video latemt, ¢ according taz;:
Z P1 v (zitc ),
Zy 0= P :

(%)

Tt

After projectingz;, ¢ into a RGB videax;; ¢ = D(zt1 o), we convert it to a more smoothed video
Xt o by replacing each middle frame with the interpolated one. Based on smoothed video latent
Z1 o = E(¢u o), we compute the less noisy latent ; following DDIM denoising in Eq. 3:

. p—
Zy 1:p t 1Zn o+t 1 1 (zutc ): (6)

We note that the above process is only performed at a few intermediate timesteps, the individuality and
quality of interpolated frames are also well retained by the following denoising steps. Additionally,
the newly computational burden can be negligible (See Table 3).
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Figure 3: Qualitative comparisons conditioned on depth maps and canny edge©ur Con-
trolVideo produces videos with better (a) appearance consistency and (b) video quality than others. In
contrast, Tune-A-Video fails to inherit structures from source videos, while Text2Video-Zero brings
visible artifacts in large motion videoSee videos at qualitative comparisons.

3.3 CROSSFRAME MECHANISMS FOR EFFECTIVENESS AND EFFICIENCY

Fully cross-frame interaction. Previous works (Wu et al., 2022b; Khachatryan et al., 2023) usually
replace self-attention with sparser cross-frame mechanesmstaking the reference frames as rst

or previous frames. Such mechanisms will increase the discrepancy between the query and key in
self-attention modules, resulting in the degradation of video quality and consistency. In contrast,
fully cross-frame interaction considers all frames as referereelfecoming a “large image”), so

has a less generation gap with text-to-image models. We conduct comparison experiments on above
mechanisms in Fig. 5 and Table 3. Despite slightly more computational burden, fully cross-frame
interaction empirically shows better consistency and quality than the sparser counterparts.

Hierarchical sampler. Applying existing cross-frame mechanisms for long-video generation
suffers from either heavy computational burden or long-term inconsistency, limiting the practicability
of ControlVideo. For more ef cient long-video synthesis, we introduce a hierarchical sampler to
produce a long video clip-by-clip, which is implemented with two types of cross-frame mechanisms.
At each timestep, a long vide = fz{gi'\‘:0 ! is separated into multiple short video clips with the

selected key fram key — fzKN cgrc , where each clip is of lengtN. 1 and thekth clip is
€5 t Y=o

denoted a®f = fz{ gj(i+kl,\), CNfl . Then, we pre-generate the key frames viittly cross-frame

N
attention for long-range coherence, where reference framd%i’rer fzt"N °gp<, - Conditioned on

each pair of key framesg., reference frames di{"\' ¢ zt(k”) Ne g, we sequentially synthesize their

corresponding cliggk holding the holistic consistency.

4 EXPERIMENTS

4.1 BEXPERIMENTAL SETTINGS

Implementation details. ControlVideo is adapted from ControlNe{Zhang & Agrawala, 2023) ,
and our interleaved-frame smoother employs a lightweight RIFE (Huang et al., 2022) to interpolate

https://huggingface.co/lllyasviel/ControlNet
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